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STEP II-- STATING AND JUSTIFYING RELATIONSHIPS AMONG CONCEPTS
In addition to stating and justifying hypotheses, the next step in UV-SD model testing should involve 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), UV-SD model validation studies are unlikely to be atheoretic. Typically a proposed model is framed by a theoretical perspective. However, I found that proposed models in the articles I reviewed were not always framed by an overall theoretical perspective. As a result, although articles that lacked an overall theoretic perspective were clearly not atheoretic, they lacked unity of perspective, and as a result some of them seemed theoretically eclectic and unfocused.

Theoretical perspectives 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 a few. Even when a theoretical orientation is not stated, proposed models frequently 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
After stating the model's theoretical orientation, hypotheses are usually developed in a model validation study. Issues in stating hypotheses include justification and form.

JUSTIFICATION
Hypotheses are justified using arguments, typically stated before the hypothesis. These arguments usually apply prior theory to justify hypotheses (see Dwyer and Ohs, 1987 use of resource dependency theory to justify their hypotheses), or when new theory is proposed, they use cogent arguments to establish the reasonableness of hypotheses.

In interfirm research (e.g., business-to-business and marketing channels research) justifying firm-level hypotheses using individual-level theory is customary. In economics this is called the as if assumption (see Ausubel, 1965; Friedman, 1953; Machlup, 1967; Nagel, 1963; and Winter, 1975 for discussions of the as if assumption). The as if assumption also is used to generate theory in economics and organizational behavior by assuming constructs, theory, and processes applying to individuals also apply to firms.

The extension of individual-level constructs, theory and processes to firms assumes that firms behave as if they were rational individuals. This is done without explanation of how individual-level constructs and processes can exist at the firm level. As a result, firm-level hypotheses relying on the as if assumption are justified by stating individual-level theory. Then, this individual-level theory is extended to the firm by implicitly assuming firms behave as if they were rational individuals, and thus the stated individual-level theory applies at the firm level.

Examples of this assumption include the use of the individual-level construct 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 (theory) that coercive power reduces satisfaction (see Raven and Kruglanski, 1970, then see John, 1984), and the use in firms of the individual-level process of awareness, exploration, expansion, commitment and dissolution (see Scanzoni, 1979, then see Dwyer, Schurr and Oh, 1987).

FORM
There has been considerable discussion in the social sciences about theoretical models and causality. It is believed that in general neither experiments nor surveys demonstrate causality (see Bollen, 1989; Sobel, 1996). Experiments are vulnerable to unknown or uncontrolled antecedents of dependent variables in the experiment. Surveys are vulnerable to unknown or unmodeled common antecedents of both the independent and dependent variables, and they frequently lack temporal ordering.

Yet relationships in a model validation study always suggest directionality or causality. nevertheless, one view of the directional relationships in a UV-SD model that may avoid the issues surrounding causality is that these relationships suggest likelihood (see Sobel, 1996). Specifically, directionality in the relationship between X and Y implied in a UV-SD model can be viewed as, a change in X is likely to be followed by a change in Y.

Perhaps because of the confusion over causality, several practices are followed in stating hypotheses.  Hypotheses can be omitted or combined in a general discussion of the relevant literature (e.g, Anderson and Narus, 1984; Bagozzi, 1980a; John and Weitz, 1989). Constructs can hypothesized to be associated (e.g., "there is a negative association between relationalism and promises," in Boyle, Dwyer, Robicheau and Simpson, 1992; "for male and female salespeople, there will be positive relationships between supervisory contingent reward behaviors and job satisfaction," in 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," in Netemeyer, Johnson and Burton, 1990; "greater munificence fosters less formalization," in Dwyer and Oh, 1987).  In this last case the directionality implied by the verb seems semantically weaker than causality, because it suggests when A increases B is likely to increase (however, directionality can only be disconfirmed, not confirmed, with the customary cross-sectional model validation study).

In addition, associations in UV-SD model testing studies are frequently diagramed and discussed as though they were directional or causal (e.g., Figure A in Appendix A-- see for example Netemeyer, Johnson and Burton, 1990; John, 1984). Further, they are usually specified for estimation as though they are directional or causal (e.g., Y = f(X,Z)), and they are usually interpreted as though they are directional or causal. However, it is well known that directionality or causality is difficult or impossible to demonstrate in most UV-SD model testing studies (e.g., cross-sectional research designs). Without a research design or model specifically designed for testing causality (i.e., an experiment, longitudinal research, or a nonrecursive or bidirectional model), any directional or causal relationships implied or stated in hypotheses, diagrams or specifications of a model are not adequately tested.
 Thus, unless a research design that tests for more than an association is utilized, care should be taken that relationships among constructs in most UV-SD model tests are hypothesized and discussed as associations, rather than as though they were directional or causal.

SUGGESTIONS FOR STEP II-- STATING AND JUSTIFYING RELATIONSHIPS AMONG CONCEPTS
Overarching theory for the proposed model should be stated to provide unity of perspective for the model, and to avoid the appearance of a theoretically eclectic and unfocused model. In addition, hypotheses should be justified. Hypotheses involving the organization or firms are justified using individual-level theory and the as-if assumption.

Causality has been the subject of considerable discussion. Perhaps as a result, hypotheses can be omitted, or constructs can be hypothesized as "associated." One view of proposed relationships in a model that may sidestep the issue of causality is that the relationship can be viewed as, a change in A is likely to be followed by a change in B. If (probabilistic) directionality is important, hypothesis language implying likelihood, such as increased A fosters (creates, generates, contributes to, promotes, etc.) increased B, could be used (although causality can only be disconfirmed, not confirmed, with the typical model validation study).


STEP III-- DEVELOPING MEASURES
Ideally, studies should use existing measures. This can reduce study duration and it provides additional information on the reliability and validity of existing measures. Frequently, however, modifications of existing measures or new measures are used in a study either to account for the context of the study, 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 I 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., reliability and validity) was frequently left for the reader to determine. In addition, articles typically 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 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.

Procedures for new measure development are well documented (see Churchill, 1979; DeVillis, 1991; etc.). They typically involve generating item stems 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. I will discuss psychometric evaluation later in Step V.

However, new measures were often underdeveloped in the articles I reviewed. To explain, measure development should use several data sets to show measure adequacy. Measure validation data sets are used to produce valid and reliable measures, which are then used in 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 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).

SCENARIO ANALYSIS
While measure adequacy is always demonstrated using the final test data, 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 data sets 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).


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 UV-SD research designs, sample size, and the number of data sets used to validate measures (i.e., to show their adequacy) and the model.

SAMPLE REPRESENTATIVENESS
How well the sample represents the study population in model testing is important if generalizing to the study population is to be done. While most 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, care should be taken to compare and report the profile of responses and that of the population, or the nonresponders, on as extensive a set of demographic and other variables as possible.

RESEARCH DESIGNS
Social science research uses intra- and inter-subject research designs. Inter-subject designs include experiments, and longitudinal survey research. Intrasubject research designs utilize cross- sectional surveys. The pros and cons of experiments versus surveys are well known. However, in cross sectional surveys there is an assumption involving the interplay between intra- inter-subject change that should be discussed.

CROSS-SECTIONAL RESEARCH DESIGNS
Hypotheses in the surveys I reviewed typically involved intrasubject relationships among constructs. For example, Bagozzi (1980a) proposed that as an individual salespersons performance increases (across time) their satisfaction should increase. However, in the surveys I reviewed such hypotheses were usually tested with a cross-sectional or inter-subject research design that actually tests a different hypothesis. For example, in Bagozzis (1980a) cross-sectional research design, the above hypothesis was tested as though it were stated, "as performance increases from salesperson to salesperson, each of these salespersons satisfaction should also increase." Thus hypotheses involving relationships between constructs as their levels change within a subject were usually tested by examining relationships 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 are 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 the intrasubject hypothesis that as an individual subjects satisfaction increased (over time) so did their commitment. Nevertheless Curry, Wakefield, Price and Muellers (1986) test of the same hypothesis using a longitudinal (intrasubject) design disconfirmed this relationship.

Compared to the number of cross-sectional surveys in my 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 sufficient for disconfirmation. 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 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 very tentative. Thus limitations of the cross-sectional test should be noted, and additional disconfirmation tests should be called for.

LONGITUDINAL RESEARCH
Although they were comparatively rare in the studies I reviewed, longitudinal surveys are used to validate intrasubject hypotheses in UV-SD studies. Longitudinal surveys involve two or more surveys of the same sample. Because these multiple surveys are matched by case, each case must have some identification to enable response matching. Thus, subjects in longitudinal surveys must be identified and be willing to participate in all 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 either 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 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, opportunism, etc.) many subjects will not allow themselves to be identified, they will not return the questionnaire, or they will provide inaccurate information. 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 when their identity is compromised.

In mailed-out surveys some subjects return their questionnaire when there is a possibility of their being identified. In interviews some subjects provide accurate responses, but the resulting data from subjects who return the questionnaires or agree to the interviews, and give reasonably accurate responses (which is difficult to assess), may not be representative of the study population. Thus, longitudinal UV-SD studies are usually forced to sacrifice sample representativeness.

EXPERIMENTS
Experiments such as scenario analysis were discussed earlier as a method of preliminarily evaluating measures in the early stages of measure validation. They are also valuable in the early stages of 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 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.

Experiments appropriate for the preliminary evaluation of a model include scenario analysis.

INTERORGANIZATIONAL RESEARCH
In research involving organizations such as marketing channels and business-to-business 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 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, who 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 sampling variation and changes in context and protocol can produce both false negative and false positive results from study to study, adequate model testing relies on several data sets that attempt multiple disconfirmations of the proposed model. However, this approach was rarely seen in the articles I reviewed. Multiple studies in a single article were never reported in the articles I reviewed, and none of the articles in major journals could be considered replications of previous research.

Scenario analysis was just mentioned as a tool for measure development and preliminary 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) (see Appendix H for an example). 

SAMPLE SIZE
While sample size and the number of responses are associated with the significance of the hypothesized associations or statistical power, in the UV-SD model tests I reviewed statistical power was never of interest, perhaps because target 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 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).

Implicit in this suggestion is that the number of regression variables is not too large. Because regression (and structural equation analysis) involves estimates that are based on the covariance matrix of the variables, and thus 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 "cover" 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, and 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 2 cases for each element of the input covariance matrix, there should be n+1 or more cases per variable, where n is the number of variables ((n+1)/2 cases per variable to produce at least 1 case per element of the input covariance matrix) (see Table 1).

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 (indicators) is not large. For a measurement model with 5 latent variables and 4 indicators per latent variable, 2 cases per parameter estimated would require 100 cases (see Table 2a). The same model requires 120 cases to produce 2 cases per unique input covariance matrix element (see Table 2a). However, a measurement model with 5 latent variables and 5 indicators per latent variable, would require 120 cases to produce 2 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 6 indicators per latent variable, approximately the practical limit for the number of items in a consistent measure (see Bagozzi and Heatherton 1994), 140 cases would be required to produce 2 cases per parameter estimated, but 930 cases would be required to produce 2 cases per unique input covariance matrix element, and 450 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 assymptotic 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 probably "cover" the input covariance matrix to avoid over-fitting the input covariance (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, the number of cases per unique input covariance matrix element frequently appeared insufficient to "cover" the input covariance matrix of the proposed model in the studies I reviewed (e.g., there were frequently fewer that 1 case per input covariance matrix element). regardless of the model size, the final test data sets used with structural equation analysis were typically involved 200-300 cases. Boomsma (1982:171) has suggested that if researchers want a low risk of wrong conclusions using structural equation analysis they should have at least 200 cases, and this suggestion may have served as a guide for the number of cases for structural equation analysis in the articles I reviewed.

While it was not seen in the articles I reviewed, 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 across subsamples of the cases (e.g., several hundred subsamples 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 with the number of cases equal to the subsample size. However, while resampling (bootstrapping) procedures are available in EQS and LISREL/PRELIS, the averaged (bootstrapped) covariance matrix is produced by manually averaging many 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 I 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 input covariance matrix element.

(end of section)

� These studies include cross-sectional UV-SD model tests using both regression and structural equation analysis. In particular, despite its use of "arrow diagrams" such as Figure A in Appendix A to describe the model, structural equation analysis cannot determine the direction of the arrows-- I will discuss this matter in more detail later.
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