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STEP II-- STATING AND JUSTIFYING RELATIONSHIPS AMONG CONCEPTS
The next step in testing latent variable models with survey data involves stating and justifying the relationships among concepts in the model. Ideally, this second step should also include identifying the overall theoretical perspective that frames the proposed model, and attention to the form of the hypotheses.

OVERALL THEORETICAL PERSPECTIVE
Thanks to calls for increased attention to Social Science as theory (e.g., in Marketing, Converse, 1945; see Hunt, 1976), latent variable-survey model testing studies are unlikely to be atheoretic or lacking in any theoretical grounding. Typically a proposed survey model is or can be framed by one or more theoretical perspectives. However, the proposed models in the articles I reviewed were not always framed by an overall theoretical perspective. While obviously not a fatal flaw, models in these articles without a theoretical perspective seemed to lack unity of perspective, and as a result in many cases they seemed to be theoretically eclectic and unfocused. In some cases lack of attention to theoretical perspective(s) appeared to produce a model that was missing important antecedents or consequences of the focal variables.

Theoretical perspectives in the Social Sciences are numerous, and include cognitive orientations (e.g., reasoned action, see Fishbein and Ajzen, 1975) (see Steiner, 1980), reinforcement orientations (such as social exchange, see Anderson and Narus, 1984), and field-theoretic orientations (such as political-economy, see Stern and Reve, 1980), to name just a few. Even when a theoretical orientation is not stated, proposed models in the Social Sciences frequently appear to assume a cognitive orientation. That is, they assume subjects will behave rationally. For discussions of theoretical perspectives see for example Fiske and Taylor (1991), Pfeffer (1982), and Shaw and Costanzo (1982), and Stern and Reve (1980).

STATING AND JUSTIFYING HYPOTHESES
With or without a stated theoretical orientation, in survey model validation studies hypotheses are developed, and usually formally stated. Important matters in stating hypotheses include their form and their justification.

FORM

Hypotheses link constructs. For example the constructs relationship Satisfaction and relationship Exiting could be hypothesized to be linked as follows: "H1: Relationship Satisfaction is negatively associated with relationship Exiting;" "H1: Relationship Satisfaction reduces relationship Exiting;" etc. Despite the wording, however, what is actually tested in survey-data models is considerably weaker than the wording suggests. 

There has been considerable discussion in the social sciences about model testing and the determination of causality. Although not everyone would agree, in general neither experiments nor surveys can demonstrate causality (see Bollen, 1989; Sobel, 1996). Experiments are vulnerable to unknown or uncontrolled antecedents of the dependent variable in the experiment. Surveys are vulnerable to unknown or unmodeled independent or exogenous variables, and surveys usually lack temporal ordering. Yet hypotheses (and as we will see later, the structural model) in a survey-model test frequently suggests directionality or causality. Nevertheless, one view of hypotheses in a survey model that may avoid the issues surrounding causality and its testing is that the hypotheses suggest "likelihood" (see Sobel, 1996). Specifically, stated or implied directionality in the hypothesized between Satisfaction (X) and Exiting (Y) could be viewed as, a change in X is likely to be accompanied by a change in Y. In different words regardless of how the hypothesis is stated, causality should not be inferred because X and Y may be changing jointly (i.e., they may both be responding to a third unmodeled variable Z) and the linkage between X and Z is at best weak (i.e., Y is only likely to change with a change in X).

Hypothesized associations in survey model tests are also frequently diagramed and discussed as though they were directional or causal (e.g., Figure A -- see for example Netemeyer, Johnson and Burton, 1990; John, 1984). Further, they are specified for estimation in a structural equation model as though they are directional or causal (e.g., they use an arrow between, for example, X and Y). Indeed structural equation models were once termed (and perhaps as a result (still) believed to be) "causal models" (e.g., Bagozzi, 1980b, Causal Models in Marketing; Berry, 1984, Nonrecursive Causal Models; Busemeyer and Jones, 1983, "Analysis of Multiplicative Combination Rules When the Causal Variables are Measured With Error," Kenny, 1979, Correlation and Causality; James, Mulaik, and Brett 1982, Causal Analysis; among others). Nevertheless, it is well known that reversing the specification of the direction of the path between X and Y, for example, in structural equation model usually produces only a trivially small change in model-to-data fit (i.e., X → Y and Y ← X fit the data equally well, and thus both models are equally likely), and thus structural equation analysis is now believed to be unable to determine directionality or causality between X and Y.

Perhaps because of this confusion over causality, several practices are followed in stating hypotheses.  Hypotheses are occasionally "woven into" a general discussion of the relevant literature (i.e., not formally stated) (e.g., in Marketing, Anderson and Narus, 1984; Bagozzi, 1980a; John and Weitz, 1989). Constructs are also hypothesized to be associated (e.g., "there is a negative association between relationalism and promises," (Boyle, Dwyer, Robicheau and Simpson, 1992); "for male and female salespeople, there will be positive relationships between supervisory contingent reward behaviors and job satisfaction," (Schul, Remington and Berl, 1990)). Finally, directionality in relationships between constructs can be implied (e.g., "greater role conflict and ambiguity leads to increased job tension, which has a negative impact on job satisfaction," (Netemeyer, Johnson and Burton, 1990); "greater munificence fosters less formalization," (Dwyer and Oh, 1987)).  In this last case the directionality implied by the verb "fosters" seems semantically weaker than causality, because it suggests when A increases B is likely to increase.

Several comments concerning causality and hypotheses may be of interest. In the articles I reviewed the results of survey-model tests were usually interpreted as though the associations were directional or causal. However as previously discussed, directionality or causality is difficult to impossible to demonstrate in survey-model tests. Thus, any directional or causal relationships implied or stated in hypotheses, diagrams, or the specification of a model are usually not adequately tested for "confirmation"
 using a survey model, and thus any conclusions drawn from a model test should not involve imputations of causality. Specifically, statements such as "greater X leads to/fosters/etc. increased Y," or "reducing X is likely to increase/decrease Y," etc. are unwarranted because these statements of causality are usually not properly tested in survey data even when structural equation analysis is used. More appropriate statements include "increased X was accompanied by increased Y," or "X was negatively/positively associated with Y." Parenthetically, note the use of the past tense. For reasons that will be discussed later, the next study may or may not produce the results observed in the present study. Thus, the strongest statements that are warranted by a "confirmed"/not disconfirmed hypothesis in a survey-data test are similar to "the study results suggest that increased X is accompanied by increased Y," or " the study results suggest that X is negatively/positively associated with Y."

However, causality can be disconfirmed with survey-data models. The logic is as follows: If X and Y are not associated with each other, then X cannot cause Y, or vice versa. Nevertheless, because the focus in survey-data model testing is usually on "confirming" (i.e., failing to disconfirm) hypotheses, rather than on disconfirming them (i.e., disconfirmation is attempted, which when it fails begins to establish confirmation in a stronger sense), the above comments regarding care in the treatment of causality with survey-data models are appropriate.

Hypotheses may or may not stipulate the form of an association. An hypothesized association such as "H1: X is positively associated with Y" could be true (i.e., the association exists or is non zero in the population model) for several forms of the association including a linear association (i.e., as a correlation, Y = b1X, the usual specification of an association in structural equation analysis). However, X could be positively associated with Y in a quadratic association (i.e., increases in X are likely to be associated with diminishing increases in Y--diminishing returns--or increases in X are likely to be associated with increases in Y that become larger as X increases--increasing returns). Quadratic associations are of the form Y = b1'X + b2XX or Y = (b1' + b2X)X (i.e.,. the coefficient of X is (b1' + b2X)). That X is positively associated with Y could also be true for a moderated association (i.e., the association between X and Y is of the form Y = b1'' + b3XZ or Y = (b1'' + b3Z)X (i.e.,. the coefficient of X is (b1'' + b3Z)). Other forms of the X-Y association are also possible.

Stated differently, the hypothesis "H1: X is positively associated with Y" could mean either that the association should be of the form Y = b1X, or that X is (somehow) positively associated with Y (i.e., the form is either unknown, of lesser interest, or it could vary across studies). This distinction was seldom made clear in the articles reviewed. As a result it appeared that many authors did not consider the connection between the form of an hypothesis and the form of its test (e.g., as Y = b1X, Y = b1'X + b2XX, etc.). In fact, it seemed plausible that many hypothesized but disconfirmed associations could have been "confirmed" (i.e., disconfirmation fails) by specifying the association in another form (e.g., as a quadratic, etc.), and vice versa. In different words, the disconfirmation of most of the hypothesis in the articles reviewed did not appear to be adequately tested.

Thus ideally, hypotheses should be stated in their intended form. In different words, if an association should be of the form Y = b1X, then "H1: X is positively associated with Y" is appropriate. However, if the association should be quadratic (i.e., of the form Y = (b1' + b2X)X) or moderated (i.e., of the form Y = (b1'' + b3Z)X) a different hypothesis should be stated (e.g., "H1: X is positively associated with Y with diminishing returns" or "H1a: X is positively associated with Y, and H1b: Z moderates the association between X and Y").

An alternative that is used with models tested with experimental data and ANOVA, but is curiously labeled "unscientific" when it is used for the same purposes with survey data, is to investigate the form of an hypothesized association as an unhyopthesized matter. In experiments analyzed with ANOVA, (all possible) interactions/moderation and quadratics are routinely not hypothesized but nevertheless estimated to help interpret the study results. The implicit logic is that the form of a particular hypothesized association is either unknown or of lesser interest, or it could vary across studies. Not surprisingly this "ANOVA-like" approach was almost never seen the articles reviewed. Nevertheless, this "ANOVA-like" approach could be used in survey-data tests by stating "H1: X is positively associated with Y," testing this hypothesis using Y = b1X, then re-testing using Y = b1'X + b2XX and Y = b1''X + b3XZ. Perhaps curiously, in Y = b1X, b1 could be nonsignificant in a study while b2XX and/or b3XZ could be significant. Because this and other combinations of significance may be rather likely, this approach will be discussed further in Step VI-- Validating the Model. 

JUSTIFICATION
Hypotheses are justified using arguments typically appearing before the hypothesis is stated. For hypotheses that have been stated previously (i.e., in previous research, either as propositions that have yet to be tested, or as hypotheses that have been previously investigated) it is usually sufficient to summarize the supporting arguments that have been made elsewhere (i.e., in previous writings). Novel (i.e., new) hypotheses, while they can sometimes be obvious and require little justification, frequently are not particularly obvious, and thus they can require considerable explaining and justification. For example it is not immediately obvious that (or how) Satisfaction should be positively associated with Voice (complaint behavior).

Novel hypotheses can arise from two constructs that were observed in a previous study to be associated in a direction opposite that which was hypothesized (e.g., they were hypothesized to be positively associated and they were observed to be negatively associated). In this case a cogent explanation for the previously observed (novel) results would enable the statement of a novel (i.e., new) hypothesized direction for this association.

Novel hypotheses can also involve two constructs that have not been previously proposed to be linked. For example, Switching Cost (the "costs" of ending the current relationship and establishing a replacement one) might be argued to reduce relationship Satisfaction. Novel hypotheses can also involve the direction of the linkage between two constructs. For example, two constructs that have been linked in one direction could be argued to also be linked in the opposite direction. For example, Voice might also be argued to increase Satisfaction. Such relationships are termed "nonrecursive" or bi-directional in the language of structural equation models--Satisfaction increases Voice and Voice increases Satisfaction--and these relationships will be discussed further later. 

Theoretical perspectives may be useful in these cases for supporting (i.e., grounding) not-particularly-obvious hypotheses. Theoretical perspectives frequently provide a wide range of assumptions, comments and observations, and predictions that can be used to argue for and thus (verbally) support these hypotheses. 


Frequently, however novel hypotheses require indirect arguments. For an hypothesis such as X is linked to (associated with) Y, an indirect argument would be one that proceeds as follows: "X is linked to Z, and Z is linked to Y, implies that X is linked to Y." While this is a direct application of the well-known transitive law of Aristotelian logic and mathematics (i.e., A implies B and B implies C together implies that A implies C, and A = C = B implies that A = B), such arguments can be tedious (e.g., difficult to follow--especially with several intervening variables), and perhaps as a result, they can be less convincing than an argument that X is directly linked to Y.

There is also the matter of what to do with construct Z. Strictly speaking constructs X, Z and Y should be included in the model. However, for many reasons (e.g., model parsimony, measurement difficulties, empirical indistinctness,
 etc.), it might be desirable to omit Z from the model and simply specify the link between X and Y. While this would be formally (i.e., logically) acceptable (i.e., X is linked to Y via Z), the association between A and B will be weaker in the statistical sense (it's correlation) than either the association between X and Z, or the association between Z and Y. This result is not only logical (upon reflection), but it obtains from the path analytic assumption that the correlation between X and Y is equal to the product of the correlation between X and Z, and the correlation between Z and Y.

Thus indirect arguments should involve constructs that are strongly empirically linked. For example, if the linkage (correlation) between X and Z is rX,Z  = .3 (a comparatively large correlation in the social sciences), and the correlation between Z and Y is also rZ,Y  = .3, the observed correlation between X and Y should be approximately rX,Z rZ,Y  = .09, which may not be significant. In different words X should be (very) logically linked with Z, and Z should be (very) logically linked with Y for X to be empirically (i.e., significantly) linked with Y.


Parenthetically, it is usually insufficient to support an hypothesis solely with a statement to the effect that others have observed this association. While this might be occasionally acceptable for a few well-known and well-researched associations, for a number of reasons, including that hypotheses ought to be grounded in theory (i.e., argued to be true), as a rule the logic behind hypotheses should be verbally explicated (i.e., argued). Any results from prior studies that support the hypothesis could then be discussed as providing inductive support for this hypothesis.
 

There has also been considerable debate over what could be termed the level-of-analysis of an hypothesis. In some social science contexts (e.g., economics, organizational behavior, inter-firm research, etc.) it is customary to justify group- or firm-level hypotheses using theory that was developed for individuals or persons. In economics this is called the as if assumption (see Ausubel, 1965; Friedman, 1953; Machlup, 1967; Nagel, 1963; and Winter, 1975 for discussions). Specifically, the as if assumption is used to justify (i.e., ground) hypotheses by assuming constructs, processes and linkages that apply to individuals also apply to groups, firms, etc.

This extension of individual-level theory to groups, firms, etc. assumes that they behave as if they were rational individuals. This is usually done without explanation of how individual-level constructs and processes can exist at the level of a group, firm, etc. As a result, firm-level hypotheses, for example, that rely on the as if assumption are typically justified using individual-level theory. Then, this individual-level theory is (implicitly) extended to the firm by assuming firms behave as if they were rational individuals. Thus, the stated individual-level theory is assumed to apply at the firm level.

Examples of this assumption in Marketing studies include the use of the individual-level construct "comparison level" (Clalt) at the level of the firm (see Thibaut and Kelly, 1959, then see Anderson and Narus, 1984). It also includes the application to firms of the individual-level hypothesis that coercive power reduces satisfaction (see Raven and Kruglanski, 1970, then see John, 1984), and the use in firms of the individual-level process for relationship formation of awareness, exploration, expansion, commitment and dissolution (see Scanzoni, 1979, then see Dwyer, Schurr and Oh, 1987).

It is beyond the scope of this exposition to argue the merits of the "as if" assumption (or lack thereof), but based on the articles reviewed that appeared to use this assumption, it appears to be difficult to disconfirm (i.e., there is an obvious lack of disconfirmed hypotheses with this implicit assumption). 

SUMMARY AND SUGGESTIONS FOR STEP II-- STATING AND JUSTIFYING RELATIONSHIPS AMONG CONCEPTS
To summarize the preceding discussion, 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.

In survey-data model tests a formal statement of an hypothesis hypotheses can be omitted (i.e., it is "woven into" its justification and discussion), or an hypothesis can be formally stated.

Hypotheses, including those that have been previously investigated, should always be justified. Justification can use overarching theor(ies), but justification should not rely solely on the fact that that an association has been previously observed. Indirect arguments can also be 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. However, if an intermediate construct (e.g., Z) that is used in indirect justification is not included in the model there is a risk that the observed association (e.g., X-Y) may be weak. Hypotheses involving organizations or firms are justified using individual-level theory and the as-if assumption.

Causality has been the subject of considerable discussion in survey models. Despite earlier optimism, it is now believed that survey models usually cannot demonstrate causality, even when structural equation analysis (that in effect employs arrows on paths between constructs which implies causality) is used (however, causality can be disconfirmed with survey-data tests--if X and Y are not associated, neither can cause the other). Nevertheless based on the articles reviewed, hypotheses can take many forms with respect to a causal relationship between two constructs, including that one causes the other. One form of hypothesis that may sidestep the issue of causality and its testing with survey-data 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.

Unlike experimental data analyzed with ANOVA, survey-data model tests typically ignore the possibilities for the algebraic form of an hypothesized association (i.e., a proposed association such as a change in X is likely to be accompanied by a change in Y can be tested as Y = b1X, Y = b1'X + b2XX, Y = b1''X + b3XZ, etc.). Improvements on this situation in survey-data models would include hypothesizing a particular algebraic form (e.g., Y = b1'X + b2XX), or testing several algebraic forms. In ANOVA analyses this is accomplished under a rubric that tests the Y = b1X form, then "probes" several other algebraic forms, particularly the interaction and quadratic forms.

Because it is believed that causality cannot be demonstrated with survey-data models, even when structural equation analysis is used, "confirmed"/not disconfirmed associations (i.e., associations that were not disconfirmed in the study) should be interpreted with care. Specifically, interpretations of "confirmed"/not disconfirmed hypotheses that state or imply that X influences Y should be avoided because survey-data models are now believed to test association rather than causality.


STEP III-- DEVELOPING MEASURES
Ideally, studies should use existing measures. This can reduce the duration of the study because new measure development is not required, and reusing existing measures provides additional information on the reliability and validity of these existing measures. Frequently, however, modifications of existing measures, or new measures, are required in a study either 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.

However, many of the descriptions of previously used measures in the articles reviewed were incomplete. For example, while the source of previously used measures was invariably given, the psychometrics of these measures in previous studies (e.g., their reliability and validity) were sometimes left for the reader to determine. In addition, some articles implied that acceptable reliability and validity in a previous study implied a measure's reliability and validity in subsequent studies. As could be expected, however, the validity of some of these measures seemed questionable, and some of them had marginal reliability in previous studies. Thus, care should be taken to show that previously used measures are valid and reliable in the current study and its context.

Procedures for new measure development are well documented (see Churchill, 1979; DeVillis, 1991; etc.). They typically involve generating item stems (i.e., the verbal portion of an item in a measure) using conceptual and operational definitions, judging the validity of the resulting items using a panel composed of experts in each construct, evaluating the psychometrics (e.g., reliability, etc.) of the resulting measures, and then revising the measures to improve their psychometrics. Because these matters have received attention elsewhere, only generating item stems and two topics related to psychometric evaluation will be discussed. Psychometric evaluation is discussed again at length in Step V-- Validating Measures.

SCENARIO ANALYSIS
New measures were often underdeveloped in the articles reviewed. Ideally, measure development should use several data sets to show measure adequacy. Measure validation data sets are used to produce valid and reliable measures, and these measures are then used with a model validation data set that attempts disconfirmation of the proposed model. However, this approach was infrequently reported in the articles I reviewed. Instead, measure validation studies were either not conducted, or they were conducted but not discussed. Or, they were abbreviated in typically small pretests that were briefly summarized in the article, and measure adequacy was suggested using the final test data (i.e., the data used to test the proposed model).

While measure adequacy is always demonstrated using the final test data, obviously care should be taken to conduct and adequately report measure validation studies. Although not reported in the articles I reviewed, scenario analysis has been used elsewhere in the Social Sciences, and it could be used to comparatively quickly and inexpensively produce a data set(s) that could be used for measure evaluation. Scenario analysis is an experiment in which subjects (e.g., students) read written scenarios in which they are asked to imagine they are the subjects of an experiment in which variables are verbally manipulated. Then, these subjects are asked to complete a questionnaire containing the study measures (see Appendix H). The results of scenario analysis, when compared with other research designs such as cross sectional surveys, have been reported to be similar enough to suggest that scenario analysis may be useful in new measure development and the verification of existing measures (see for example Rusbult, Farrell, Rogers and Mainous, 1988, and Appendix K).

VERB TENSE


In some articles reviewed, the verb tense(s) in the stems of the items used in measures was inconsistent. In some cases verb tense was inconsistent across the items within a measure. Ideally, the verb tense of each item in a measure should be the same to avoid psychometric problems later. To explain, items with the same verb tense tend to cluster together in exploratory or confirmatory factor analysis, and multiple verb tenses within a measure invites multidimensionality, which in turn invites model-to-data fit problems in the measurement and structural models. Thus, care should be taken manage verb tense within a measure to avoid model-to-data fit problems and subsequent "item weeding" to attain model-to-data fit. One approach to managing verb tense might involve investigating a new measure using scenario analysis.


In other articles reviewed, the verb tense(s) in the measures did not match the "directionality" of the structural model. To explain, structural equation models utilize an explicit "directionality" between two latent variables. For example, in Figure A, the Latent Variable U "points to" the latent variable V, and thus U could be considered to be a predictor of V. Thus the verb tenses of U and V should be logically consistent. For example, U should not be itemized by items that are phrased in the future tense when the items of V are phrased in the past tense.
 Thus, in managing verb tense care should also be taken to match verb tense with the proposed "directionality" of the structural model. In practice, this could change the order of Step I-- Defining Model Concepts, Step II-- Stating and Justifying Relationships Among Concepts, and Step III-- Developing Measures, requiring Step I and Step II to revisited (i.e., to re-operationalize constructs, and/or to change the model), and potentially require additional work in Step III to alter verb tense. 

number of items in a measure


In most articles reviewed, the number of items in each measure seemed low. Specifically, nearly all of these articles utilized measures with about six items or less. While authors have commented on the apparent inevitability of about six indicators or less when structural equation analysis is used (e.g., Bagozzi and Baumgartner, 1994; Gerbing and Anderson, 1993), the resulting measures frequently seemed narrowly itemized (i.e., the items seemed to tap only a few, usually one, facet of the target construct).
 

In addition, most articles reported that one or more items were deleted from measures to attain model-to-data fit in single construct measurement models (i.e., a measurement model containing only one construct). Despite assurances to the contrary from the articles' authors, in many cases these item deletions appeared to impair the face or item validity of the measure.

It seems obvious that such practices and their resulting "about-six-item" measures (this matter will be discussed later) are less desirable than the older measures used with regression that were common before the advent of structural equation analysis. Several remedies for use with structural equation analysis will be discussed in Step V-- Validating Measures, but one approach would be to incorporate the factors of a multidimensional measure, or the items deleted to attain model-to-data-fit into a second-order construct (see STEP I-- Defining Model Concepts). 

SUMMARY AND SUGGESTIONS FOR STEP III-- DEVELOPING MEASURES

Ideally, studies should use existing measures to reduce the time and effort required for new measure development, to provide additional information on the their reliability and validity. Nevertheless, new measures or modifications of existing measures are frequently required either 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.

Previously observed reliability and validity of measures used in previous studies should be provided in the current study. Because acceptable reliability and validity in a previous study does not imply a measure's reliability and validity in subsequent studies, care should be taken to show that previously used measures are valid and reliable in the current study and its context.

Proper measure development should use several data sets to show measure adequacy. Measure validation data sets should be used to produce valid and reliable measures, which are then used with a model validation data set that attempts disconfirmation of the proposed model, and care should be taken to adequately report any measure validation studies that were conducted as part of the current study. However, because measure validation studies may not be always be feasible, or they are abbreviated in typically small pretests, measure adequacy is frequently suggested using the final test data (i.e., the data used to test the proposed model). An alternative to using small pretests to suggest measure adequacy is to use scenario analysis to comparatively quickly and inexpensively produce a data set(s) that could be used for measure evaluation. 


Ideally, the verb tense of each item in a measure should be the same to avoid psychometric problems later (e.g., multidimensionality). Further the verb tense(s) in measures should match the "directionality" of the structural model (e.g., if the Latent Variable U "points to" the latent variable V and thus U could be considered to be a predictor of V, U should not be itemized by items that are phrased in the future tense when the items of V are phrased in the past tense).



Narrowly itemized (i.e., bloated specific) measures with only a few items that tap usually one facet of a target construct should be avoided. Such measures are typically the result of deleting items to attain model-to-data fit in a single construct measurement model (i.e., a measurement model containing only one construct). Remedies include incorporating the factors of a multidimensional measure, or the items deleted to attain model-to-data-fit, into a second-order construct, along with several approaches for unidimensional measures in the Maximum Likelihood exploratory (common) factor analysis sense that will be discussed in Step V-- Validating Measures.


STEP IV-- GATHERING DATA
Many facets of data gathering (e.g., population, sampling frame, sample size, sampling technique, response rate, etc.) were well documented in the articles I reviewed. However because of their importance I will comment on demonstrating sample representativeness, conventions regarding survey-data research designs, sample size, and the number of data sets used to validate measures and the model (i.e., to show their adequacy).

SAMPLE REPRESENTATIVENESS
How well the sample represents the study population in model testing is important if generalizing to the study population is to be attempted. While many of the studies I reviewed did generalize to the study population, the threats to sample representativeness were in general not well discussed in these articles. How well the sample represents the study population is gauged from i) the description of the sampling frame or the physical representation of the population from which the sample is actually drawn, which as a rule was inadequately described in the articles I reviewed, and ii) the randomness of the sample drawn from this frame, which also typically received an inadequate discussion. Thus, care should be taken to fully describe 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.

In addition, while sample nonrepresentativeness due to nonresponse bias generally received more attention than sampling in the articles reviewed, the sample representativeness checking procedures were typically under reported. Since nonresponse is ubiquitous in survey research, at a minimum care should be taken to compare and report the profile of responses and that of the population on as extensive a set of demographic and other variables as possible.

RESEARCH DESIGNS
Social science research uses intra- and inter-subject research designs. Intrasubject research designs observe a change(s) that occurs within each subject, and these designs include experiments, and longitudinal survey research (i.e., subjects are observed at two or more points in time). Inter-subject research designs rely on observed differences across a group subjects (i.e., from subject to subject), and these research designs include cross-sectional surveys.

EXPERIMENTS
Experiments were ubiquitous in the articles reviewed. Although they were not seen in the articles reviewed, experiments such as scenario analysis were discussed above as a method of preliminarily evaluating measures in the early stages of measure validation. They could also be valuable in model testing because in addition to controlling unwanted sources of variation, experiments are inherently better able to detect important associations.

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 cells sizes, field studies are 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 balanced (i.e., has equal cell sizes).

Their observations also apply to the variables constituting these interactions. Because field studies produce mound-shaped distributions for independent variables, instead of uniform (balanced) distributions, they are not as efficient as experiments are in detecting associations. Stated differently if an association is not significant in a proper experiment, it is unlikely to be significant in a survey, other things being equal.

LONGITUDINAL RESEARCH
Although they were comparatively rare in the articles reviewed, longitudinal surveys are used to validate intrasubject hypotheses with an intrasubject research design. Longitudinal surveys involve two or more surveys of the same subjects. Because these multiple surveys are matched by subject, each subject must have some identification to enable response matching. Thus, subjects in longitudinal surveys must be identified and be willing to participate in each of the successive surveys.

Unfortunately responses from anonymous subjects are useless in longitudinal surveys because the researcher cannot match the first wave cases with those from the second wave for most of the responses (it is possible to use postmarks for some responses), and the cases from one wave may include subjects that are not in the other wave. For those cases that can be matched between waves, the usable response rate may be unacceptably low and thus the cost of such research may be unacceptably high.

It has been my experience, and anecdotal reports suggest, that in mailed out surveys involving self reports of sensitive constructs (e.g., relationship satisfaction, relationship commitment, perceived equity, opportunism (self-interest seeking at the expense of partner), etc.) many subjects will not allow themselves to be identified, or they will not return the questionnaire, or they will provide inaccurate responses. When their identity is, or will be, compromised, many subjects in face-to-face interviews involving sensitive constructs either decline to participate, or they will provide responses that may not reflect their true responses.

However, in mailed-out surveys some subjects return their questionnaire when there is a possibility of their being identified, and in interviews some subjects provide accurate responses. Unfortunately however, the resulting data from subjects who return the questionnaires or agree to the interviews, and give reasonably accurate responses, may not be representative of the study population. While purposeful sub-sampling (i.e., splitting the responses by gender and taking a random subsample of males to obtain the population percentage of males) may restore the appearance of representativeness on several population attributes, it is frequently impossible to handle more than a handful of population attributes in such a manner, and thus longitudinal surveys are usually forced to sacrifice sample representativeness.

CROSS-SECTIONAL RESEARCH DESIGNS
Cross-sectional surveys were also ubiquitous in the articles reviewed. However, there is an assumption involving the interplay between intra- inter-subject changes that should be discussed. Hypotheses in the articles reviewed typically stated intrasubject relationships among constructs. For example, Bagozzi (1980a) proposed that as (an individual) salespersons (sales) performance increases (across time) their satisfaction should increase. However, in the surveys reviewed, such hypotheses were usually tested with a cross-sectional or inter-subject research design that actually tested a different hypothesis. For example, in Bagozzis (1980a) cross-sectional research design, the above hypothesis was tested as though it was stated, "as performance increases from salesperson to salesperson, each of these salespersons satisfaction should also be increasing." Thus, hypotheses involving the relationship between constructs as the level of each construct changes within a subject were usually tested by observing the relationship between constructs as their levels change from subject-to-subject.

Relationships not disconfirmed using these inter-subject (cross-sectional) tests were then 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. For example, Williams and Hazers (1986) cross-sectional (inter-subject) test results were interpreted as "confirming" (i.e., not disconfirming) the intrasubject hypothesis that as an individual subjects satisfaction increased (over time) so did their organizational commitment. Nevertheless Curry, Wakefield, Price and Muellers (1986) test of the same hypothesis using a longitudinal (intrasubject) design disconfirmed this relationship.

When compared with the number of cross-sectional surveys in the article review, intrasubject tests (e.g., longitudinal research designs) were rare. This reflects a preference for cross-sectional surveys as preliminary survey disconfirmation evidence in the social sciences. To explain, intrasubject tests such as longitudinal research designs obviously provide disconfirmation tests of intrasubject hypotheses. Nevertheless, disconfirmation tests using a weaker design such as an inter-subject or cross-sectional test are typically used because they are both easier to conduct, and if an hypotheses is disconfirmed using an intersubject or  cross-sectional test, they are believed to be sufficient for disconfirmation of an intrasubject hypothesis. In particular, if an association is not observed between subjects reporting various levels of two variables, it is likely that this association will not be observed within subjects as their levels of these variables change over time.

However because hypotheses that have been "confirmed"/not disconfirmed using a cross-sectional design have subsequently been disconfirmed using an intrasubject test, care should taken to view "confirmed"/not disconfirmed associations in a cross sectional test as very tentative because they may be an artifact of the inter-subject test. Thus limitations of an inter-subject test of an intrasubject hypothesis should be noted, and additional disconfirmation tests that include intrasubject tests should be called for. Such intrasubject tests might include longitudinal tests and experiments (e.g., scenario analyses).

INTERORGANIZATIONAL RESEARCH
In research involving organizations such as organizational buyer-seller research the subject is actually a spokesperson for the sentiments, perceptions, and behaviors of their firm (see Phillips, 1982). Ideally several informants in an organization should be surveyed because a single individual typically has a limited and not infrequently biased view of their organization.

However, the interorganizational articles I reviewed almost universally surveyed one informant per firm, an individual judged, presumably by the authors, to be in the best position to report on the companys sentiments and behaviors. Typically this person occupied a role or position in the company such as a manager or executive, and had responsibility for the target subject matter. Thus, a limitation of most interorganizational research is that the informants' responses may not be representative of the firms surveyed.

MULTIPLE DATA SETS FOR MODEL VALIDATION
Because changes in context and protocol can produce different results for the same model from study to study, adequate model testing should rely on several data sets that attempt multiple disconfirmations of the proposed model. However, this approach was rarely seen in the earlier articles reviewed, and among the later articles this approach was usually restricted to experimental research designs. In addition, in the survey articles there seemed to be few replications previous research, and most of those few replications seemed to involve models that were materially different from their predecessor models.

Because multiple attempts at disconfirmation (and multiple "confirmations"/lack of disconfirmation) are obviously as desirable in survey research as they are in experiments, multiple-studies-per-article should be reported for surveys. Scenario analysis was mentioned earlier as a tool for measure development and model assessment. In fact, there are examples in the psychological literature of scenario analyses reported along with cross-sectional studies as multiple model validation studies in a single article (see for example Rusbult, Farrell, Rogers and Mainous, 1988).

In addition to being comparatively easy to conduct, the measure developed for the survey test can be used, and thus the results can be estimated using structural equation analysis. As suggested in Appendix H, exogenous/independent variables are verbally manipulated in the scenario (high and low), and the measurement instrument measures these manipulations and any attendant change(s) in the endogenous/dependent variable(s). 

The scenario analysis discussed in Appendix H had 8 treatments, each with two levels. Thus there were 256 (= 28) different scenarios, one for each treatment group. While ideally treatment groups should be homogenous across treatment groups (each treatment group should be the "same"), in this case causality may not be of interest, and the treatment groups could thus be nonhomogeneous. In addition, while ideally there should be more than one subject per treatment, this requirement could be viewed as pertaining to ANOVA, and the Appendix H scenario analysis involved one subject per treatment.

Scenario analysis does have its drawbacks in this application, however. In addition to its being unfamiliar to most reviewers, scenario analysis is most easily executed using student subjects, which have effectively been banned in many Social Science research venues. While the use of student subjects in this application produces about the same types of problems as survey research (e.g., nonresponse, incomplete questionnaires, responding "strongly disagree" to every item, etc.), some of these difficulties seem to be more prevalent with student subjects. In this application scenario analysis can require many subjects for a larger model. For example, if more than one subject per treatment group were required for the Appendix H scenario analysis, 256n subjects would be required, where n is the number of subjects desired per treatment group.

If student subjects cannot be used, the alternative is to report multiple surveys in a single article. In response to the lack enthusiasm I have observed when this suggestion is made to survey researchers, it is instructive to note the number of experiments now required/reported per article in several experimental model testing venues. 

SAMPLE SIZE
While sample size and the number of responses are associated with the significance of the hypothesized associations or statistical power, in the survey model tests reviewed statistical power was never stated to be of interest, perhaps because hypothesized relationships were assumed to be important enough to be detected even in methodologically small data sets (e.g., 50-300 cases).

For regression studies, final tests usually involved 100 or more cases. This seemed to reflect the well documented advice that in order to avoid over-fitting the data, ten to fifteen cases per independent variable, down to a minimum of four, should be used for regression studies (see for example Hair, Anderson, Tatham and Black, 1995). However, implicit in this suggestion is that the number of regression variables is not too large. Because regression and structural equation analysis involve estimates that are based on the covariance matrix of the variables, and the asymptotic correctness of this covariance matrix (i.e., the likelihood than it closely approximates the population covariance matrix) is an issue, the number of cases used in the study should be adequate for the covariance matrix to avoid over-fitting this matrix. With over fitting there are an insufficient number of cases per unique element of the input covariance matrix (e.g., the lower triangular covariance matrix plus the diagonal). With over-fitting the resulting coefficient estimates can be inefficient (i.e., they can vary widely from sample to sample) because the input covariance matrix is unstable (i.e., it does not approximate the population covariance matrix) and it too can vary widely from sample to sample. Thus to produce at least m cases for each element of the input covariance matrix, there should be mn(n+1)/2 or more cases per variable, where n is the number of variables (see Table 1). Perhaps curiously, Table 1 suggests that in order for there to be at least one case for each unique input covariance matrix element, there should be slightly more than half the number of observed variables (i.e., indicators) cases per observed variable. Thus for a 6 latent variable model, each with an average of 4 indicators (= 24 variables/indicators), 13 cases per indicator are required. 

While Tanaka (1987) stated that conditions where data sets are sufficiently large for the asymptotic theory of structural equation analysis to apply have yet to be ascertained, Bollen (1989:268) suggested there should be at least several cases per free parameter in structural equation analysis (Bentler, 1989:6 suggests at least 5). Again, this suggestion assumes the number of variables (in this case indicators) is not large. For a measurement model with 5 latent variables and an average of 4 indicators per latent variable, 5 cases per parameter estimated would require 250 cases (see Table 2a). The same model would require 420 cases to produce 2 cases per unique input covariance matrix element (see Table 2a). However, a measurement model with 5 latent variables and an average of 5 indicators per latent variable, would require 300 cases to produce 5 cases per parameter estimated, but 650 cases to produce 2 cases per unique input covariance matrix element (and 350 cases to produce 1 case per unique input covariance matrix element-- see Table 2b). With an average of six indicators per latent variable, approximately the practical limit for the number of items in an internally consistent measure (see Gerbing and Anderson, 1993; Bagozzi and Baumgartner, 1994), 350 cases would be required to produce 5 cases per parameter estimated in the 5 latent variable model, but 930 cases would be required to produce 2 cases per unique input covariance matrix element, and 465 cases would be required to produce 1 case per unique input covariance matrix element (see Table 2c).

Because structural equation analysis is actually covariant structure analysis, and thus the asymptotic correctness of the input covariance matrix (i.e., the likelihood than it closely approximates the population covariance matrix) is an issue, the number of cases used in the study should be adequate for the input covariance matrix to avoid over-fitting this matrix (see Jöreskog and Sörbom, 1996b). Although there are no hard and fast rules several cases per (unique) input covariance matrix element down to a minimum of 1 should be reasonable.

However, in the articles reviewed the number of cases analyzed more often than not were inadequate to avoid over-fitting the proposed model's input covariance matrix (i.e., there were frequently fewer that 1 case per unique input covariance matrix element), and frequently the number of cases analyzed were inadequate for the number of cases per (measurement model) parameter estimated (i.e., fewer than 5 cases per measurement model parameter estimated). 

Perhaps curiously, regardless of the model size, the final test data sets used with structural equation analysis typically involved 200-300 cases. This may have been a reflection of the usually low response rates typical in surveys, and Boomsma's (1982:171) suggestion that if researchers want a low risk of wrong conclusions using structural equation analysis they should have at least 200 cases.

Thus there may be practical limits for survey-data models. The typical survey with a 30% response rate and 300 responses, analyzed with structural equation analysis, has a limit of 6 latent variables with 4 indicators, down to 4 latent variables with 6 indicators, to avoid over-fitting the input covariance (i.e., with at least 1 case per unique input covariance matrix element).

However, while not seen in the articles reviewed, there are several remedies to over-fitting the input covariance matrix besides increasing the number of cases. They include bootstrapping the input covariance matrix, and replacing the indicators of each construct by their sum. 

When the asymptotic correctness of the input covariance matrix is a concern in regression or structural equation analysis because the sample is insufficient to "cover" the input covariance matrix, bootstrapping the input covariance matrix has been suggested (see Bentler, 1989:76, and Jöreskog and Sörbom, 1996a:173, 185). This is accomplished by averaging covariance matrices resulting from subsamples of the cases (e.g., several hundred subsamples of the cases, each with 10-20% of the cases randomly deleted). The resulting averaged covariance matrix is then used as input to structural equation analysis, or the bootstrapped covariance matrix plus the averaged means and standard deviations, are used as input to regression, in place of the raw data and with the number of cases equal to the subsample size. However, while re-sampling (bootstrapping) procedures are available in EQS and LISREL/PRELIS, the averaged (bootstrapped) covariance matrix must be computed by manually averaging the resulting covariance matrices, and thus this approach is tedious and time consuming. In addition, the power of the resulting test is reduced because the resulting (averaged) covariance matrix represents samples of 80-90% of the original number of cases.

As an alternative, the indicators for each construct could be summed to form a single indicator for each construct, and loadings and measurement errors based on reliabilities could be used (see Step V-- Single Indicator Structural Equation Analysis below and Appendix I). This approach was also not observed in the articles reviewed, but it has been used elsewhere in the Social Sciences, and because it substantially reduces the input covariance matrix, it can result in several cases per unique input covariance matrix element.

SUMMARY AND SUGGESTIONS FOR 
STEP IV-- GATHERING DATA
How well the sample represents the study population in model testing is important if generalizing to the study population is to be attempted. Thus, care should be taken to fully describe 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. In addition, since nonresponse likely renders the sample nonrandom, care should be taken to report the profile of responses and that of the population on demographic and other variables.

Because field studies produce mound-shaped distributions for independent variables, instead of uniform (balanced) distributions, they are not as efficient as experiments are in detecting associations. Thus if an association is not significant in a proper experiment, it is unlikely to be significant in a survey, other things being equal.

Longitudinal surveys present many data gathering difficulties, including lack of anonymity, because responses must be matched between waves, and attendant low response rates and inaccurate responses, and lack of sample representativeness.

Cross-sectional surveys typically argued and stated intrasubject relationships among constructs (e.g., as X increases Y increases). However, a cross-sectional or inter-subject research design tests intersubjective relationships (e.g., as X increases from subject to subject Y increases). Relationships "confirmed" using these inter-subject (cross-sectional) tests were then 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.

Disconfirmation tests using inter-subject or cross-sectional tests (i.e., surveys) are used because they are both easier to conduct, and if an hypotheses is disconfirmed using an intersubject or  cross-sectional test, they are believed to be sufficient for disconfirmation of an intrasubject hypothesis. However because hypotheses that have been "confirmed" using a cross-sectional design have subsequently been disconfirmed using an intrasubject test, care should taken to view "confirmed" associations in a cross sectional test as tentative because they may be an artifact of the inter-subject test. Thus the limitations of an inter-subject test of an intrasubject hypothesis should be noted, and additional disconfirmation tests that include intrasubject tests should be called for.

Ideally, 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. Interorganizational research almost always relies on one informant per firm, and a limitation of most interorganizational research is that the informants' responses may not be representative of the firms surveyed.

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 scenario analyses.

Hypothesized relationships are usually assumed to be important enough to be detected in methodologically small data sets (e.g., 50-300 cases). Because regression and structural equation analysis involve estimates that are based on the covariance matrix of the variables, and the asymptotic correctness of this covariance matrix (i.e., the likelihood than it closely approximates the population covariance matrix) is an issue, the number of cases used in the study should be adequate for the covariance matrix to avoid over-fitting this matrix. Although there are no hard and fast rules several cases per (unique) input covariance matrix element down to a minimum of 1 should be reasonable. Alternatively, Bollen (1989:268) suggested there should be at least several cases per free parameter in structural equation analysis (Bentler, 1989:6 suggests at least 5). Boomsma (1982:171) suggested that if researchers want a low risk of wrong conclusions using structural equation analysis they should have at least 200 cases.

However, there are remedies to over-fitting the input covariance matrix besides increasing the number of cases. They include bootstrapping the input covariance matrix, and replacing the indicators of each construct by their sum.

(end of section)

�. As previously mentioned, "confirmation" means failure to show that something is false, not necessarily that something is true. 


�. For example, X and Z could be logically (i.e., conceptually) distinct constructs but their latent variables are so highly correlated that specifying both in the model produces model estimation problems due to multicollinearity.





�. It is statistically possible for two constructs to be linked (i.e., associated) in N studies, and then not linked in the N-plus-first study. Thus, noting that an hypothesized association has been "confirmed" (i.e., not disconfirmed) in N previous studies merely increases one's expectation that it is likely to be "confirmed" in the study at hand. Stated differently, an hypothesis (with its grounding) establishes that an association between two constructs ought to, or should be, true. Only a long sequence of model tests of that hypothesis (weakly) establishes that the association is (likely to be) true (i.e., the N-plus-first model test could disconfirm the hypothesis, although that becomes less likely with increasing N).





�. However, such a model can still be estimated (i.e., structural equation analysis pays no attention to verb tense), and such "temporal anomalies" can likely be repaired by reversing the arrow between U and V (i.e., have "past-V" point to "future-U").





�. Other authors have commented on the "operationally narrow" measures used in structural equation analysis, in some cases terming them "bloated specific" measures (see Cattell, 1973).
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