
TESTING LATENT VARIABLE MODELS WITH SURVEY DATA

(2nd Edition)

IN SUMMARY

The following provides a brief summary of the comments and suggestions made for each step in the six steps in theoretical model testing.

STEP I-- DEFINING MODEL CONCEPTS
o Conceptual definitions should be stated for each construct.

o Operational definitions of the concepts could also be provided to allow for contextual specificity of the sample or other contingencies in the study.

o All the important antecedents of each endogenous or dependent variable should be specified in the model (i.e., the model should exhibit high explained variance).

o Because of the potential for interpretation errors (i.e., the "missing variable problem"), interactions and quadratics should be considered even if previous theory is mute on their possible existence.

o "Interesting" models should include untested associations (i.e., they should contain new constructs and/or untested associations between previously modeled variables).

o "Important" constructs may be of more interest than models with constructs that are currently considered less "important." In addition, some constructs are more "politically correct" than others, and thus these models are of comparatively greater interest.

o Because second-order constructs can combine dimensions of a multidimensional construct and thus avoid item deletion, second-order constructs should be considered for measures that are multidimensional.

STEP II-- STATING AND JUSTIFYING RELATIONSHIPS AMONG CONCEPTS
o Overarching theor(ies) for the proposed model should be stated to provide unity of perspective for the model, and to avoid the appearance of a theoretically eclectic or unfocused model.

o Hypothesis can be formally stated, or a formal statement of an hypothesis hypotheses can be omitted (i.e., it is "woven into" its justification and discussion).

o Hypotheses should always be justified (i.e., argued to be true), including hypotheses that have been previously investigated. Justification should not rely solely on the fact that an association has been previously observed. 

o Indirect arguments can used to justify hypotheses (e.g., X is associated with Z, and Z is associated with Y, together imply that X is associated with Y). When using indirect justification, intermediate constructs (e.g., Z) may or may not be included in the model.

o Hypotheses involving organizations or firms can be justified using individual-level theory and the as-if assumption (i.e., firms behave as if they were individuals).

o Hypotheses can take many forms with respect to the relationship between two constructs, including that one "causes" the other. Because structural equation analysis cannot demonstrate causality, one form of hypothesis that may sidestep the inability of survey models to test causality is to state the hypothesized relationship as, "an in(de)crease in X is likely to be accompanied by an in(de)crease in Y," or "X is positively(negatively) associated with Y."

STEP III-- DEVELOPING MEASURES

o Existing measures should be used to reduce the time and effort required for new measure development, and to provide additional information on the their reliability and validity.

o New measures or modifications of existing measures are used to account for the context of the study, or because existing measures were judged invalid in the study context or their reliability was too low, or because there are no existing measures of a model construct.

o The reliability and validity of study measures observed in any previous study should be reported in the current study.

o Because acceptable reliability and validity in a previous study does not imply a measure's reliability and validity in subsequent studies, previously used measures should be shown to be valid and reliable in the current study.

o Measure validation data sets should be used to produce valid and reliable measures, which are then used with a different model validation data set that attempts disconfirmation of the proposed model. Thus, any measure validation studies conducted as part of the current study should be reported.

o Alternatives to mailed-out surveys for measure validation data sets include scenario analysis. They also include small pretests with measure adequacy assessed using the final test data (i.e., using the data also used to test the proposed model). 

o Item verb tense in a measure should be consistent to avoid psychometric problems such as multidimensionality. 

o Measure verb tenses should match the "directionality" of the structural model (e.g., if the U "points to" V and thus U is a "predictor" of V, the items of U should not be phrased in the future tense when the items of V are phrased in the past tense).

o Narrowly itemized (i.e., bloated specific) measures with only a few items that tap typically one facet of a target construct should be avoided. Approaches to avoiding such measures include using second-order constructs and the approaches involving unidimensional measures in the Maximum Likelihood exploratory (common) factor analysis sense discussed in Step V-- Validating Measures under Internal Consistency, External Consistency and Item Omission.

STEP IV-- GATHERING DATA
o The sampling frame from which the sample was drawn, and the details of the sampling procedure used to draw the sample from this sampling frame, should be fully described. Since the potential for nonresponse bias is high because response rates are typically low, care should be taken to report the profile of responses and that of the population on demographic and other variables if the study results are to be generalized to the study population.

o In interorganizational research several informants in an organization should be surveyed because a single individual typically has a limited and not infrequently biased view of their organization. If single informants are used in an interorganizational study a limitation of this study is that the informants' responses may not be representative of the firms surveyed.

o The number of cases used in the study should be adequate for the input covariance matrix to avoid over-fitting this matrix. Suggestions for sample sizing include several cases per (unique) input covariance matrix element, down to a minimum of 1; at least several cases per free parameter in structural equation analysis; and at least 200 cases. Remedies to inadequate sample size (e.g., because of nonresponse) include bootstrapping the input covariance matrix, and replacing the indicators of each construct by their sum as discussed in Step V-- Validating Measures under Internal Consistency, External Consistency and Item Omission. 

STEP V-- VALIDATING MEASURES
o Increasing the number of item scale points, using focus groups to develop item wording in the language of the study population, and pretesting the study protocol (e.g., cover letter, questionnaire, etc.) are easily implemented and effective in improving reliability and validity.

o As previously mentioned, the reliability and validity of each study measure should be evaluated and reported, regardless of whether or not it has been used previously, because reliability and facets of validity are actually sample-based statistics, and they will vary across samples.

o Conceptual definitions, items, and measure development details should be reported so readers can judge the content or face validity of each measure. Content or face validity in survey-data model tests is, or should be, subjectively gauged, even after a study is published.

o Average extracted variances (AVE's), and a full correlation matrix for the constructs should also be reported so that construct, convergent and discriminant validity can be judged by readers.

o Bootstrapping the data can be used to gauge the generalizability of the reliability and facets of validity of the study measures.

o New measures should have reliabilities and AVE's above .80 and .55, respectively, to improve the likelihood that their population values for AVE are above .5, the cutoff for acceptable AVE, and because it is possible for a measure to have a reliability above .8 yet have an AVE below .5.

o Internal consistency for a measure can be attained by item omission using summed first derivatives from the single construct measurement model for the measure.

o External consistency can also be attained by item omission using summed first partial derivatives from the full measurement model containing all the measures.

o However, omitting items to attain internal and external consistency in structural equation analysis should be avoided. It can reduce the content or face validity of the measure from which items are omitted, and it can change the observed results of the model test. Alternatives include substituting unidimensional measures (in the Maximum Likelihood exploratory factor analysis (MLEFA) sense) for internally consistent measures. They also include summing a unidimensional (in the MLEFA sense) but internally inconsistent measure, and using a single averaged indicator for its construct (see Step V-- Validating Measures under Internal Consistency, External Consistency and Item Omission).

o The largest indicator loading for a latent variable should be fixed at 1 to provide a metric for that latent variable. Providing a metric by constraining the variance of a latent variable to 1 or analyzing a correlation matrix should be avoided because the resulting standard errors are formally incorrect.

o The input data should always be verified (i.e., are the input covariances shown in the structural equation analysis output, for example the "COVARIANCE MATRIX TO BE ANALYZED" in LISREL, the same as they were in SAS, SPSS, etc.?) and any input errors should be corrected.

o Measurement model specification should always be verified (e.g., does each latent variable have a metric, are the loadings all one or less, are the indicators connected to the proper latent variable, are the latent variables properly correlated, if there are fixed parameters are they properly specified, etc.?) and any misspecification should be corrected. 

o Model-to-data fit should be verified only after any input data errors and model specification errors have been corrected.

o Maximum Likelihood (ML) estimation should be used for measurement models.

o The indices used to assess model‑to‑data fit should probably include the chi‑square statistic, GFI, AGFI, CFI, and RMSEA.

o The admissibility of measurement model parameter estimates should always be verified. For example, indicator loadings should all be less than or equal to one. The variances of the latent variables and the variances of the indicator measurement errors should all be positive. The R2's of the indicators should all be positive, and the standardized variances of the latent variables should all be 1.

o Model-to-data fit indices and parameter estimates (i.e., loadings, measurement errors, and construct variances and covariances) from a full measurement model (i.e., containing all the study constructs) should be reported so readers can verify the  consistency/unidimensionality, reliability and Average Variance Extracted of the study constructs.

o Adding a few dichotomous or other categorical variables to a measurement model with real world data should present no special difficulties in the process of attaining external validity in a real world survey data model.

o Missing data should be handled by simply dropping each case that contains missing data.

STEP VI‑‑ VALIDATING THE MODEL
o Structural equation analysis (e.g., using LISREL, EQS, etc.) should be used to estimate a survey model. However, if regression is used measures should be highly reliable (e.g., probably above .95) to minimize regression's potential for bias and inconsistency.

o Maximum Likelihood (ML) estimation should be used for the structural model. If a borderline (non)significant association obtains (i.e., a t-value in a neighborhood of 2), the model should be re-estimated using a less distributionally dependent estimator such as ML‑Robust (in EQS only) to verify these (non)significances because survey data are likely to be nonnonnal, and ML estimates of standard errors and chi‑square statistics are believed to be nonrobust to departures from nonnormality.

o The indices used to assess model‑to‑data fit should probably include the chi‑square statistic, GFI, AGFI, CFI, and RMSEA.

o Model‑to‑data fit indices, the explained variance in the model, and the structural coefficients and their significances in the model should be reported.

o Model fit can be improved slightly by reducing nonnormality, and it can be improved considerably by specifying correlated exogenous variables.

o Correlated structural disturbance terms will also improve model fit. While they probably should not be correlated without theoretical justification, structural disturbance intercorrelations should be investigated after the hypothesized structural model has been estimated, because of the potential with uncorrelated structural disturbance terms for structural coefficient bias and false negative (Type 1) and false positive (Type II) findings.

o If it has not been done previously, the input data should always be verified (i.e., are the input covariances shown in the structural equation analysis output, for example the "COVARIANCE MATRIX TO BE ANALYZED" in LISREL, the same as they were in SAS, SPSS, etc.?) and any input errors should be corrected.

o Structural model specification should always be verified (e.g., does each latent variable have a metric, are the loadings all one or less, are the indicators connected to the proper latent variable, are the exogenous latent variables properly correlated, do latent variable intercorrelations duplicate structural paths, if there are fixed parameters are they properly specified, etc.?) and any misspecification should be corrected.

o Structural model-to-data fit should be verified only after any input data errors and model specification errors have been corrected.

o The admissibility of structural model parameter estimates should always be verified. For example indicator loadings should all be less than or equal to one (it is possible for the loadings to change between the measurement and structural models). The variances of the latent variables and the variances of the indicator measurement errors and the structural disturbance terms should all be positive. The R2's of the indicators and the structural equations should all be positive, the standardized variance estimates of the latent variables should all be 1, and the standardized estimated of the structural coefficients should all be between -1 and +1. 

o The risks from estimation error, the error inherent with estimation techniques when the assumptions behind them are violated, should be acknowledged in the limitations section. These assumptions include that all important antecedents of the model's dependent or endogenous variables are included in the model, that all the variables are continuous (i.e., they are all measured using interval or ratio scales), that all 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 almost always violated in real world survey model validation studies, and the results of these violations can be structural coefficient estimates that are biased and inefficient, it is risky to generalize the study's observed significant and nonsignificant associations to the study population.

o Missing values in cases should not be "imputed," and cases with missing values should be handled by deleting these cases. 

o Because disconfirmed or wrong‑signed observed associations can be the result of an interaction or quadratic in the population equation, interactions and quadratics should be investigated after the hypothesized structural model is estimated to help explain any nonsignificant associations in the model, and to interpret the significant associations (as is typically done in experimental studies analyzed with ANOVA).

o Because indirect effects (i.e., associations) can be significant when direct effects/associations are not, or total effects/associations 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.

o A few dichotomous or other categorical exogenous or independent variables added to a structural model with unidimensional latent variables in real-world data should present no special difficulties in the process of obtaining structural model-to-data fit or drawing inference (i.e., are associations disconfirmed), unless they produce t-values that are in a neighborhood of 2. In that case the best approach may be to set a higher threshold for significance for an association between a categorical variable and another noncategorical variable (e.g., the t-value must be greater than or equal to 2.5).

o Artifacts of empirical indistinctness such as unexpectedly large associations can be avoided by gauging construct distinctness (i.e., by assessing discriminant validity).

o Interpretations of significant interactions/quadratics should involve a table that shows a range of values for the interacting or quadratic variable, along with significances, rather a graphs as is done in ANOVA studies.

o Care must be taken in interpreting "confirmed" associations in survey model tests. Because it is believed that causality cannot be demonstrated with survey data, even when structural equation analysis is involved, interpretations of "confirmed" hypotheses that state or imply that X influences Y should be avoided because survey-data models are believed to test association rather than causality. Further, cross-sectional surveys typically argue and state intrasubject relationships among constructs (e.g., as X increases Y increases), but they test intersubjective relationships (e.g., as X increases from subject to subject Y increases). Relationships "confirmed" using these inter-subject (cross-sectional) tests are typically assumed to hold intrasubjectly, and the observed relationships were interpreted as though they were intrasubject test results. However, this type of generalization is known to be unjustified because hypotheses "confirmed" using a cross-sectional design have subsequently been disconfirmed using an intrasubject test. As a result, the limitations of a survey data (i.e., an intersubject) test of an intrasubject hypothesis should be noted, and additional disconfirmation tests that include intrasubject tests should be called for.

o Because multiple attempts at model disconfirmation are desirable in survey research, multiple-studies-per-article should be reported for surveys. Alternatives to conducting multiple mailed-out surveys include conducting one or more scenario analyses.

o Remedies to over-fitting the input covariance matrix, besides increasing the number of cases, include bootstrapping the input covariance matrix, and replacing the indicators of each construct by their sum (see Step V-- Validating Measures under Internal Consistency, External Consistency and Item Omission). 

LIMITATIONS AND FUTURE RESEARCH

LIMITATIONS
The extensive review of model testing articles upon which many of the comments concerning present practices in survey model testing was qualitative, and it did not report, for example, tallies of problems by year. This review was also limited to articles in a single Social Science discipline, research in Marketing, rather than a sampling of Social Science disciplines. Nevertheless, tallies of problems by year, for example, originally was an objective of the article review. However, after nearly a year had been consumed reviewing substantive articles from 1980 to the present I discovered it was almost certain that several journals and years had somehow been counted more than once. After many attempts to correct this error and just as many dead ends, I concluded that the tallies and their attendant statistics were unreliable and there was no credible way to correct this error short of completely re-conducting the article reviews. Ultimately I decided to utilize the qualitative approach taken in the monograph. Despite the obvious shortcoming of a qualitative review, I found there was still much to comment on, as the monograph suggests. I was also pleasantly surprised to find the omission of tabulations appeared to improve the readability of the resulting presentation, and it appeared to allow a more positive and results-oriented presentation than might otherwise have been possible. 

The choice of research in Marketing as the discipline within which survey data testing practices were evaluated was obviously a convenient "sample" from a quantitative point of view. However, in qualitative research this type of "sample" is apparently quite common, and there it is referred to as a case (see Guba and Lincoln, 1985). In many ways the survey data testing practices in research in Marketing provided an ideal case. For example, and as implied in the comments regarding OLS regression, at least one journal in Marketing still publishes OLS Regression analyses of survey model tests, even when the variables in the model are obviously measured with error. Yet, research in Marketing was among the first to embrace structural equation analysis (e.g., Bagozzi, 1980a,b). And, as mentioned earlier, empirical research in Marketing follows the same practices and conventions for theoretical model testing as the other branches of the Social Sciences. Thus, I believe this monograph and its suggestions have application across the Social Sciences.

A material limitation of the monograph, given the recent interest in interactions and quadratics in survey models, is the lack of detail for specifying, estimating and interpreting interactions and quadratics. Nevertheless, these details are available elsewhere and the interested reader is directed to Ping (2003b) for an extensive discussion, with examples, of the omitted material on interactions and quadratics in survey model tests. 

Several anonymous reviewers of this monograph have rightly objected to the suggestions in it that are based on personal experience and anecdotal evidence, rather than on published research. While this is also a limitation of the monograph, it is also an indirect criticism of the "state of the art" of survey data model testing because in cases where this was done there was no applicable research and/or other guidance. The next section discusses these matters in more detail. 

FUTURE RESEARCH

As suggested in several places in the monograph, there are areas where additional work on the process of testing survey models is needed. The following summarizes these areas in no particular order of importance. In a few cases I have provided remarks to suggest possible avenues of addressing these uninvestigated matters.

The first derivative procedure for finding maximal subsets of consistent items was not shown to always produce the largest subset of consistent items. While the example in Appendix E is suggestive and my own experience suggests the procedure produces one or more maximal subset of consistent items, a proper demonstration would involve recovering a known factor structure in simulated data sets.

Throughout the monograph a distinction was made between unidimensionality (i.e., having only one underlying construct--see Burt, 1973; Hattie, 1985; and Jöreskog, 1970 and 1971--typically demonstrated by the items clustering together in a single factor in exploratory factor analysis) and internal consistency (i.e., the single construct measurement model fitting the data), and it was stated that internal consistency is usually not attainable in real-world data with measures that have more than approximately six items. Nevertheless, it would be interesting to formally sort these matters out. My own experience with real-world data suggests that (Maximum Likelihood) exploratory factor analysis and single construct confirmatory factor analysis (i.e., a single factor measurement model) produce parameter estimates (loadings, chi-square statistics, etc.) that are remarkably similar, even for measures with far more than six items. Thus in real-world data internal consistency may simply be a stricter form of unidimensionality in the exploratory factor analysis sense (i.e., consistent items are always unidimensional, but unidimensional items are not always consistent in real-world data). This, coupled with the result suggested by the example in Appendix N that in real-world data, parameter estimates from measures that do not fit the data may still be useful, suggest that some of the current concern over consistency and lack of fit due to inconsistent measures (but not structural model misspecification) may not be that important after all. In turn this may have important ramifications for survey model testing. For example, older measures that because they contain more than six items cannot be used with structural equation analysis without extensive item deletion, could still be used if they were still unidimensional in the exploratory factor analysis sense (although without new structural model fit statistics it would be difficult to isolate structural model fit problems from measurement model lack of fit). 

The efficacy of summing items to create a single summed indicator for a first-order latent variable (i.e., for a latent variable that is not an interaction or a quadratic), and the various loading and measurement error specifications were not formally demonstrated for single indicator structural equation analysis or error adjusted regression. Although published results in (Ping 1996b) from Monte Carlo simulations to demonstrate the efficacy of this approach for interactions and quadratics suggested that summed single items asymptotically reproduced known structural coefficient estimates for first-order variables across a range of conditions encountered in survey model tests, these simulations should be repeated without the presence of interactions or quadratics to demonstrate that their presence does not influence the recovery of known structural coefficents.

In the summary and suggestions for Step VI--Validating the Model it was suggested that regression may still be useful for very reliable measures in real-world data (e.g., measures with reliabilities of .9 and above using real-world data). However, the example in Appendix B appeared to suggest otherwise (however, while the other measures had reliabilities above .9, the measures for V and Y had reliabilities of .80 and .85 respectively). As previously suggested, I am not aware of any studies that compare OLS regression to structural equation analysis in real-world data situations to determine what, if any, situations would permit the use of OLS regression with fallible measures. My own experiences suggest that Average Variance Extracted, and possibly intercorrelations among the independent variables and explained variance, may be more important than reliability when it comes to the interpretational equivalency of OLS regression and structural equation analysis in real-world data situations.

Anecdotal evidence occasionally suggests that theoretical model testing is also conducted by practitioners (e.g., fee paid social science researchers who contract with firms or institutional clients, "think tank" researchers, etc.). Such evidence also contains reports that these researchers are able to develop measures that contain substantially less error, in the sense of reliability and average variance extracted, than are usually attained by academic researchers. While this may or may not be the case, it would be interesting to investigate the practices of non-academic researchers in the area of theoretical model testing. For example, I am aware of practices among practitioners that are actually recommended for all survey model tests (e.g., the use of focus groups to develop measures--see Churchill, 1979; debriefing and protocol analysis—see Dillon, Madden and Firtle, 1987; and measuring importance weights to compare, for example, computed affect with measured affect and thus improve its itemization--see Fishbein and Ajzen, 1975), but which may have been forgotten by academic researchers.

Again based on anecdotal evidence, practitioners may combine pretest data with final test data to increase sample size and improve asymptotic correctness, standard errors, etc. in their survey model tests. This suggests two empirical questions: Under what conditions can pretest data be combined with final test data? And, what remedies, if any, should be applied to the typically empirically small data sets used in survey model tests to improve asymptotic correctness, etc.? There are suggestions in methods texts regarding combining data sets (e.g., both samples should be "representative," the covariance matrices should be "the same," etc.), but I am not aware of any formal study of this matter. To improve asymptotic correctness, a bootstrapped covariance matrix could be used (see Jöreskog and Sörbom, 1996a:173, 185; and Bentler, 1989:76). However, there is no guidance on, for example, how many cases should be randomly removed (I suggested 10%--see Bootstrapping in Step V), or how many replications should be obtained (I suggested 100). Thus, a formal investigation of this matter might be useful.

Bootstrapping was also suggested to obtain confidence intervals for reliability and Average Variance Extracted  statistics. However, the above comments regarding lack of specific guidance for conducting bootstrapping also apply in this application. Thus it might also be useful to formally investigate bootstrapping in this area as well.

Returning to the subject of pretests, I suggested the use of Scenario Analyses as additional pretests (see Step III--Developing Measures). While the Appendix H results suggest the utility of Scenario Analyses, their efficacy in "debugging" new measures has not been formally studied as far as I know. Given the well-known practical difficulties of conducting extensive pretesting of new measures, it might be useful to formally investigate the use of Scenario Analysis for new measure development.

The difficulty in structural equation analysis of not being able to easily test "directionality" (i.e., is it A → B or A ← B?) is indeed unfortunate. The problem is that models with reversed paths typically have trivially different chi-squares when compared to the original model, and there are no fit indices that I know of that will help in such cases for sorting out "directionality." I suggested probing directionality using modification indices, but the efficacy of this approach has not been formally evaluated. It might therefore useful to investigate this and/or other approaches to determining directionality in structural equation models. 

In several places I used the phrases "just significant," "approaching significance" and "in a neighborhood of…," all in connection with significance and implicitly using the customary cutoff for significance in survey model testing of t-value = 2. It is well known that the use of "t-value = 2" as the decision rule for determining significance (i.e., the likelihood that an association or structural coefficient observed to be nonzero in the sample is likely to be nonzero in the population equation), is arbitrary. Stated differently, it is likely in real-world surveys that with a larger sample the standard error will be smaller (unless one or both samples are grossly nonrepresentative) because the standard error is a function of sample size, a structural coefficient with a t-value that "approaches significance" but is judged nonsignificant may nevertheless be very likely to be nonzero in the population equation. Thus because "nonsignificance" in survey model testing could be characterized as being an arbitrary decision, disconfirmation in survey model testing could be characterized as being an arbitrary decision. Thus, the customary interpretation assigned to a nonsignificant association between, for example, X and Y that there is no association between X and Y (i.e., the structural coefficient is likely to be zero) is likely to be incorrect if this association has a t-vale that "approaches significance." The association is simply likely to be very small and thus it is likely to be not very "significant" in comparison to other "more significant" (i.e., larger) associations. I could go on to, for example, the implications of this for stating hypotheses in survey models, additional implications of this for interpreting nonsignificant hypothesized associations, etc., but it seems clear from the articles reviewed that additional thought on the nature of disconfirmation in survey models might be useful. 


Second-order latent variables were discussed in several places and suggestions were made regarding their specification (see Appendices J and N). Although second-order latent variables were conspicuous by their absence in the articles reviewed, it might be interesting to formally evaluate these suggested specifications, especially in the case of a second-order interaction. A proper investigation would involve simulated data sets with known population parameters, and comparisons of the averages of estimated parameters across these simulated data sets to the known population parameters (i.e., do the estimated parameter averages appear to converge asymptotically to the known population values?) under various real-world conditions (e.g., reliability, sample size, etc.)?

Missing data was discussed in Step V--Validating Measures, with the observation that there is little guidance for remedying it in survey model tests. Given the empirically small data sets that are common in survey model tests, it is tempting to call for more work in this area with the objective of providing recommendations to survey model testers for remedying missing data. However, given the amount of work that has already gone into this topic, with the result that the best overall course of action may be to simply drop cases with missing data, it may make more sense to call for more work in the area of reducing missing data, and more work in an area that might make the effects of missing data less irritating, reducing nonresponse. 

(end of section)
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