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ON ASSURING VALID MEASURES

FOR THEORETICAL MODELS USING SURVEY DATA

This research critically reviews the process and procedures used in Marketing to assure valid and reliable measures for theoretical model tests involving unobserved variables and survey data, and it selectively suggests improvements. The review and suggestions are based on reviews of articles in the marketing literature, and the recent methods literature. This research also provides several perhaps needed explanations and examples, and is aimed at continuous improvement in theoretical model tests involving unobserved variables and survey data.

Based on the articles in our major journals, marketers generally agree that specifying and testing theoretical models using Unobserved Variables with multiple item measures of these unobserved variables and Survey Data (UV-SD model tests) involve six steps: i) defining constructs, ii) stating relationships among these constructs, iii) developing measures of the constructs, iv) gathering data, step v) validating the measures, and vi) validating the model (i.e., testing the stated relationships among the constructs). However, based on the articles reviewed (see Endnote 1 for these journals), there appears to be considerable latitude, and confusion in some cases, regarding how these six steps should be carried out for UV-SD model tests in Marketing.

For example in response to calls for increased psychometric attention to measures in theoretical model tests, reliability and validity now receive more attention in UV-SD model tests (e.g., Churchill, 1979; Churchill and Peter, 1984; Cote and Buckley, 1987, 1988; Heeler and Ray, 1972; Peter, 1979, 1981; Peter and Churchill, 1986). However, there were significant differences in what constitutes an adequate demonstration of measure reliability and validity in the articles reviewed. For example in some articles, steps v) (measure validation) and vi) (model validation) involved separate data sets. In other articles a single data set was used to validate both the measures and the model. Further, in some articles the reliabilities of measures used in previous studies were reassessed. In other articles reliabilities were assumed to be constants that, once assessed, should be invariant in subsequent studies. Similarly, in some articles many facets of validity for each measure were examined, even for previously used measures. In other articles few facets of measure validity were examined, and validities were assumed to be constants (i.e., once judged acceptably valid a measure was acceptably valid in subsequent studies).

Thus an objective of this research is to selectively identify areas for continuous improvement in step v), measure validation. The research provides a selective review, albeit qualitative, of the UV-SD model testing practices of marketers in that step and the other steps as they pertain to step v). It also provides selective discussions of errors of omission and commission in measure validation. For example, this research discusses the implications of reliability and facets of validity as sampling statistics with unknown sampling distributions. It suggests techniques such as easily executed experiments that could be used to pretest measures, and bootstrapping for reliabilities and facets of validity. The research also suggests an estimator of Average Variance Extracted (AVE) (Fornell and Larker, 1981) that does not rely on structural equation analysis (e.g., LISREL, EQS, AMOS, etc.). In addition, it suggests an alternative to omitting items in structural equation analysis to improve model-to-data fit, that should be especially useful for older measures established before structural equation analysis became popular.

MEASURE VALIDATION
Step v), measure validation or demonstrating the adequacy of the study measures, appeared to be the least consistent of the six steps above (see Peter and Churchill 1986 for similar findings). Perhaps this was because there are several issues that should be addressed in validating measures. Measures should be shown to be unidimensional (having one underlying construct), consistent (fitting the model in structural equation analysis), reliable (comparatively free of measurement error), and valid (measuring what they should). Demonstrating validity has also been called measure validation (see Heeler and Ray, 1972). However, I will use the term measure validation to mean demonstrating measure unidimensionality, consistency (i.e., model-to-data fit), reliability, and validity.

While step v), measure validation, is well-covered elsewhere, based on the articles reviewed it appears to merit a brief review. I begin with unidimensionality and consistency, then proceed to reliability and validity.

UNIDIMENSIONALITY
Assessing reliability usually assumes unidimensional measures (Bollen, 1989; Gerbing and Anderson, 1988; Hunter and Gerbing, 1982). However, coefficient alpha, the customary index of reliability in Marketing, underestimates the reliability of a multidimensional measure (Novick and Lewis, 1967). Thus, unidimensionality is actually required for the effective use of coefficient alpha (Heise and Bohrnstedt, 1970-- see Hunter and Gerbing, 1982) (other indexes of reliability such as coefficient omega have been proposed for multidimensional measures -- see Heise and Bohrnstedt, 1970). Thus reliability of a measure, as it was typically assessed in the studies reviewed (i.e., using coefficient alpha), should be assessed after unidimensionality has been demonstrated (Gerbing and Anderson, 1988).

A unidimensional item or indicator has only one underlying construct, and a unidimensional measure consists of unidimensional items or indicators (Aker and Bagozzi, 1979; Anderson and Gerbing, 1988; Burt, 1973; Gerbing and Anderson, 1988; Hattie, 1985; Jöreskog, 1970 and 1971; McDonald, 1981). In the articles reviewed, unidimensionality was typically assumed in the specification of a model estimated with structural equation analysis. Perhaps this was because authors have stressed the need for unidimensionality in structural equation analysis models in order to separate measurement issues (i.e., the relationship between a construct and its observed variables or indicators) from model structural issues (i.e., the relationships or paths among constructs) (Anderson, Gerbing and Hunter, 1987; Anderson and Gerbing, 1988; Bentler, 1989; Bollen, 1989; Burt, 1976; Jöreskog, 1993) (however, see Kumar and Dillon, 1987a and 1987b for an alternative view). Separating measurement issues from model structural issues in structural equation analysis avoids interpreta​tional con​found​ing (Burt, 1976), the interac​tion of measurement and structure in structural equation models. In particular, an item or indicator x can be viewed as composed of variance due to its construct X and variance due to error, and thus

Var(x) = λ2Var(X) + Var(e) ,
(1

if X and e are independent, where Var denotes variance, λ or lambda is the path coefficient on the path connecting X with x (also called the loading of item x on X), and e is error. Intrepretational confounding in structural equation analysis means that changes in model structure (i.e., adding or deleting paths among constructs) can produce changes in the measurement parameter estimates of a construct (i.e., changes in item loadings, in measurement errors, and in construct variances). Thus, with interpretational confounding, changes in the structural equation model can affect the empirical meaning of a construct.

CONSISTENCY
Many criteria for demonstrating unidimensionality have been proposed (see Hattie, 1985). Perhaps in response to calls for more work in this area (e.g., Lord, 1980), Anderson and Gerbing (1982) proposed operationalizing unidimensionality using the structural equation analysis notions of internal and external consistency (also see Kenny, 1979; Lord and Novick, 1968; McDonald, 1981) (however see Kumar and Dillon, 1987a and 1987b for an alternative view).

Consistency has been defined as the structural equation model fitting the data (see Kenny, 1979). It is important because coefficient estimates from structural equation analysis may be meaningless unless the model adequately fits the data (Bollen, 1989; Jöreskog ,1993:297). As Anderson and Gerbing (1982) defined consistency, two indicators of X, x1 and x2, are internally consistent if the correlation between them is the same as the product of their correlations with their construct X. Similarly an indicator of X and an indicator of Z, x and z, are externally consistent if the correlation between x and z is the same as the product of three correlations: x with its construct X, z with its construct Z, and X with Z. Thus if X is internally and externally consistent, it is also unidimensional, and I will use the term consistent/unidimensional for Anderson and Gerbing's (1982) operationalization of consistency.

Anderson and Gerbing (1982) also proposed assessing consistency/unidimensionality with what they termed similarity coefficients (see Hunter, 1973; Tyron, 1935). The similarity coefficient for the items or indicators a and b in the same or different measures is the cosine of the angle between the vector of correlations of a with the other items in a study (including b), and the vector of correlations of b with the other study items (including a). Similar items have a small angle between their correlation vectors, and a cosine of this angle that is near one. Specifically, Anderson and Gerbing (1982) proposed that a and b have high internal consistency if their similarity coefficient is .8 or above. External consistency is suggested by items that cluster together in a matrix of sorted or ordered similarity coefficients (Anderson and Gerbing, 1982:458) (see Appendix B for an example).

Consistency/unidimensionality is also suggested by a structural equation model that fits the data when its constructs are specified as unidimensional (i.e., each observed variable or indicator is connected to only one construct). With consistency/unidimensionality there is little change in measurement parameter estimates (i.e., loadings and variances-- see Equation 1) between the measurement model and subsequent structural models (Anderson and Gerbing, 1988) (i.e., differences in second or third decimal digits only). Thus consistency/unidimensionality can also be suggested by showing little if any change in measurement parameters estimates between a full measurement model (i.e., one containing all the model constructs, and their indicators, with correlations among all the constructs) and the structural model (i.e., one that replaces certain correlations among the constructs with paths).

PROCEDURES FOR ATTAINING UNIDIMENSIONALITY AND CONSISTENCY
Procedures for attaining unidimension​ality using exploratory (common) factor analysis are well known. However, procedures for obtaining consistent/unidimensional measures are less well documented. Procedures using ordered similarity coefficients are suggested in Anderson and Gerbing (1982:454), and Gerbing and Anderson (1988). The ordered similarity coefficients help identify inconsistent items. Alternatively, consistency/unidimensionality for constructs specified unidimensionally (i.e., each observed variable or indicator is "pointed to" by only one construct) can be attained using a procedure that has been in use for some time (see Dwyer and Oh, 1987; Kumar and Dillon, 1987b; Jöreskog, 1993) (however see Cattell, 1973 and 1978 for a dissenting view). The procedure involves estimating a single construct measurement model (i.e., one that specifies a single construct and its items) for each construct, then measurement models with pairs of constructs, etc., through estimating a full measurement model containing all the constructs. Items are omitted as required at each step to obtain adequate measurement model fit (and thus consistency/unidimensionality because the process begins with single construct measurement models) while maintaining content or face validity (content or face validity is discussed later and should be a serious concern in omitting items using any consistency improvement procedure). Standardized residuals, or specification searches (e.g., involving modification indices in LISREL or LMTEST in EQS) can also be used to suggest items to be omitted at each step to improve model-to-data fit.

However, these methods are not particularly efficient, and they may not always produce the largest consistent/unidimensional subset of indicators. Instead, partial derivatives of the likelihood function with respect to the error term of the indicators could be used to suggest inconsistent items (see Ping 1998a). This approach involves the examination of the matrix of these derivatives in a single construct measurement model. The item with the largest summed first derivatives without regard to sign that preserves the content or face validity of the measure is omitted. The matrix of first derivatives is then re estimated without the omitted item, and the process is repeated until the single construct measurement model fits the data (see Appendix A for an example of this procedure).

My experience with this procedure and real survey data sets is that it produces maximally internally consistent item subsets. The approach is similar to Saris, de Pijper and Zegwaart's (1987) and Sörbom's (1975) proposal to improve model-to-data fit using partial derivatives of the likelihood function with respect to fixed parameters (i.e., to suggest paths that could be freed, e.g., modification indices in LISREL). The internally consistent measures produced are frequently externally consistent. Nevertheless, the procedure could also be used on a full measurement model containing all the constructs specified unidimensionally (i.e., each observed variable or indicator is connected to only one construct). This full measurement model variant of the first derivative approach is useful if several study measures are inconsistent, because the most inconsistent item in each measure can be identified with a single measurement model.

COMMENTS ON UNIDIMENSIONALITY AND CONSISTENCY
Unidimensionality in the exploratory common factor analytic sense is required for coefficient alpha, and consistency/unidimensionality is required for structural equation analysis. Further, it is well known that the reliability of a measure is necessary for its validity. Thus, there is a sequence of steps in validating a measure: establish its consistency/unidimensionality for structural equation analysis, or establish its unidimensionality using maximum likelihood exploratory common factor analysis (i.e., not principal components factor analysis) for regression (however, see Endnote 2 for cautions about regression), then show its reliability, and finally its validity.

Unidimensionality in two and three item measures is difficult to demonstrate using exploratory or confirmatory factor analysis because these measures are under- or just determined. However, ordered similarity coefficients will gauge both internal and external consistency and thus unidimensionality using the criteria discussed above.

While Churchill and Peter (1984) found no effect on reliability when positively and negatively worded or reverse-polarity items are mixed in a measure, subsequent studies suggest that mixing positively and negatively worded items can adversely affect measure consistency/unidimensionality (see the citations in Herche and Engelland, 1996). If concern for acquiescence bias (see Ray, 1983) produces a measure with positively and negatively worded items that produces consistency/unidimensionality problems, inconsistent items might be retained as a second facet in a second-order construct (see Bagozzi 1981b for a similar situation) (second-order constructs are discussed later).

My experience with the above procedures in obtaining consistency/unidimensionality is that they are all tedious, especially the first derivative procedure. An alternative is to avoid consistency problems by summing one or more constructs' items and use regression (see Endnote 2 for cautions about regression), or use single indicator structural equation analysis (which will be discussed next). In addition, ordered similarity coefficients do not always suggest maximally consistent item clusters in survey data. Instead they usually suggest sufficiently consistent clusters of items that are also sufficiently reliable (see Appendix B for an example).

In survey data it is easy to show that unidimensionality obtained using maximum likelihood exploratory common factor analysis does not guarantee consistency/unidimensionality in the Anderson and Gerbing (1982) sense. Thus, consistency/unidimensionality is a stronger demonstration of unidimensionality than a single factor solution in maximum likelihood  exploratory common factor analysis. Based on the articles reviewed and my own experience, there seems to be an upper bound for the number of items in a consistent/unidimensional measure of about six items (also see Bagozzi and Baumgartner, 1994 for a similar observation). Thus larger measures, especially older measures developed before structural equation analysis became popular, usually required extensive item omission to attain consistency/unidimensionality in the articles reviewed. While the resulting consistent/unidimensionality submeasures were invariably argued or implied to be content or face valid, they often seemed to be less so than the original full measures.

In fact, a common misconception in the reviewed articles that used structural equation analysis was that consistent measures are more desirable than less consistent fuller measures, especially older measures developed before structural equation analysis became popular. Many articles appeared to assume that older full measures were inherently flawed because they were typically inconsistent and required item omission to attain a consistent subset of items. Nevertheless, it could be argued that the full measures were frequently more desirable than the proposed more consistent reduced measures for reasons of face or content validity. Thus, I will discuss an alternative to item omission to attain consistency/unidimensionality in structural equation analysis.

Single Indicator Structural Equation Analysis 
Item omission to attain acceptable measurement model-to-data fit may not always be necessary in order to use structural equation analysis. In situations where it is desirable for reasons of face or content validity to use a unidimensional, in the exploratory common factor analysis sense, but less than consistent measure, the items in the measure could be summed and regression could be used to validate a UV-SD model (however see Endnote 2). Alternatively Kenny (1979) hinted at a procedure involving reliabilities that can be used with structural equation analysis to validate a UV-SD model. Variations of this procedure have been used elsewhere in the social sciences (see for example Williams and Hazer 1986 and the citations therein). This procedure involves summing the items in a measure that is unidimensional using maximum likelihood exploratory common factor analysis, then averaging them to provide a single indicator of the unobserved construct.

Because this single indicator specification is under determined, estimates of its loading and measurement error variance are required for structural equation analysis. The observed indicator x of an unobserved or latent variable X can be written x = λX + e, where λ or lambda is the loading of x on X (i.e., the path coefficient on the path from the unobserved variable X to the observed variable x) and e is error. Thus, the loading Λ of the averaged indicator X (= [x1 + x2 + ... + xn]/n) on X, is approximated by Σli/n in

X = (x1 + x2 + ... + xn)/n = (λx1X + ex1 + λx2X + ex2 + ... + λxnX + exn)/n

   (ΣliX)/n + (Σei)/n = ΛX + (Σei)/n ,
(2

if X and e are independent, where li are the loadings of xi on X from a maximum likelihood exploratory common factor analysis. (Note: in practice, each li should be divided by the largest li if Var(X) ≠ 1--see Appendix F.)

It is well known that an estimate of the measurement error variance of the averaged indicator X is Var(X)(1-ρ) (Kenny 1979), where Var(X) is the variance of X, and ρ is the latent variable reliability of X (discussed later-- see Equation 4). However, Anderson and Gerbing (1988) pointed out that for unidimensional measures there is little practical difference between coefficient alpha (α) and the latent variable reliability ρ. Thus for an unidimensional measure X, estimates of the loading of its averaged indicator and its measurement error are Λ = Σli/n and Var(X)(1-α) respectively, where Var(X) is the variance of the averaged indicator available in SAS, SPSS, etc. (see Appendix F for the details and an example).

This procedure can be simplified further. Authors have defined the reliability of a unidimensional indicator as the square of the loading between the indicator and its latent variable (see Bollen, 1989). Thus, the square root of α (√α) could be substituted for Λ (Kenny, 1979) (see Appendix F). However, this substitution produces biased (i.e., understated) variance estimates for measures with highly variable loadings. While there is no hard and fast rule, √α should probably not be used with a measure that has items with reliabilities (i.e., √α) of less than .8 (i.e., λ's less than .64). (Note: √α is not biased if Var(X) is standardized to equal 1.)

Model-to-data Fit
Consistency/unidimensionality can be established for models specified unidimensionally (i.e., each observed variable or indicator is "pointed to" by only one construct) using model-to-data fit (fit). Thus, one use of indices of fit is to suggest consistency/unidimensionality. Perhaps because there is no agreement on the appropriate index of fit (see Bollen and Long, 1993), multiple indices of fit were usually reported in the articles reviewed. The most commonly reported index of fit, chi-square, is a measure of exact fit (Browne and Cudeck, 1993). However it rejects model-to-data fit as the number of cases increases (Hoelter, 1983), and additional fit statistics such as Goodness of Fit Index (GFI) and Adjusted Goodness of Fit Index (AGFI) were typically reported in the articles reviewed. However, GFI and AGFI decline as model complexity increases (i.e., more observed variables or more constructs), and they may be inappropriate for more complex models (Anderson and Gerbing, 1984).

In addition to chi-square, GFI, and AGFI, the articles reviewed variously reported standardized residuals, comparative fit index (CFI), and root mean square error of approximation (RMSEA), among other indices of fit. Because there is also no agreement on an appropriate set of fit indices, I will simply note that standardized residuals were reported increasingly less frequently over time in the articles reviewed. Bentler's (1990) CFI appeared to be growing in popularity and was frequently reported in the recent articles, as was Steiger's (1990) RMSEA (possibly because it appears to have Jöreskog's 1993 endorsement) (see Endnote 3 for more on CFI and RMSEA).

RELIABILITY
Unfortunately the term consistency has been used in connection with reliability (see for example DeVellis, 1991:25). In fact there has been considerable confusion over reliability and consistency (see Hattie, 1985). After discussing reliability I will discuss the distinctness of reliability from consistency as Anderson and Gerbing (1982) have defined it.

Measure reliability was usually reported in the articles reviewed. The reliability of a measure is suggested by agreement of two efforts to measure its construct using maximally similar methods (Campbell and Fiske, 1959). Thus it is frequently characterized as the "repeatability" of a measure, and types of reliability include a measure's stability over time or subjects (see Bollen, 1989; Nunnally, 1978). It is also described in terms of the amount of random error in a measure (Lord and Novick, 1968; see Bollen, 1989 and Nunnally, 1978). For example, the variance of an indicator x of a construct X could be viewed as composed of variance due to its construct X and variance due to error (see Equation 1). As a result, The reliability ρ of a consistent/unidimensional item x has been operationalized as the ratio of its variance due to its construct, λ2Var(X), and the total variance of x,

            λ2Var(X)
      λ2Var(X)

ρx =  ─────────   =   ──────────────  ,
(3

              Var(x)
               λ2Var(X) + Var(e)

if X and e are independent, where Var(X) is the disattenuated (measurement-error-free) variance of X available in a structural equation measurement model (Werts, Linn and Jöreskog, 1974).

While there have been many proposals for assessing reliability (see Hattie, 1985; Nunnally, 1978), coefficient alpha (Cronbach, 1951) is generally preferred (Peter, 1979) because it does not depend on the assumptions required of other indices of reliability (see Bollen, 1989). However, coefficient alpha assumes that its items are perfectly correlated with their underlying construct (i.e., measured without error) (see Bollen, 1989). Because this assumption is almost always unreasonable in practice, coefficient alpha underestimates reliability (see Smith, 1974).

There have been several proposals for computing reliability of items that are measured with error (see Gerbing and Anderson 1988 for a summary). The most frequently used formula is due to Werts, Linn and Jöreskog (1974) (see Bagozzi, 1980b; Bollen, 1989; Dillon and Goldstein, 1984; Fornell and Larker, 1981). This Latent Variable Reliability of a measure X, with indicators (items) x1, x2, ... , xn, is given by,

    (Σλi)2Var(X)

ρX =  ────────────────  ,
(4

            (Σλi)2Var(X)+ΣVar(ei)

where λi is the loading of xi on X, ei is the error term for xi, Var(X) is the disattenuated (measurement error free) variance of X (i.e., available in a structural equation measurement model), and Σ denotes a sum.

However as previously mentioned, Gerbing and Anderson (1988) pointed out that for unidimensional measures there is little practical difference between coefficient alpha and Latent Variable Reliability. Thus to demonstrate reliability, it may be sufficient to report coefficient alpha because at worst it provides a conservative estimate of reliability.

Based on the articles reviewed, it is important to note that reliability and consistency as it was just discussed are distinct notions (Green, Lissitz and Mulaik, 1977). An item could be consistent with other items but unreliable because of measurement error (see Equation 3). It is also easy to show using survey data that maximizing reliability (see Churchill, 1979) may not maximize consistency, and that reliable measures may not fit the data well using structural equation analysis (see Gerbing and Anderson, 1988 and Appendix A).

VALIDITY
There was considerable variation in the demonstrations of validity among the articles reviewed. This may be because methods authors do not all agree on what constitutes an adequate demonstration of validity. Item validity is how well an item measures what it should, and a valid measure consists of valid items. Validity is important because theoretical constructs are not observable, and relationships among unobservable constructs are tested indirectly via observed variables (Jöreskog, 1993; see Bagozzi, 1984). Thus validity reflects how well a measure reflects its unobservable construct. It is established using relationships between observed variables and their unobserved variable, and observed variables' relationships with other sets of observed variables (Jöreskog, 1993).

 The following discussion assumes unidimensional and reliable measures. While methods author do not agree on a maximal set of validity tests, validity should be gauged using at least the following criteria: content or face validity (how well items match their conceptual definition), criterion validity (measure correspondence with other known valid and reliable measures of the same construct), and construct validity (measure correspondences with other constructs are consistent with theoretically derived predictions) (e.g., Bollen, 1989; DeVellis, 1991; Nunnally, 1978). Overall measure validity is then qualitatively assessed considering its reliability and then its performance over this minimal set of validity criteria.

The above terms for validity criteria are from the psychological and sociological literatures. However, other labels have been used, especially in Marketing. For example, content validity has been called face or consensus validity (see Heeler and Ray, 1972). Construct validity was used by Peter (1981) for content validity. Construct validity has been called nomological validity (see Peter, 1981). Trait validity has been used for a combination of reliability, and convergent and discriminant validity (Campbell, 1960). Finally, demonstrating convergent and discriminant validity has been called measure validation (see Heeler and Ray, 1972).

Content or Face Validity
Content or face validity was not consistently demonstrated in the articles reviewed. Conceptual definitions, the definitions of the constructs comprising the UV-SD model, are required to provide conceptual meaning for the constructs in the model, and they are the basis for gauging the construct or face validity for these constructs. In the articles reviewed, conceptual definitions were not consistently given, especially for previously measured concepts. In fact, many articles appeared to assume that because a measure had been judged content or face valid in a previous article, all subsequent readers would accept the measure as content or face valid. However, in some cases it could be argued that the content or face validity of a measure was still an open matter, even though it had been judged to be content or face valid in a previous article.

In addition, conceptual definitions were not always stated for new measures. Further, item judging was frequently not discussed, and in many cases the full measure's items were not reported. It is difficult to imagine that these matters were not important during the review of these articles. Thus, while content validity may have been an important matter for reviewers, many articles left the impression that authors or editors consider these matters unimportant for journal readers.

Thus conceptual definitions should be clearly stated for each construct to enable readers to judge the content or face validity of measures of the constructs, even for previously used measures. In addition, care should be taken not to sacrifice evidence of content validity in the name of article space, for example.

Criterion Validity
Criterion validity concerns the correspondence of a measure with a criterion measure, a known and, preferably, standard measure of the same concept. It is typically established using correlations. However, there are no guidelines for adequate correlation between a measure and a criterion variable. In addition, for a new construct or a measure of an existing construct in a new context, a criterion measure may not be available. Perhaps for this latter reason criterion validity was rarely assessed in the articles reviewed.

Nevertheless, it was easy to wonder why a new measure of a previously measured construct was necessary in many cases, and how well a proposed measure of a previously measured construct would have fared in an assessment of criterion validity. Thus, for new measures of previously measured constructs criterion validity should be assessed and reported to improve the demonstration of a new measure's validity.

Construct Validity
Construct validity is concerned in part with a measure's correspondence with other (i.e., different, non criterion) constructs. To begin to suggest construct validity, measures of other constructs should be valid and reliable, and their correspondences with the target measure should be theoretically sound. When it was considered in the articles reviewed, construct validity was typically suggested using correlations. The correlations with a target measure and their plausibility (i.e., their significance, direction and magnitude) were argued to support or undermine its construct validity.

Convergent and Discriminant Validity
Convergent and discriminant validity are Campbell and Fiske's (1959) notions involving the measurement of multiple traits or constructs with multiple methods, and they are usually considered to be facets of construct validity in the social sciences. Convergent measures are highly correspondent (e.g., correlated) across different methods such as a survey and an experiment (such as scenario analysis-- discussed later). Discriminant measures are less correspondent with measures of other concepts than they are internally convergent.

Procedures for demonstrating convergent and discriminant validity using multiple traits and multiple methods is well documented (e.g., Bollen, 1989; Heeler and Ray, 1972). However, convergent and discriminant validity were seldom assessed in the articles reviewed as Campbell and Fiske (1959) intended. Perhaps because traits or constructs were typically measured with one method, reliability was frequently substituted for convergent validity, and measure distinctness (i.e., low correlations with other measures) was substituted for discriminant validity. However, while Nunnally (1978) suggested that a .7 or higher reliability implies convergent validity, measures with reliabilities above .85 can contain more than 50% error variance (see Appendix A). Thus measures with .7 or higher reliability may not be judged convergent valid because they contain less variance due to their construct than variance due to error.

Average Variance Extracted
Perhaps for this reason, a statistic involving the percentage error variance in a measure, Average Variance Extracted (AVE) (Fornell and Larker 1981), was occasionally used to gauge convergent validity in the typically mono method studies reviewed. To explain AVE, the variance of a measure can be expressed as,

Var(x1+...+xn)  =  Var(λ1X+e1+...+λnX+en)  =  (Σλi2)Var(X)+ΣVar(ei),
(5

if X and e are independent, where λi is the loading of the indicator xi on the latent variable X., Var(X) is the disattenuated (error free) variance of X, and ei is the measurement error of xi. AVE is given by,

            (Σλi2)Var(X)              

AVEX  =  ────────────── ,
(6

                  (Σλi2)Var(X)+ΣVar(ei)

where Σ indicates a sum (see Endnote 4 more). The result is the percentage of the total variance of a measure (see Equation 5) represented or extracted by the variance due to the construct, λ12Var(X) + ... + λn2Var(X) = (Σλi2)Var(X). AVE ranges from 0 to 1, and Fornell and Larker (1981) suggested adequately convergent valid measures should contain less than 50% error variance (i.e., AVE should be .5 or above) (also see Dillon and Goldstein, 1984, and see Appendix E for an example).

Because acceptably reliable measures can contain more than 50% error (e.g., X in Appendix A), in UV-SD model tests a measure's reliability should probably be higher than Nunnally's (1978) suggestion of .7 to avoid a low AVE. While there is no firm rule, measure reliability should probably be .8 or more, to avoid these difficulties. However, a more precise alternative to reliability as a gauge of convergent validity would be an AVE of .5 or above. Thus, adequate convergent validity could be suggested by reliabilities of .8 or higher, and demonstrated by an AVE above .5.

Discriminant validity was typically established in the articles reviewed by using correlations when it was demonstrated. Although there is no firm rule, correlations with other measures below |.7| were usually accepted as evidence of measure distinctness and thus discriminant validity. Larger correlations were occasionally tested by examining the confidence intervals of correlations to see if they included 1 (see Anderson and Gerbing, 1988). They were also infrequently tested by using a single degree of freedom test that compares two structural equation measurement models, one with the target correlation fixed at 1, and a second with this correlation free (see Bagozzi and Phillips, 1982). If the difference in resulting chi-squares is significant, this suggests the correlation is not 1, and this implies the constructs are distinct, and it provides evidence of discriminant validity. (Note: this test and the correlation confidence interval test are untrustworthy for gauging discriminant validity--see "Is there any way to improve Average Variance Extracted (AVE) in a Latent Variable (LV) X?" on this website.)

Occasionally AVE was used to gauge discriminant validity. If the squared correlation between constructs (r2) is less than either of their individual AVE's, this suggests the constructs each have more error free (extracted) variance than variance shared with other constructs (r2). In different words, they are more internally correlated than they are with other constructs. This in turn suggests discriminant validity.

COMMENTS ON MEASURE VALIDATION
New measures frequently seemed to be underdeveloped in the articles reviewed. For example, new measure development details were not always reported. Thus it appeared that recommended procedures such as item judging, focus groups, etc. (Churchill, 1979, see Calder, 1977) were not always used to develop new measures.  Several data sets should also be used to gauge the reliability and facets of the validity of measures (Campbell and Fiske, 1959; see Churchill, 1979). However, measure validation studies were seldom discussed. In some cases measure validation was abbreviated in a typically small pretest that was briefly summarized in the article, and the reliability and validity of the study measures was gauged using the final test data (i.e., the data used to test the proposed model).

Scenario Analysis
While reliability and validity should always be confirmed using the final test data, care should be taken to conduct and adequately report measure validation studies, or the study results should be termed preliminary because the measures have received minimal testing. Although not reported in the articles reviewed, scenario analysis has been used elsewhere in the social sciences, and it could be used to produce data sets for preliminary measure validation (see Ping, 1998b). Scenario analysis is an experiment in which subjects (typically 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 C). The results of scenario analysis have been reported to be similar enough to those from surveys 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 D).

Previously-used Measures
As discussed earlier, many of the descriptions of previously-used measures in the articles reviewed were incomplete. For example, while the source of a previously-used measure was invariably given, the reliability and validity of these measures in previous studies were frequently left for the reader to find elsewhere. More important, articles frequently assumed that a demonstration of adequate reliability and validity of a measure in a previous study implied its reliability and validity in subsequent studies. Reliability and facets of validity such as construct, convergent, and discriminant validity are demonstrated using sample statistics (e.g., coefficient alpha for reliability, correlations for construct and discriminant validities, and AVE for convergent and discriminant validity) that vary from sample to sample (see Peter and Churchill, 1986). In addition, reliability and AVE have unknown sampling distributions, so they cannot be generalized beyond the study sample without additional samples (see Endnote 5 for generalizibility theory). Further, the content or face validity of previously-used measures occasionally seemed questionable, and some had actually performed marginally (i.e., exhibited low reliability or validity) in previous studies. Thus, care should be taken to show that previously-used measures are valid and reliable in the study being reported, and that they have been consistently so.

Reliability And Average Variance Extracted 
Reliability and Average Variance Extracted (AVE) are linked, but not always closely. While reliability is always larger than AVE (see Equations 4 and 5), a highly reliable measure can have an unacceptable AVE (e.g., in Appendix A, X has reliabilities of .81 to .86 and AVE's of .5 or below). As Appendix A also suggests, it is possible to decrease reliability but increase AVE (see Tables A2 and A3). Thus, omitting items to improve reliability or consistency can either improve or degrade AVE. Because omitting unreliable or inconsistent items may also undermine content validity, the final itemization of a measure can be a trade off among consistency/unidimensionality, reliability, AVE, and content or face validity.

Interactions and Quadratics
In experiments with categorical independent variables (e.g., experiments analyzed with ANOVA), interactions (e.g., XZ in Y = b0 + b1X + b2Z + b3XZ + b4XX) and quadratics (e.g., XX) are routinely investigated to help interpret significant main effects (i.e., the X-Y and Z-Y effects). However, interactions and quadratics were seldom investigated in the UV-SD model tests reviewed, even when theory seemed to suggest their existence. Although not reported in the few articles that did investigate interactions or quadratics, the reliability of these variables can be low. The reliability of XZ, for example, is

            rXZ2 + ρXρZ
ρXZ =   ───────────    ,
(7

              rXZ2 + 1

where ρ denotes reliability and rXZ2 is the correlation of X and Z. Similarly, the reliability of XX is 

 Var(XTXT)

ρXX =  —————— 

  Var(XX)

2Var2(XT)

      =  ————— 

2Var2(X)
      =  (ρX)2








          (8

(Busemeyer and Jones, 1983) (Note: this result was incorrectly stated in the final JBR article). Thus, the reliability of an interaction or quadratic is approximately the product of the reliabilities of their constituent variables X and Z (see Endnote 6 for more). As a result, the reliabilities of the constituent variables that comprise an interaction or quadratic should in general be high. Further, Equations 7 and 8 do not produce the same values as the formula for coefficient alpha. Thus the SAS, SPSS, etc. programs that determining reliability can not be used for determining the reliability of an interaction or a quadratic.

The validity of interactions and quadratics was not considered in the articles examined. Specifically, content (there is an interaction estimation procedure that suggests dropping items-- see Jaccard and Wan, 1995), convergent, and discriminant validity should be considered for these variables. Interactions and quadratics are unavoidably correlated with their constituent variables, and thus they should be shown to be distinct from them (i.e., they should be shown to be discriminant valid). In addition, since the convergent validity of an interaction or quadratic measured using AVE is always less than its reliability, the convergent validity of an interaction or quadratic could be quite low and it should be reported.

Second Order Constructs
There are several types of constructs in the social sciences, including the familiar first-order construct, and based on the articles examined, the somewhat less familiar second-order construct. A first-order construct has observed variables (i.e., measure items) as indicators of the construct. The relationship between indicators and a first order construct typically assumes the construct "drives" the indicators (i.e., the indicators are observable instances or manifestations of their unobservable construct, and a diagram of the construct and its indicators would show the construct specified or connected to the indicators with arrows from the construct to the indicators-- a reflexive relationship, see Bagozzi, 1980b and 1984). However, indicators can also "drive" their construct (i.e., the indicators define the construct, and a diagram of the construct and its indicators would show the indicators connected to the construct with arrows from the indicators to the construct-- a formative relationship, see Fornell and Bookstein, 1982). Formative constructs were seldom seen in the articles reviewed. Because formative constructs are not unobserved variables I will not discuss them further.

Occasionally a second-order construct was reported in the articles reviewed. These are constructs with other constructs as their indicators. For example in Dwyer and Oh's (1987) study of environmental munificence and relationship quality in interfirm relationships, the second-order construct relationship quality had the first-order constructs satisfaction, trust, and minimal opportunism as indicators (see Bagozzi, 1981; Bagozzi and Heatherton, 1994; Gerbing and Anderson, 1984; Gerbing, Hamilton and Freeman, 1994; Hunter and Gerbing, 1982; Jöreskog, 1970; and Rindskopf and Rose, 1988 for discussions of second-order constructs). Each first order construct in turn had their respective observed indicators. Presumably specifying the second order construct relationship quality with first order constructs simplified the model, yet it provided a richer model of the consequences of environmental munificence.

As the Dwyer and Oh example suggests, a second-order construct can be used to combine several related constructs into a higher-order construct using structural equation analysis. Thus a second-order construct could be used as an alternative to omitting items in a multidimensional construct (see Gerbing, Hamilton and Freeman, 1994 for examples). A second-order construct could also be used as an alternative to omitting inconsistent items, especially in older measures. If the omitted items are consistent among themselves, they could be specified as the second, third, etc. facet in a second order construct.

However, the reliability and validity of these second-order constructs were not reported. The coefficient alpha of these variables is computed using a dissattenuated (error-free) covariance matrix of the first-order constructs, or using the error variances (ζ's) and loadings (β's) of the first-order constructs on the second-order construct in a second-order measurement model in place of λ's and Var(e)'s Equation 4.

Similarly, the content or face validity and construct validities of second-order constructs should be reported. In this case, validity is demonstrated first by demonstrating valid first-order constructs, then by demonstrating the validity of the second-order construct with the first order constructs as indicators. The content validity of a second order construct is demonstrated as it is for first order constructs. However, the first order constructs should be viewed as the indicators of the second-order construct. Construct validity is suggested by plausible correlations of the second-order construct with the other study variables, while convergent validity could be suggested by an AVE for the second-order construct that is greater than .5. This AVE should be calculated using the loadings (β's) and measurement error variances (ζ's) of the first-order constructs on the second-order construct in a measurement model, or using Endnote 4 (see Endnote 7 for more).

Bootstrapping
Although it was not reported in the articles reviewed, bootstrapping (Efron, 1981) could be used to produce confidence intervals for reliability and facets of validity, and thus provide them with a type of generalizability using the UV-SD model test data. Bootstrapping has been suggested to estimate standard errors (see Efron, 1981), and it has also been suggested to improve the asymptotic correctness of a sample covariance matrix (Jöreskog and Sörbom, 1996a:173, 185; see Bentler, 1989:76). It is accomplished by averaging the statistics of interest (in this case reliability, AVE, the disattenuated correlation matrix of the constructs, etc.) that result from taking subsamples of the available cases (e.g., a hundred subsamples each with 10% of the cases randomly deleted). The resulting bootstrapped (i.e., averaged) reliability, for example, and the square root of the variance of the reliability estimates could then be used to gauge a measure's reliability across multiple studies of the same population. A 95% confidence interval for the bootstrapped (average) reliability of a measure, ρavg, for example, would be ρavg ± 2(Varρ)1/2 where (Varρ)1/2 is the square root of the variance of the reliabilities generated by the bootstrap procedure (the square root of which is an estimate of the standard error of ρavg). Multi-sample reliability could then be gauged by inspecting this confidence interval to see if it extended below .7. If it did, this would undermine the reliability of the target measure. Similarly, a 95% confidence interval for the bootstrapped (i.e., averaged) AVE, AVEavg, would involve AVEavg and VarAVE., and an AVEavg - 2(Varave)1/2 value less than .5 would undermine the convergent validity of the target measure. (Note: bootstrap results should be used with caution--see "Why are reviewers complaining about the use of PLS in my paper?" on this website.)

A bootstrapped (averaged) correlation matrix of the study constructs could also be used as an improved correlation matrix (i.e., more likely to be asymptotically, or large sample, correct) for gauging construct validity. In addition, if the confidence intervals for (AVEX)1/2 or (AVEZ)1/2 and the bootstrapped correlation between X and Z overlapped, that would undermine discriminant validity. (Again note that ibootstrap results should be used with caution--see "Why are reviewers complaining about the use of PLS in my paper?" on this website.)

IN CONCLUSION
Based on the articles reviewed it was difficult to escape the conclusion that reliability and validity in UV-SD model tests could be improved by simply following well-known procedures for this purpose (e.g., Churchill 1979). For example, an examination of the equations for reliability and convergent and discriminant validity suggest that difficulties with reliability or these facets of validity could be viewed as a result of insufficient error-free variance. Thus procedures for improving the reliability and validity of a measure should include increasing the error-free variance of its items, and increasing its items' loadings or correlations with its unobserved construct. In particular, increasing the number of item scale points, wording item stems in the language of the study population, and pretesting the study protocol (e.g., cover letter, questionnaire, etc.) deserve emphasis because they are easily implemented and particularly effective. Specifically, to increase construct variance and reduce measurement error variance, the number of scale points could be increased by replacing the ubiquitous five point Likert scale with a seven-point Likert scale, a ten-point rating scale, etc. (see Churchill and Peter, 1984).

Churchill's (1979) suggestion of using focus groups in item development is extensively used in applied marketing research to improve itemization and thus measurement error. Researchers in this venue believe that one or more small and convenient focus groups from the study population will yield important "instances" of observable sentiments and behaviors pertaining to study constructs that can reduce the guesswork in identifying valid items for a new or revised measure. In addition, these focus groups can reveal the specific language the study population uses to communicate regarding these constructs. This information is then used to improve the phrasing of item stems, and thus reduce measurement error.

Similarly, even rudimentary pretests should be effective in reducing measurement error. For example, administering the survey protocol (e.g., cover letter, questionnaire, etc.) to as few as one subject from the study population, then discussing their responses with them can be effective in reducing measurement error (see Dillon, Maden and Firtle, 1987:375).

Based on the articles reviewed, it may not be widely understood that reliability and facets of validity are actually sample-based statistics. Thus the reliability and facets of the validity of each study measure, including previously used measures, will vary across samples. Specifically, reliability and facets of validity cannot be generalized without additional samples because their sampling distributions are unknown. Thus the reliability and validity of each study measure should be evaluated and reported in a UV-SD model test, regardless of whether or not it has been used previously.

Because content or face validity in UV-SD model tests is subjectively gauged, not only by writers and reviewers but also by readers after the study is published, conceptual definitions, items, and measure development details should be reported in published articles so that subsequent readers can judge the content or face validity of each measure. Similarly, reliabilities and 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 confirmed by readers.

A single data set was frequently used to validate both the measures and the model in the UV-SD model tests reviewed. Scenario analysis was suggested to provide additional data sets that could be used to preliminarily evaluate new and previously used measures. Bootstrapping the UV-SD model test data was suggested to gauge the generalizability of the reliability and facets of validity of the study measures. However, my preliminary experience with bootstrapped confidence intervals and sample sizes of 200 or more suggest that a measure with an observed reliability above .75 is unlikely to have a confidence interval that extends below .7, and that a measure with an observed average variance extracted (AVE) above .55 is unlikely to have a confidence interval that extends below .5.

However, it is possible for a measure to have a reliability above .8 yet have an AVE below .5 (see Appendix A). Thus 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.

For structural equation analysis consistency is required to attain model-to-data fit and avoid interpretational confounding. Consistency can be attained using full measurement models and specification searches (e.g., modification indices in LISREL and LMTEST in EQS) to identify items that load significantly on multiple constructs. It can also be attained by omitting measure items that either do not cluster together in an ordered similarity coefficient matrix of all the measures, or have a large summed first derivative using a full measurement model.

However, omitting items to attain consistency can affect content validity, and item deletion should be done with care. The current practice of omitting items in older well-established measures to attain consistency/unidimensionality in structural equation analysis may be ill advised because it can reduce content or face validity. Alternatives to omitting items in a measure to attain consistency include summing them and using a single averaged indicator and regression (however see Endnote 2). They also include using structural equation analysis with a loading and a measurement error that are functions of the communalities or reliability of the items.

When structural equation analysis is used, model-to-data fit 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 AVE of the study constructs.

Needed Research
It would be helpful to have additional insights into several aspects of reliability and validity. For example, the sampling distributions of the popular reliability coefficients and the average variance extracted (AVE) statistic are unknown. Approaches to providing approximate confidence intervals for these statistics include curve fitting an approximate distribution using Monte Carlo simulations. The results of Monte Carlo simulations involving data sets with different levels of measurement error could also be used to determine ranges of confidence intervals at differing reliabilities and/or AVE.

Similarly, reliability and AVE are related, and it is possible to have a measure with acceptable reliability yet unacceptable AVE using existing cutoffs for the acceptability of these statistics. This raises questions such as, should the limits of acceptable reliability and AVE be reconciled? If so, how? I suggested a conservative approach of raising the reliability cutoff to correspond to the AVE cutoff of .5, but what are the effects of lowering the AVE cutoff to correspond to the reliability cutoff of .7?

In addition, the assessment of reliability and validity in interactions and quadratics needs more work. For example, Busemeyer and Jones (1983) derived the formula for the reliability of an interaction (see Equation 7), yet Equation 7 produces a different result from the latent variable (LV) reliability equation (Equation 4). Both approaches to determining reliability are plausible, yet the Busemeyer and Jones (1983) Equation 7 results are typically much larger than the LV reliability Equation 4 results. Since multiple approaches to determining reliability are practically equivalent for unidimensional first order latent variables, why do they typically produce different results in interactions and quadratics?

Similarly, if the Busemeyer and Jones (1983) Equation 7 formula is correct for the reliability of interactions and quadratics, and the LV reliability Equation 4 formula is not, is the Equation 6 formula for the AVE of an interaction correct? In this case would a modification of the Busemeyer and Jones (1983) Equation 7 formula be a more appropriate assessment of AVE for interactions and quadratics?

ENDNOTES
1. I reviewed UV-SD model tests in major marketing journals. The journals included Journal of Marketing, the Journal of Marketing Research, Marketing Science, the Journal of Consumer Research, the Journal of the Academy of Marketing Science, the Journal of Retailing, the Journal of Personal Selling and Sales Management, and the Journal of Business Research from 1980 to the present. I also reviewed the recent methods literature in the Journal of Marketing Research, the Psychological Bulletin/Psychological Methods, Psychometrika, Multivariate Behavioral Research, Sociological Methodology, and Sociological Methods and Research.

2. However, authors have warned against the used of regression with variables measured with error (see Bohrnstedt and Carter, 1971; Rock, Werts, Linn and Jöreskog, 1977; Warren, White and Fuller, 1974; and demonstrations in Cohen and Cohen, 1983), and from 1980 to the present regression was increasingly less frequently used in the articles reviewed.

3. CFI compares model fit to the fit of a null or independence baseline model (i.e., one in which the observed variables are composed entirely of measurement error). It typically varies between 0 and 1, and values .90 or above are considered indicative of adequate fit (see McClelland and Judd, 1993).

   RMSEA has been suggested as a third indicator of fit (see Jöreskog, 1993), possibly because of the potential inappropriateness of chi-square, GFI and AGFI, and criticisms of CFI's all-error baseline model (see Bollen and Long, 1993). An RMSEA below .05 suggests close fit, while values up to .08 suggest acceptable fit (Browne and Cudeck, 1993; see Jöreskog 1993).

4. AVE must be manually calculated, and its parameters are available in structural equation modeling. AVE can be approximated using estimates of the Equation 6 parameters available from SPSS, SAS, etc. In Equation 6, Σλi2 is approximated by the sum of squares of the loadings in a maximum likelihood exploratory common factor analysis (i.e., the sum of the communalities or the eigenvalue of the items). Var(X) can be set to one, and ΣVar(ei) is approximated by n - Σλi2. Thus, AVE is approximately the explained variance of the items in a maximum likelihood exploratory common factor analysis. Our experience is that for an unidimensional measure there is little practical difference between an AVE calculated using Equation 6 and an AVE equaling the percent explained variance in a maximum likelihood exploratory common factor analysis.

5. Generalizability theory (Cronbach, Gleser, Nada and Rajaratnam, 1972) can be used to address this problem for reliability, although it has not been widely used in the social sciences and was not used in any of the articles reviewed. Similarly bootstrapping, which is discussed later, could be used for reliability, AVE, etc. Both of these approaches, however require additional samples.

6. The exact reliability of an interaction is .002 to .228 larger than the product of the reliabilities of the constituent variables across constituent reliabilities of .7 to .9 and constituent correlations of .1 to .9-- the largest difference is for a correlation of .9 and constituent reliabilities of .7 each. The exact reliability of a quadratic is .095 to .225 larger than the square of the reliability of the constituent variable across constituent reliabilities of .7 to .9-- the largest difference is for a correlation of .9 and a constituent reliability of .7.

7. The indicator first-order constructs may not be discriminant valid, but this is not unusual in second order constructs.
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APPENDIX A- Consistency Improvement using Summed First Derivatives
A measure of the latent variable X with eight items was used in a marketing survey that produced more than 200 usable responses. The first derivatives with respect to the error terms (Var(e)' s in Equation 1)from a single construct measurement model of X, and their sum without regard to sign for each item, are shown in Table A1. The item with the largest Table A1 column sum without regard to sign (x4) was omitted, and the measurement model was re estimated to produce the Table A2 first derivatives. This process was repeated until RMSEA was .08 or less (see Table A4). An investigation of all other measurement models with of five items (not shown) produced combinations of items that were less consistent (i.e., they had worse model-to-data fit statistics), suggesting the Table A4 items were maximally consistent.

However, maximizing consistency does not necessarily maximize reliability or Average Variance Extracted (AVE). The items with maximum reliability and AVE were x4, x5, x6, x7, and x8 (Reliability = .884 and AVE = .606, but χ2 = 25, df = 5, p-value = .0001, RMSEA = .135).

There is no guidance for trading off reliability and consistency. In the present case the reliabilities of both the Table A4 itemization and x4, x5, x6, x7, and x8 would likely be judged acceptable. However AVE for the Table A4 itemization is only slightly above the suggested cutoff (i.e., .5), and x4 through x8 are marginally consistent. In cases where reliability and consistency diverge, I would suggest using the higher reliability itemization first.


Table A1- First Derivatives for the Eight Item Measure

x1

x2

x3

x4

x5

x6
    x7
    x8
x1

 0.000
‑0.439
‑0.025
‑0.086
 0.047
 0.006
 0.010
 0.371

x2

‑0.439
 0.000
‑0.272
 0.287
 0.217
 0.042
‑0.200
 0.143

x3

‑0.025
‑0.272
 0.000
‑0.527
 0.184
 0.364
 0.422
‑0.207

x4

‑0.086
 0.287
‑0.527
 0.000
‑0.943
 0.505
 0.534
 0.144

x5

 0.047
 0.217
 0.184
‑0.943
 0.000
 0.222
 0.359
 0.019

x6

 0.006
 0.042
 0.364
 0.505
 0.222
 0.000
‑0.929
‑0.187

x7

 0.010
‑0.200
 0.422
 0.534
 0.359
‑0.929
 0.000
‑0.113

x8

 0.371
 0.143
‑0.207
 0.144
 0.019
‑0.187
‑0.113
 0.000

Suma
 0.983
 1.600
 2.000
 3.027
 1.991
 2.254
 2.565
 1.184

χ2 = 86  df = 20  p-value = 0  RMSEAb = .123  Reliability = .860  AVE = .442

APPENDIX A- Consistency Improvement using Summed First Derivatives (Continued)

Table A2- First Derivatives with x4 Deleted

x1

x2

x3

x5

x6

x7
    x8
x1

 0.000
‑0.442
‑0.064
‑0.057
0.037
 0.044
 0.354

x2

‑0.442
 0.000
‑0.287
 0.129
0.214
‑0.067
 0.195

x3

‑0.064
‑0.287
 0.000
‑0.172
0.319
 0.382
‑0.313

x5

‑0.057
 0.129
‑0.172
 0.000
0.090
 0.231
‑0.252

x6

 0.037
 0.214
 0.319
 0.090
 0.000
‑0.544
 0.012

x7

 0.044
‑0.067
 0.382
 0.231
‑0.544
 0.000
 0.112

x8

 0.354
 0.195
‑0.313
‑0.252
 0.012
 0.112
 0.000

Suma
 0.998
 1.334
 1.537
 0.933
 1.217
 1.381
 1.239

χ2 = 56  df = 14  p-value = .44E-6  RMSEAb = .117  Reliability = .828  AVE = .416

          Table A3- First Derivatives with x3 and x4 Deleted

x1

x2

x5

x6

x7

x8
x1

 0.000
‑0.445
‑0.086
 0.045
 0.054
 0.304

x2

‑0.445
 0.000
 0.036
 0.190
‑0.103
 0.107

x5

‑0.086
 0.036
 0.000
 0.114
 0.270
‑0.383

x6

 0.045
 0.190
 0.114
 0.000
‑0.252
‑0.013

x7

 0.054
‑0.103
 0.270
‑0.252
 0.000
 0.096

x8

 0.304
 0.107
‑0.383
‑0.013
 0.096
 0.000

Suma
 0.937
 0.883
 0.891
 0.616
 0.776
 0.904

χ2 = 36  df = 9  p-value = .38E-4  RMSEAb = .116  Reliability = .814  AVE = .433

Table A4- First Derivatives with x1, x3 and x4 Deleted

x2

x5

x6

x7

x8
x2

 0.000
‑0.026
 0.110
‑0.180
 0.079

x5

‑0.026
 0.000
 0.104
 0.252
‑0.352

x6

 0.110
 0.104
 0.000
‑0.233
 0.064

x7

‑0.180
 0.252
‑0.233
 0.000
 0.173

x8

 0.079
‑0.352
 0.064
 0.173
 0.000

χ2 = 5.89  df = 5  p-value = .136  RMSEAb = .028  Reliability = .835  AVE = .509

───────────────────────
a Without regard to sign
b .05 suggests close model-to-data fit, .051-.08 suggests acceptable model-to-data fit (Brown and Cudeck 1993, Jöreskog 1993).
APPENDIX B- Ordered Similarity Coefficients and Consistency
Similarity coefficients for the eight items analyzed in Appendix A are shown in Table B, in descending summed similarity. For example, x4 has a similarity of 1.00 with itself, and .97 with x5, etc. It is the most similar to all the items (i.e., while the sums of similarity coefficients are not shown, it is obvious that x4 has the largest summed similarity), and is most similar to x5. x5 is the next most similar item and after x4 it is most similar to and x6.

However, ordered similarity coefficients do not necessarily suggest maximally consistent item clusters. The most similar items are x4, x5, x6, x7, and x8, (each have .9 or higher coefficients with the others). Item x3 is less similar with .91 or lower coefficients, and x2 and x1 have one or more coefficients below the suggested .8 cutoff. Nevertheless the five items with the highest consistency were x2, x5, x6, x7, and x8 (see Appendix A).


Table B-Ordered Similarity Coefficients for the Appendix A Itemsa
         x4    x5    x6    x7    x8   x3    x2    x1
 x4  100   97   94   93   93   91   80   71

 x5    97 100   94   93   93   87   79   69

 x6    94   94 100   97   93   84   80   69

 x7    93   93   97 100   92   83   82   69

 x8    93   93   93   92 100   88   76   60

 x3    91   87   84   83   88 100   81   66

 x2    80   79   80   82   76   81 100   81

 x1    71   69   69   69   60   66   81 100

───────────────────────
a Table entries are coefficients times 100
APPENDIX C- An Example Scenario
Scenario analysis is composed of instructions (see Exhibit C), a scenario (titled "Research Material" in Exhibit C), a questionnaire containing measures for the study constructs which is attached to the instructions (not shown), and student subjects. The scenario manipulates the independent variables, and the questionnaire measures the manipulations and the dependent variables.

In the Exhibit C scenario each student received the Instructions/Research Materials sheet with the questionnaire attached. The Research Material shown in Exhibit C has been truncated at the ellipses to conserve space, and each student received a Research Material section showing only one of the two possible choices in each parenthesis. The Exhibit C experiment had 8 treatments (see the last paragraph of the Research Material), each with two levels (represented by the alternatives in parentheses), so there were 256 (= 28) different Research Materials, one for each treatment group. Ideally treatment groups should be homogenous within, and there should be more than one subject per treatment. However, this particular scenario involved one subject per treatment and nonhomogeneous student subjects (see the results in Appendix D).


Exhibit C- A Scenario

INSTRUCTIONS:  Please read the following material, and then respond to the statements that follow it.  Your responses are anonymous and very important to the development of a study of personal selling.

RESEARCH MATERIAL

Please attempt to place yourself in the position of X, the major character in the following short story.  Try to imagine that person's feelings and attitudes as vividly as you can, considering what it would be like to be in their situation.  You may need to read the story several times before you are completely familiar with the details of the situation.  Then respond to the statements that follow the story, indicating how you would react if you were in that situation.  There are no "right" or "wrong" answers.  It is your own, honest opinion of how X would feel and act that we want.

Imagine that you are X.  You are working for a financial services company.  The company sells mutual funds and other investments.  It helps clients manage their personal and family assets using offices located around the country.  Clients seek the company's advice and investment products to maintain and build their net worth for retirement, college for their children, etc.

You are an account representative for, among other things, the company's mutual fund products that include stock and bond funds, and funds made up of securities from foreign companies.  You are very good at advising clients regarding their financial planning.  You and the company have (a common, different) goal-- (satisfied customers, you want satisfied customers and they want brokerage fees).  You are also paid a very (attractive, unattractive) combination of salary and commissions that (generously,  does not) compensate(s) you for all the preparation and work that you do for the company.  The company's policies and procedures regarding performance evaluation and feedback, promotion, vacation, health care, etc. are (very, not) fair compared to other companies.  These policies and procedures are administered very (fairly, unfairly):  you see (no) favoritism in promotions, for example, (and, or) inconsistent administration of these policies and procedures (any-, every-)where.  You are treated with (great, no) respect (and, or) concern for your feelings by company manage​ment.

You have worked for the company for (seven years, three months) now, and have devoted many of these years to developing your client base.  (You have spent many nights and weekends, Some of this time has been devoted to) 

APPENDIX C- An Example Scenario (Continued)
learning the company's products and services, and how to serve clients with these products and services, (that could

have been spent having fun; Some of this time has been spent developing your client base).

.

.

.

Things at work had been fine, but in the past week a problem developed. Your manager called you to say that

you will be asked to give several of your best clients to the newly hired account representatives.  They currently go too long without commissions.  In addition, you will be asked to help train these new account representatives.  This would reduce the available time you have to find replacement clients, and reduce your ability to serve your existing clients.

Remember, you have worked for this company a (long, short) time.  You and the company have (the same,  very different) goals.  Your compensation is very (fair, unfair).  The company's policies and procedures are very (fair, unfair).  These policies and procedures are administered very (fairly, unfairly).  You are treated with (great, no) respect (and, or) concern for your feelings by your company's management.  Other potential employers are very (attractive, unattractive).  Changing jobs would require (a lot of, little) effort (and, or) risk.

APPENDIX D- Scenario Analysis Results Comparison
The Appendix C scenario was administered to more than 200 students, and its questionnaire was also mailed to a sample from a non student population, and this generated more than 200 responses. A psychometric comparison of the scenario analysis results and the survey data results using the same questionnaire is shown in Table D. They are similar enough to suggest that scenario analysis may be useful for measure debugging, and preliminary model evaluation.


Table D- Comparison of Scenario and Survey Data from a Common Questionnaire Using Factor Analysis

Scenario Data:





Field Survey Data:

FACTOR 1    2    3    4    5

          1     2     3     4      5
EX6  .858




  EX7   .841

EX4  .851                                 EX3   .829

EX2  .839                                 EX2   .821

EX7  .839                                 EX4   .815

EX5  .826                                 EX5   .814

EX1  .770                                 EX1   .807

EX8  .769                                 EX6   .778

EX3  .730                                 EX8   .771

IN8       .933



  SA8         .850

IN3       .897                            SA7         .848

IN5       .897                            SA4         .809

IN6       .887                            SA6         .794

IN1       .869                            SA3         .747

IN4       .861                            SA2         .746

IN7       .683                            SA1         .703

IN2       .601                            SA5         .675

AL5            .820



  IN5


.906

AL6            .768                       IN8               .901

AL3            .743                       IN3               .879

AL2            .739                       IN4               .876

AL4            .732                       IN6               .873

AL7            .729                       IN1               .823

AL1            .701                       IN7               .680

SA7            .814                       IN2               .646

SA3                 .780                  AL5                     .778

SA2                 .771


  AL1                     .771

SA8                 .750                  AL3                     .768 

SA6                 .721                  AL2                     .761

SA4                 .718                  AL7                     .759

SA1                 .657                  AL4  ‑.415              .752

SA5                 .518                  AL6                     .646

SC2                      .823

  SC5                           .797

SC4                      .778             SC4                           .784

SC5                      .721             SC6                           .768

SC6 ‑.406                .711             SC3                           .743

SC1                      .692             SC2                           .637

SC3 ‑.443                .642             SC1                           .635

Eigen-

value 13.24 5.93 3.10 2.35  2.06


 16.23  5.87   2.79   1.85   1.79
Pct.

Var    35.8 16.0  8.4  6.4   5.6


  43.9  15.9    7.6    5.0    4.9
APPENDIX E- Average Variance Extracted
A marketing survey involving the latent variables T, U, V, W, and the interaction UxT produced more than 200 usable responses. After item omissions to attain sufficient consistency, the measures for these latent variables were judged to be unidi​mensional, valid and reliable. A second marketing survey involving the latent variables A, B, C, D, and E also produced more than 200 usable responses. The measure for A was an established measure, and omitting items in several other measures to attain acceptable consistency was judged to degrade their content or face validity. Thus, these measures were used with no item omissions. The unidimensionality of A, B, C, D, and E was gauged using maximum likelihood exploratory common factor analysis. Each of the measures for A through E produced one factor with an eigenvalue greater than one, which suggested their unidimensionality. Table E presents the reliabilities and average extracted variance estimates for these variables. Since the model-to-data fit of the structural equation model for A through E was below acceptability, both the average variance extracted and the latent variable reliability (LV Reliability) estimates are approximations.


Table E- Reliability and AVE Comparisons

Measure                         U      T     UxT   V      W      A      B      C       D      E

LV Reliabilitya

.946
.635
.686
.817
.928
.933
.926
.927
.949
.962

SPSS Reliabilityb
.942
.609
.749e .818
.925
.941
.929
.917
.947
.968

SEA AVEc

.781
.384
.136
.534
.765
.672
.692
.671
.792
.721

Eigenvalue AVEd
.737
.341
.166
.475
.731
.643
.637
.588
.760
.710

_______________

a Using Equation 4.

b Reliabilities using raw data and SPSS, except for the reliability of UxT.

c Using Equation 6.

d AVE estimated using the Footnote 6 approach involving the percent explained variance of each measure from Maximum Likelihood exploratory common factor analyses (except for UxT-- see Footnote e below).

e Using Equation 7.

APPENDIX F- A Structural Equation Model with Single Indicators
The data from the second marketing survey described in Appendix E was used to estimate the variables A through D's associations with E using single indicator structural equation analysis (SEA). A single averaged indicator was used for each of the variables A, B, C, D, and E. To use this single indicator approach, the indicators for each latent variable X should be unidimensional using maximum likelihood exploratory common factor analysis and criteria such only one factor with an eigenvalue greater than one. Next the indicators for X, x1, x2, ... , xn, should be averaged, and the value (x1+x2+ ... +xn)/n should be added to each case. Then the variance of X, Var(X), and the reliability of X, αX, should be determined using SAS, SPSS, etc. Next the loading of each xi on X should be determined using maximum likelihood exploratory common factor analysis (i.e., using SAS, SPSS, etc.), each loading should be scaled (see below), and the loadings should be averaged to form ΛX. Finally, the averaged indicator should be specified in the structural equation analysis model (i.e., the measurement or structural model) with a fixed loading equal to ΛX and a fixed measurement error equal to Var(X)(1-α).

The above steps were taken for the variables A through E, and the results are shown in Table F1. For emphasis, the exploratory common factor analysis used maximum likelihood extraction, and the LISREL 8 estimation used maximum likelihood estimation. In addition before they were averaged, the maximum likelihood exploratory common factor analysis loadings were scaled by dividing each measure's loadings by its measure's maximum loading (i.e., each of A's loadings, la, was replaced by la/max(la), where  max(la) is the largest loading on A); each of B's loadings, lb, was replaced by lb/max(lb), where  max(lb) is the largest loading on B; etc.), which is required to syncronize the variances of indicators with that of their construct (this is similar to fixing an indicator at one to provide a metric [for non-unit-variance] A through E in structural equation analysis).

Table F2 shows the results of estimating the same model with A through E each specified using their multiple indicators. Since the reliabilities of A through E were above .9, Table F3 shows the results of replacing Λ with (α)1/2 in the Table F1 model. To obtain these results, the coefficient alphas were determined for A through E using SPSS, and the square roots of these values replaced the Λ's in the Table F1 model. (Note: A through E were unstandardized--their variances were not 1.)

APPENDIX F- A Structural Equation Model with Single Indicators (Continued)

Table F1- Single Indicator Coefficient Estimates Using Exploratory Common Factor Analysis

Dependent Variable= E

                   A             B                 C           D           χ2/df      GFIb  AGFIb  CFIc  RMSEAd
bia
 ‑0.478
  0.358
    0.000  
0.061         0/0       -------(not applicable)-------

t-value
 ‑6.94
  5.18
    0.00
0.87


Table F2- Multiple Indicator Coefficient Estimates

Dependent Variable= E

                   A             B                 C           D           χ2/df     GFIb  AGFIb  CFIc  RMSEAd
bia
 ‑0.465
  0.357
   ‑0.025
0.072    1079/517  .774   .740    .928     .070

t-value
 ‑6.90
  5.30
   ‑0.38
1.11


Table F3- Single Indicator Coefficient Estimates Using (α)1/2
Dependent Variable= E

                   A             B                 C           D            χ2/df      GFIb  AGFIb  CFIc  RMSEAd
bia
  ‑0.478        0.358
    0.000
0.061          0/0       -------(not applicable)-------

t-value
  ‑6.94
  5.18
    0.00
0.87

_____________

a Standardized estimates.

b Shown for completeness only-- GFI and AGFI may be inadequate for model-to-data fit assessment in larger models (see Anderson and Gerbing 1984). 

c .90 or better indicates acceptable model-to-data fit (see McClelland and Judd 1993). 

d .05 suggests close model-to-data fit, .051-.08 suggests acceptable model-to-data fit (Brown and Cudeck 1993, Jöreskog 1993).
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