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Abstract

Because there is comparatively little guidance for substantive researchers in detecting interactions involving unobserved or latent variables in theory tests, the paper addresses these matters. After examining situations where including interac​tions might be appropriate, the paper de​scribes detection tech​niques for these variables. Since structural equation analysis and errors-in-variables techniques are less accessible than regression in this application, the detec​tion capabil​i​ties of several regression-based techniques are evaluated using Monte Carlo simulations.

Perhaps surprisingly, some of these techniques performed adequately in detecting interactions involving unobserved variables that were present in the population model, rejecting interac​tions that were not present in the population model, and not mistaking a quadratic in the population model for an interac​tion. Overall, product-term regression, and saturated product-term regression, followed by subgroup analysis and dummy variable regression detected true inter​actions better than ANOVA or the Chow test. These techniques also rejected spurious interac​tions better than the Chow Test. Overall, ​​product-term regression, saturated ​​product-term regression, subgroup analysis, and dummy variable regression performed best at both tasks.

The paper also discusses characteristics of the data that appear to influence the detection of interactions involving unobserved variables and regression. These data characteristics include the presence of a quadratic in the population model and its being mistaken for an interaction, which has received no empirical attention to date. The effects of several data set characteristics are illustrated in the detection of an interaction between Role Clarity and Closeness of Supervision in their association with sales rep Satisfaction using a survey data set. The paper concludes with suggestions to improve the detection of interactions involving unobserved variables and regression that include mean centering, reporting multiple studies, and the use of a combination of detection techniques.


Introduction

In studies in​volv​ing cate​gori​cal independent variables (i.e., ANOVA studies), interactions are routinely estimated to aid in inter​pre​ting significant main effects. In stud​ies in​volv​ing continuous variables, ​inter​action variables are also specified, ​although not routinely, and not to aid interpre​tation as they are in ANOVA. Typically continuous interac​tions are specified ​​in response to theory that proposes their existence.

 
Researchers in the social sciences have called for the inclusion of interactions in models involving continuous variables (Aiken & West, 1991; Blalock, 1965; Cohen, 1968; Cohen & Cohen, 1975, 1983; Howard, 1989; Jaccard, Turrisi & Wan, 1990; Kenny, 1985). However, for variables measured with error such as unobserved variables, the options for detecting interactions have drawbacks. Regres​sion is known to produce biased and inefficient coefficient estimates for variables measured with error (Bohrnstedt & Carter, 1971; Buseme​yer & Jones, 1983). As a result, interaction detection techniques such as product-term regression and regression-based techniques involving sample splitting, such as subgroup analysis, will produce biased and inefficient coefficient estimates for unobserved variables.

While there have been several proposals to solve these problems (e.g., Warren, White & Fuller, 1974; Heise, 1986; Ping, 1995a) (see Feucht, 1989 for a summary), the proposed techniques lack signifi​cance testing statis​tics (Bollen, 1989), and are therefore inappro​pri​ate for theory tests. Nonlinear structur​al equation analysis (e.g., Kenny & Judd, 1984; Ping, 1995b,c) also shares this limitation for popular estimators such as Maximum Likelihood and Generalized Least Squares (Bollen, 1989; Kenny & Judd, 1984).

This paper addresses this discouraging situation. After examining the influence that interac​tions can have on the interpretation of a model test, ​​the paper summa​rizes the available ap​proach​es for detecting interactions. It then reports the results of an inves​tigation, using Monte Carlo simulations, of the ability of regression-based approach​es to detect true interactions, and reject spurious interac​tions involving unobserved variables. The paper discusses the effects the characteristics of the data have on the detection of these interactions using regression, and illustrates several of these effects using survey data. The paper concludes with suggestions for improved detection of these interactions.

We begin with a summary of the influence interac​tions can have on the interpretation of model tests involving continuous variables.


Interactions in Model Tests

Researchers include interac​tions in theory tests under several circumstances. The first arises when theory proposes the existence of interactions. The second occurs as part of the researcher's ​​effort to improve the interpretation of signifi​cant main effects. Theories that propose ​interactions are ubiquitous in the Marketing literature (see for example Walker, Chur​chill & Ford 1977; and Weitz 1981 in the personal selling literature; Ajzen & Fishbein 1980, Engel, Blackwell & Kollat 1978, Howard 1977, and Howard & Sheth 1969 in the consumer behavior literature; Dwyer, Schurr & Oh 1987, and Stern & Reve 1980 in the channel literature; and Sherif & Hovland 1961 in the advertising literature). Researchers in Marketing have tested these and other proposed interactions involving continuous variables (see for example Batra & Ray 1986, Heide & John 1992, Kohli 1989, Laroche & Howard 1980, and Teas 1981). However, examples of the inclusion of continuous interactions reported as part of a researcher's efforts to reduce interpretation​al errors are rare.

Researchers who call for the investi​ga​tion of continu​ous interaction and quadratic variables have argued that failing to do so increases the risk of false negative and condi​tion​al positive research findings. To demonstrate this, consider a model with ​linear terms only,

Y = b0 + b1X + b2Z .
(1

The Z-Y association in this model may be over- or under​stated because of the influence of an interac​tion of Z with X in the population model. When an XZ interac​tion is present in the population model, the actual coeffi​cient of Z in equation (1) is given by

Y = b'0 + b'1X + b'2Z + b3XZ ,
(2

    = b'0 + b'1X + (b'2 + b3X)Z .
(3

In equation (3) the relationship between Z and Y ​varies with the values of X. For X values at one end of its range, it is possible for Z in equation (3) to have a stronger association with Y than it does in equation (1) (e.g., b'2 + b3X is larger than b2). For X values at the other end, it is possible for Z to have a weaker associa​tion with Y that it does in equation (1). It is also possible for Z to have a negative associa​tion with Y (i.e., b'2 + b3X is nega​tive) for X values near one end of its range, a positive associa​tion near the other end, and no associa​tion in between.

Perhaps more important for theory testing, the significance of the b2 coefficient of Z in equation (1) could be differ​ent from the significance of the b'2 + b3X coefficient of Z in equation (3). In particu​lar,

o b2 could be nonsignifi​cant, while b'2 + b3X could be significant over part(s) of the range of X, or

o b2 could be sig​nif​i​cant while b'2 + b3X could be nonsig​nif​i​cant over part of the range of X.

In the first situa​tion, ​​inter​preting equation (1) could lead to a false disconfirmation of the Z-Y associa​tion. A nonsignificant linear variable in equation (1) may actually be significantly associated with the dependent variable over part of the range of an interacting variable in the population model. In the second situation, ​inter​preting equation (1) could produce a misleading pic​ture of the contingent Z-Y asso​ciation. A significant linear effect (e.g., b2) could actually be conditional in the population model, and nonsignificant for certain values of an interacting variable.

We now turn to the detection of interactions among unobserved variables.


Interaction Detection Techniques

Because studies in Marketing frequently involve unobserved vari​ables with multiple observed variables measured with error, our discussion will involve variables in equations (1) and (2) that consist of sums of observed variables xi and zj, ​i.e.,
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or are specified as V(xi)= λi2V(X)+V(εi), V(zj)= λj2V(Z)+V(εj), or V(xizj)= λi2λj2V(XZ)+λi2V(X)V(εj) +λj2V(Z)V(εi), where V(a) is the variance of a, and λ's and ε's are loadings and errors. The quadratic vari​able ZZ (= Z*Z) can be added to equation (1) or (2), and will be of interest later.

Approaches to detecting interac​tions among unobserved variables can be grouped into several general categories
: product indicator approaches, errors-in-variables approach​es, product-term regression, and subgroup analysis. Product indicator approaches involve structur​al equation analysis, while errors-in-variables approaches typically involve regression using a moment matrix adjusted for measurement error. In product-term regression the dependent variable is re​gressed on vari​ables com​prised of summed observed variables ​and products of these summed variables (e.g., equations 2 and 4). Subgroup analysis involves splitting the sample and assessing differences in model coefficients when the model is restrict​ed to the resulting subsets. Estimating these coefficient differences can be accom​plished using regres​sion, structural equation analysis, ANOVA, dummy variable regres​sion, and the Chow test (Chow, 1960). We will discuss each of these approaches next.

Structural Equation Analysis
In product indicator/structural equation approaches, an interac​tion variable is ​specified using all possible products of the observed variables ​for the unobserved variables that comprise the interaction. For example if the unobserved variables X and Z have the observed variables x1, x2, z1, and z2, the indicators of the interaction XZ would be x1z1, x1z2, x2z1, and x2z2.
 Structural coeffi​cients (i.e., γ's and β's) can be estimated directly using the Kenny and Judd (1984) (see Jaccard & Wan, 1995) or Ping (1995b) techniques and software such as COSAN (available in SAS), or LISREL 8.
 They can also be estimated indirect​ly using techniques such as the Hayduk (1987), Ping (1995c), or Wong and Long (1987) approaches and software such as CALIS (also available in SAS), EQS or LISREL 7.
 However, these product indicator approaches produce model fit and structural coeffi​cient significance statis​tics with Maximum Likelihood and Generalized Least Squares estimators that should be used with caution (Bollen, 1989; Jaccard & Wan, 1995; Kenny & Judd, 1984).

Regression Techniques
Typical of the errors-in-variables approaches are the Warren, White and Fuller (1974), Heise (1986), and Ping (1995a) proposals for adjusting the regression moment matrix to account for the errors in the vari​ables (see Feucht, 1989 for a summary). The moment matrix (e.g., covariance matrix) produced by the sample data is adjusted using estimates of the errors. Regression estimates are then produced using this adjusted moment matrix in place of the customary unadjusted matrix. However, these approach​es lack significance testing statistics (Bollen, 1989), and are not useful in theory tests.

In product-term regression (Blalock, 1965; Cohen, 1968) the dependent variable is regressed on the linear independent vari​ables and one or more interactions formed as cross prod​ucts of these linear inde​pendent variables (e.g., equation 2). The signif​i​cance of the regression coefficient for the interaction vari​able (e.g., b3) suggests the pres​ence of an interac​tion between the compo​nents of this cross product variable (e.g., X and Z).

Subgroup analysis involves dividing the sample into subsets of cases based on different levels of a sus​pect​ed interac​tion vari​able (e.g., low and high). The coeffi​cients of the ​linear model (e.g., equation 1) are then esti​mated in each subset of cases using regression or structural equation analysis
 (see Jöreskog, 1971). Finally, these coef​fi​cients are tested for signif​icant differ​ences using a coeffi​cient differ​ence test. A signifi​cant coeffi​cient differ​ence for a variable suggests an interaction between that variable and the variable used to create the sub​groups.

Variations on this subgroup analysis theme include dummy variable regression and ANOVA. The ANOVA approach to detecting an interac​tion among continuous variables typically involves dicotomizing the indepen​dent variables in equation (1), frequently at their medians. This is accomplished by creating categorical variables that represent two levels of each indepen​dent variable (e.g., high and low), then analyzing these categori​cal indepen​dent variables using an ANOVA ver​sion of equation (2).

To use dummy variable regression (Cohen, 1968) to detect an interac​tion between X and Z in for example equation (1), the X (or Z) term of equation (1) is dropped, and dummy variables are added to create the regression model

Y = b"0 + a0d + b"2Z + a1DZ ,
(5

where the dummy variable is defined as

D = 0 if Xi < the median of the val​ues for X

   = 1 otherwise, (i= 1,...,the number of cases)

and

DZ = D*Z .

The add and adz terms measure any difference in b"0 and b"2Z, respec​tive​ly, when X is "high" and when it is "low." A signif​icant coeffi​cient for a dummy variable corresponding to an independent variable (e.g., a1) sug​gests an interaction be​tween that indepen​dent variable (e.g., Z) and the variable that pro​duced the subsets (e.g., X).

Because of the potential drawbacks involving significance testing of product indicator/structural equation approaches and errors-in-variables techniques, we will restrict our attention to product-term regression and variations of subgroup analysis in the balance of the paper.


Population Models

For model tests there are several substantive matters that we have suggested should be addressed. One is the effect of failing to consider the possibility of ​an interac​tion in the population model. Others include failing to detect an interac​tion that is present in the population model (a true interaction), or mistakenly de​tect​ing an interac​tion that is absent in the population model (a spurious interaction).

These prob​lems involving the detection of interactions could occur in several ways. An inter​ac​tion could be detected using equa​tion (2), when the popu​lation model contains no interaction and the population model is actu​ally given by equation (1). In addition, the estima​tion of equation (2) could also produce a signifi​cant interac​tion coefficient (e.g., b3) when ​​​the population model is given by

Y = b'"0 + b"1X + b'"2Z + b4ZZ .
(6

This mistaking of a quadratic (e.g., ZZ) as an interaction has received no empirical attention to date, and was observed by Lubinski and Humphreys (1990). Finally, ​​the estimation of equation (2) could produce a nonsig​nif​i​cant interac​tion coefficient (e.g., b3) when there is an interaction in the population model and it is actually of the equation (2) form.

These matters will be examined next. We begin with the ability of the ANOVA approach, product-term regression, dummy variable regres​sion, subgroup analysis, and the Chow test to detect an interaction that is actually present in the population model.


Detecting True Interactions

To gauge the ability of these regression techniques to detect an interaction that is present in the popula​tion model, we generated 100 data sets each containing 100 cases. The data sets were generated using the popula​tion model

Y = .5 -.15X + .35Z + .15XZ + eY ,
(7

and the population parame​ters shown in Table 1. These parameters produced variables that were normally distributed, and involved small interaction effects. The linear variables in these data sets (i.e., X and Z) were moder​ately correlat​ed, and ​​each had moderate reliabili​ty (ρx= .81 and ρz= .76). These characteristics were repeated in the other data sets used in this investigation, and the resulting data sets represent a somewhat average (i.e., neither favorable nor unfavorable) set of data characteristics for the detection of an interaction involving unobserved variables.

The population interaction term -.15XZ in equation (7) was estimated in each of the 100 data sets just described using each of the regression-based techniques of interest, beginning with the ANOVA ap​proach.

ANOVA
Researchers have received little encourage​ment to use an ANOVA approach to detecting interac​tions between continuous vari​ables. The approach is criticized in the Psychomet​ric litera​ture for its reduced statis​tical power that increases the likeli​hood of Type II (false nega​tive) errors (Cohen, 1978; Humphreys & Fleishman, 1974; Maxwell, Delaney & Dill, 1984). Maxwell and Delaney (1993) showed that this approach can also produce Type I (false positive) errors. To gauge its false negative pro​pen​sity we estimated equation (7) using the ANOVA approach and the 100 data sets just described. We expected the small population coeffi​cient of XZ in equation (7), and the reduced statistical power of the ANOVA approach to combine to produce interac​tion detec​tions at a chance level (e.g., 10%) for this technique.

X and Z in each of the 100 data sets were dicotomized at their medians. This was accomplished by resetting each observation for X, for example, to 0 if the observed value was less than the median of its data set values, and 1 other​wise. A two‑way analysis of the main and XZ interac​tion effects of each of these 100 data sets using the ANOVA equivalent of equation (2) identified 50 of the 100 data sets in which the interac​tion effect was signifi​cant (see Table 2 line 1, column 1). These results will be discussed shortly.

Product-Term Regression
Regres​sion involving variables measured with error produces coeffi​cient estimates that are biased and inefficient (Bohrnstedt & Carter, 1971). Because product-term regression is based on regres​sion, coeffi​cient estimates for equation (2) using product-term regression are also biased and ineffi​cient (Buseme​yer & Jones, 1983). Since this bias is known to produce attenu​ated coefficient esti​mates, we expected that the weak -.15XZ interaction in the population model would be detected at a chance level only.

To test this anticipated result we added the cross product term XZ to each of the 100 data sets and estimat​ed equation (2) using ordinary least squares regres​sion. An R2 difference test of XZ's incremental explained variance identified 81 of the 100 data sets in which there was a significant interac​tion (Table 2 column 1 shows this result as 100 - 81= 19, the number of data sets in which no significant interaction was identified).

Dummy Variable Regression
Dummy variable regression does not suffer from reduced statistical power as the ANOVA approach does, but it is a regres​sion technique and it should therefore detect a weak population interac​tion such as   -.15XZ at a chance level only. To test this, each of the 100 data sets was split at the median of X to create the dummy variable D in equation (5). Estimating the coefficients for equation (5) in each of the 100 data sets produced signif​i​cant interactions in 69 data sets (see Table 2 column 1 for the number of nonsignificant interactions).

Subgroup Analysis
Turning to subgroup analysis, it too is criticized for its reduction of statistical power and increased likelihood of Type II error (Cohen & Cohen, 1983; Jaccard, Turrisi & Wan, 1990). We therefore expected that it would detect the weak ​-.15XZ population interac​tion by chance only. To test this expecta​tion each data set was split at the median of X to produce two subsets, and X was dropped from equation (1) to create

Y = b0 + b2Z .
(8

The coefficient of Z was then estimated in each subset, and coefficient difference tests (see Jaccard, Turrisi & Wan, 1990) for the Z coeffi​cients between the pairs of subsets identified 75 of the 100 data sets in which there was a significant interaction (see Table 2 column 1 for the number of nonsignificant interactions).

Chow Test
A Chow test is used with dummy variable regres​sion (see Dillon & Goldstein, 1984) and subgroup analysis to detect the pres​ence of an interac​tion. Detecting an interaction using the Chow test involves comparing the total of the sum of squared errors associ​ated with the estimation of equation (8)
 in each subset, and the sum of squared error associated with estimating equation (8) using the full data set. If the Chow test suggests a significant sum of squared error differ​ence, this in turn suggests that the Z coeffi​cient for equation (8) in the full group is different from those in the subsets. Since these subsets were created by median splits of the cases using X, this is considered to be evidence of an interaction between X and Z.

Because it relies on splitting the sample, we also expected the Chow test to detect a weak population interac​tion such as -.15XZ ​by chance only. To test this expectation each of the 100 data sets was split at the median of X, and a Chow test was performed using equation (8) to determine if there were differenc​es in the Z coefficients between the two subsets. The Chow test indicated sig​nif​i​cant interac​tions in 3 of the 100 data sets (see Table 2 column 1 for the number of nonsignificant interactions).

This completes the detection of the equation (7) population interaction using the regression-based tech​niques. All the tech​niques detected the weak -.15XZ population interaction at a rate that was higher than chance, except Chow test.  We will complete the remaining tests and then discuss the results.

We now turn to rejecting interac​tions that are not pres​ent in the population model.


Rejecting Spurious Interactions

Detecting an interaction that is not in the population model can occur at least two ways. One involves the detection of a significant interac​tion using for example equation (2), when the population model contains no interaction vari​able and is of the form of equation (1). A second situa​tion involves ​​the presence of a quadratic term in the population model (e.g., equation 6) that is mistakenly detect​ed as an interaction using for example equation (2) (see Lubinski & Humphreys, 1990).

No Population Interaction
We investigated both these possibili​ties, beginning with the first in which an interac​tion is specified using equa​tion (2), for example, but an inter​action is not present in the popula​tion model (e.g., the population model is of the equation 1 form).

We are aware of no theoretical or practical reason the above techniques should fail to reject an inter​action that is not present in the population model. Accordingly we expected these ap​proach​es to detect a spurious interaction at approximately a chance level.

To test this expectation we generat​ed 100 more data sets of 100 cases each, using the population model 

Y = .5 + .35X + .35Z + eY
(9

and the population parame​ters shown in Table 3, and tested for an interaction using an equation (2) model.

Repeating the procedures just described, we tested for the presence of an interaction in each of the 100 equation (9) data sets using the ANOVA approach, product-term regression, dummy variable regres​sion, subgroup analysis, and the Chow test. We obtained the results shown in column 2 of Table 2. In summary, all the tech​niques except the Chow test detect​ed spurious interactions at or below a chance rate. These tech​niques detect​ed spurious interac​tions in from 3 to 8% of the sam​ples, except for the Chow Test, which detected spurious interactions in 70 of the data sets.

A Population Quadratic
Next we investi​gated the detec​tion of an interac​tion term using an equation (2) model in data sets generated using a popula​tion model that contained a qua​dratic term but no interaction (e.g., equa​tion 6). We generated 100 more data sets of 100 cases each, using the popula​tion model

Y = .5 -.15X + .35Z + .15ZZ + eY 
(10

and the popu​lation parame​ters shown in Table 4, then tested for an interaction using an equation (2) model.

Lubinski and Humphreys (1990) suggested that product-term regression might mistake a quadratic variable in the population model for an interaction (see Cortina 1993). However, this possibility has not been investigated empirically. As a result, since their regression foundation relates all the detection techniques, we expected that the detection techniques would all mistake a quadrat​ic ​in the population model for an interaction, and produce a signif​icant interaction using an equation (2) model  more frequently than by chance.

We repeated the procedures described above using the addi​tional equation (10) data sets, and the equation (2) model, along with the ANOVA approach, product-term regression, dummy variable regression, subgroup analy​sis, and the Chow test. We obtained the results shown in column 3 of Table 2. The ANOVA approach detected a spurious interaction in 10 of the 100 data sets. The Chow test ​​detected no spurious interactions. The other techniques detected a spurious interaction in 19 to 30 of the 100 data sets.

These results are discussed next.

Interpretation
To help interpret these results we used the Table 2 detection frequen​cies to produce condi​tion​al proba​bilities of a true interac​tion, or lack of it, given the results in Table 2. The Table 5 entries for the ANOVA approach, for example, were calculated as follows. The "Signifi​cant" line for ANOVA shows the proba​bil​i​ty of a true inter​ac​tion, given ANOVA pro​duced a sig​nifi​cant inter​ac​tion ef​fect. It was calcu​lat​ed by divid​ing the frequency that ANOVA detected a true interaction (100 - Column 1) by the frequency that it detected any interaction (100 - Column 1 + Column 2 + Column 3) (= 50/65= .77). Similar​ly, the "Non-Signif." line, the proba​bil​i​ty of no interac​tion in the population model given that ANOVA produced a nonsig​nifi​cant interac​tion effect, was calculated by dividing the frequency that ANOVA rejected a spurious interaction (100 - Column 2 + 100 - Column 3) by the frequency that ANOVA rejected all interactions (Column 1 + 100 -Column 2 + 100 - Column 3) (= 185/235= .79).

Based on the condi​tional probabilities shown in column 2 of Table 5, product-term regression, followed by dummy vari​able regression, subgroup analysis, and the ANOVA approach, attained the highest probability of no interac​tion in the population model given none was detected (.90 to .79). The Chow Test performed the worst. It produced a probability of no interaction in the population model given none was detected of .57.

However, none of these techniques detected a true interac​tion as well as they reject​ed a spurious interaction (see column 1 of Table 5). ​The ANOVA ap​proach, product-term regression, and dummy variable regres​sion performed about the same in detecting a true interaction, and produced probabili​ties of a true interaction given one was detected of .77 to .76. Again, the Chow test did not perform well. It produced a probability of a true interac​tion given one was detected of .04.

Saturated Approaches
Examining Table 2 more closely, the low true interaction detection rates in column 1 of Table 5 were caused by the misdetec​tions of a population quadratic as an inter​ac​tion. Were it not for these misdetections, the Table 5 column 1 ​probabili​ties would have been in the .9 range, except for the Chow test. Following Lubinski and Humphrey's (1990) suggestion, we investi​gated adding X and Z quadrat​ic terms (i.e., XX and ZZ) to equation (2) to create a saturated second order equa​tion for estimation, i.e.,

Y = b""0 + b'"1X + b""2Z + b'3XZ + b'4ZZ + b5XX .
(11

We re-ran the product-term regression procedure described earlier using an equation (11) model and the equation (10) data sets, and the results are shown in Table 6. The result​ing condi​tion​al proba​bil​i​ties are shown in Table 7.

The resulting .88 ​proba​bil​i​ty of a true interaction, given one was detected using saturat​ed product-term (equation 11) regres​sion, was higher than the .76 probabil​i​ty using the equation (2) approach (see Table 5). In addition, saturated product-term regression produced a probabili​ty of no interaction in the population model, given none was observed, of .88.

Efficacy
Combining the results shown in Tables 5 and 7, saturated product-term regression, ​followed by ANOVA analysis, product-term regression, dummy variable regression, and subgroup analy​sis detected true inter​actions better than the Chow test. Product-term regression, followed by saturated product-term regres​sion, subgroup analy​sis, dummy variable regression, and ANOVA analysis rejected spurious interac​tions better than the Chow Test.

Overall, ​​product-term regression, saturated product-term regression, and dummy variable regression  performed best. They exhibited the highest percentage of correct detections (see Table 8).

However, the Chow test performed the worst. It produced a probabil​ity of detecting a true interaction of .04, and rejecting a spurious interaction of .57. The Chow test appears to be unable to detect weak nonlinear variables in general. When we created 200 case versions of the 100 case samples, we observed the same lack of sensitivi​ty to nonlinear variables with relatively small coeffi​cients.

We now turn to other factors that influence the detection of interactions involving unobserved variables and regression.


Conditions that Influence Interaction Detection

The number and size of the continuous interactions reported in the social sciences have been small. In a single study of management variables Podsakoff, Todor, Grover and Huber (1984) examined 576 interactions and found 72 of them significant (12.5%). This detection frequency is only slightly above that of chance. Literature reviews in Marketing and Psychology report that observed interactions are typically small-- accounting for 3 to 9% of the variance explained in Marketing studies (see Churchill, Ford, Hartley & Walker, 1985), and 1 to 3% of the variance explained in Psychological studies (see Aiken & West, 1991).

Research to date suggests that several characteristics of the data used to test a model can have deleterious effects on the detection of a true interaction. For example, McClelland and Judd (1993) showed that because field studies are similar to an ANOVA model with unbalanced data, field studies are less efficient than ANOVA models with balanced data in detecting interactions (see also Stone-Romero, Alliger & Aguinis, 1994). Authors have argued or shown that other characteristics of the data, such as reliability and multicollinearity between an interaction and its constituent variables can also affect the detection of an interaction. We will discuss these data characteristics and their impact on the detection of interactions involving unobserved variables next.

Reliability of the Independent and Dependent Variables
Low reliability in the independent variables reduces the observed size of the coefficient of a true interaction. Aiken and West (1991) observed that when reliabilities of the independent variables X and Z, and the dependent variable Y, all drop from 1 to .7, the observed interaction effect size for XZ is 33% of its true size. As a result, reduced reliability in first order variables also attenuates the R2 contribution of an interaction containing those variables (Busemeyer & Jones, 1983).

In addition, low interaction reliability attenuates the standard errors of observed interactions, which can reduce the power of the test for an interaction (Aiken & West, 1991). However Dunlap and Kemery (1987) reported that for small samples (N=30) and reliabilities in X and Z of .8 or above, reasonable power of the test for XZ is maintained. In addition, larger samples can offset the loss of power of the test for XZ induced by low interaction reliability (Jaccard, Turrisi & Wan, 1990).

The reliability of XZ is a function of the reliability of X times the reliability of Z (see Bohrnstedt & Marwell, 1978; Busemeyer & Jones, 1983). For an uncorrelated X and Z that are bivariate normal, and have zero means, the reliability of XZ is the product of the reliabilities of X and Z. As the correlation between this X and Z increases, the reliability the interaction XZ increases (see Table 9). However, as the shaded area of Table 9 suggests, for X and Z with correlations in a range typical of survey data (0 to .5), the reliabilities of X and Z should generally be .7 or above to produce interaction reliabilities of .6 or more.

Systematic Error and Sample Size
Correlated/systematic error between the independent and dependent variables also attenuates the observed coefficient sizes of interactions (Evans, 1985). As a result, survey data gathered using a single questionnaire and/or the use of scales that are identical for the independent and dependent variables could produce an attenuated coefficient estimate for a true interaction.

As with first order variables, sample size and power are directly related in the detection of interactions. As a result in order to detect a weak population interaction, a relatively large sample size is required.  For example in a model with an R2 of .20 or .30, samples of 119 or 103 are required to detect an interaction that raises the model R2 by 5 points to .25 or .35  (Jaccard, Turrisi & Wan, 1990) (see also McClelland & Judd, 1993).

Research Design
In an exploration of the difficulties of detecting predicted interactions using survey data and regression, McClelland and Judd (1993) noted that interactions are frequently detected in ANOVA studies. Comparing field studies and experiments, optimal experiments for detecting interactions can be described as requiring a balanced polar distribution for the independent variables. For two independent variables this distribution has polar treatment combinations with equal cell sizes. The most efficient of these McClelland and Judd characterized as a "four-cornered" data model (which has a three-dimensional frequency distribution that looks like the four legs on an upside-down kitchen table), and an "X-model" (which has a three-dimensional frequency distribution that resembles a bas-relief X anchored on the four polar cells). They showed that the interaction variance that remains after the main effects have been partialed out depends on the joint distribution of the linear variables comprising the interaction, and suggested the most efficient joint distributions were produced by four cornered or X models.

Because field studies produce mound shaped joint distributions for the independent variables they are similar to ANOVA models with unbalanced data, which are not as efficient at detecting interactions as balanced data models. As a result, McClelland and Judd argued that field studies may have observed comparatively few interactions to date because field studies are relatively less able to do so. For example comparing a four-cornered ANOVA data model involving two independent variables with typical field study bivariate distributions, they argued that the typical field study data distributions are only 6% to 10% as efficient at detecting interactions as the four-cornered ANOVA data model.

As a result in order to detect a population interaction, they suggested using field studies that were designed to oversample the extremes of the scales. Based on their results, a stratified sample that produces an approximately uniform frequency distribution for the two independent variables increases the efficiency of the interaction detection by a factor of between 2.5 and 4.

Intercorrelation
Interactions are usually highly correlated with their components (Blalock, 1979). This collinearity produces inflated standard errors for the linear variables (e.g., X and Z in equation 2) (Jaccard, Turrisi & Wan, 1990; see Aiken & West, 1991 for a demonstration). As a result for scales that have an arbitrary zero point, mean centering
 is recommended to reduce this correlation (Aiken & West, 1991; Cronbach, 1987; Jaccard, Turrisi & Wan, 1990). This is accomplished by subtracting the mean of X, for example, from the value for X in each case. The result is a zero mean for X. Most rating scales used in the social sciences such as Likert scales would have an arbitrary zero point. As an aside, the independent variables in the data sets used in the study were mean centered.

Aiken and West (1991) showed that if X, Z and Y are multivariate normal with zero means, the covariance between XZ and Y is zero, and there is no interaction between XZ and Y. As a result, one view of an interaction is that it is the result of nonnormality in the data. This suggests that scale construction could influence nonnormality and the detection of interactions. Scales that produce data sets with distributions that are skewed, truncated (censored) (i.e., the frequency distributions are mound shaped with one end cut off), or have excess kurtosis (a peaked or flattened distribution) are nonnormal. As a result, using pretests it should be possible to design scale items that will alter the skewness, truncation or kurtosis in the resulting data and thereby increase the likelihood of detecting an interaction.

In an investigation of spurious interactions Lubinski and Humphreys (1990) pointed out that interactions and quadratics are usually correlated. As the correlation between X and Z approaches 1, the correlation between XX (or ZZ) and XZ also approaches 1. This is seen most easily for an X and Z that are bivariate normal with zero means:

rXX,XZ =     C(XX,XZ)   
(V(XX)V(XZ))1/2
         =   2V(X)C(X,Z) 

(see Kenny and Judd 1984)

(2V(X)2V(XZ))1/2
         =   21/2C(X,Z) 
  V(XZ)1/2
         = rx,z          21/2      
         V(XZ) 1/2
(12

      V(X)V(Z)1/2
         = K rx,z ,

where ra,b is the correlation between a and b, V(a) is the variance of a, C(a,b) is the covariance of a and b, and K is a constant equal to the terms following rx,z in equation (12). As a result they argued, and we have seen, that a population quadratic can be mistaken for an interaction. The Monte Carlo results for saturated product-term regression reported above support their argument that the quadratic combinations of the linear variables comprising an interaction should be entered before the interaction is entered and tested for significant incremental variance explained.

Spurious interactions have not been shown to be induced by reliability/measurement error or correlated errors between the predictor and criterion variables (see Aiken & West, 1991). In addition, the use of standardized coefficients does not affect the observed significance of the interaction (Jaccard, Turrisi & Wan, 1990).

We now illustrate the use of the detection techniques and the effects of several of the data characteristics using a survey data set.


A Survey Example

As part of a larger study of sales rep reactions to dissatisfaction with their organization (see Rusbult, Farrell, Rogers & Mainous, 1988), data were gathered concerning overall Satisfaction, Role Clarity, and Closeness of Supervision. Of interest were the relationships between Satisfaction and these antecedents (see Comer & Dubinsky, 1985), and the possibility that the reported variability in these associations may be due to an interaction between Role Clarity and Closeness of Supervision in their association with Satisfaction.

Since this is an illustration of the use of the detection techniques and data characteristics, the study will simply be sketched. Satisfaction (SAT), Role Clarity (RC), and Closeness of Supervision (CS) were measured using multiple item 5 point rating scales. The 204 survey responses were used to create summed variables for SAT, RC, and CS that were then mean centered. To test for the presence of an interaction between RC and CS, saturated product-term regres​sion, product-term regres​sion, subgroup analysis, dummy variable regression, ANOVA analysis, and the Chow test were used. Table 10 shows the zero-order correlations of the variables, and Table 11 shows the results of these analyses.

The product-term regression techniques and subgroup analysis suggested the presence of an RC-CS interaction (see Table 11), while dummy variable regression, ANOVA, and the Chow test suggested the absence of this interaction. Based on the Monte Carlo results reported earlier, we are inclined to discard the Chow test results as unreliable. The remaining 3 positive and 2 negative tests plus the positive product-term regression results suggest that there is an interaction between Closeness of Supervision and Role Clarity.

Several comments on these results seem warranted. The divergence of the results of the detection techniques underscores the desirability of using multiple techniques to detect interactions involving unobserved variables and regression. In addition, comparing the saturated product-term and the product-term regression results, the inclusion of a significant quadratic term in the model increased the size and the significance of the interaction coefficient. This suggests that improper specification of nonlinear effects (i.e., ignoring quadratics) may also attenuate the detection of a population interaction.

We varied several of the conditions in this data set to observe the effects on the interaction coefficient. We reran the product-term regression analysis using uncentered data, less reliable indicators, fewer cases, and a more balanced data model. The results are shown in Table 12. For example, the product-term regressions were rerun using uncentered data for CS and RC.
 Comparing the product-term regression results using uncentered data with those in Table 11, the collinearity between the interaction and the linear variables severely attenuated the significance of the linear variables in the uncentered data, and the efficacy of mean centering is demonstrated.

Table 12 also shows the results of reduced reliability in the independent and dependent variables on the detection of an interaction involving unobserved variables with product-term regression. To obtain these results a random amount of error was added to each indicator of SAT, RC and CS for each case, to produce reliabilities for these variables of .6. Comparing Tables 11 and 12, reducing the reliability of SAT, RC and CS from approximately .8 to .6 produced an interaction coefficient that was not significant. The significance of the coefficients for CS and RC, however, were relatively unaffected by this reliability reduction. This illustrates the multiplicative effect of the reliability of linear variables on an interaction comprised of these variables. CS and RC had reliabilities of .6 while RCxCS had a reliability of .38 (ρXZ= (r2X,Z+ρXρZ)/(r2X,Z+1), where ρa is the reliability of a and rX,Z is the correlation between X and Z (=.207); see Busemeyer and Jones 1983).

To gauge the effect of a small sample, we drew a subsample of 50 cases from the data set. Comparing Tables 11 and 12, the small number of cases adversely affected the standard error of the interaction, and produced an interaction that was not significant.

We also altered the weights on the cases to approximate the results of an experiment with a balanced number of cases in each cell. The result was a more-nearly balanced data model in which the distributions of CS and RC were adjusted to approximate bivariate uniform distributions. First the ranges of CS and RC were divided into five intervals or "cells," and the resulting 5x5 matrix of cells was used to increase the weights of the polar cells (i.e., cells (1,1) (1,5), (5,1) and (5,5)) . Next the cases in all the cells were initially weighted by 1, and the size of the polar cell with the most cases was determined. Then the cases in the other three polar cells were weighted by the ratio of the largest polar cell size to their (smaller) cell size. The resulting heavier weights on the cases in the smaller polar cells approximated an oversampling of these polar cells, and produced a more nearly balanced data model.

The results of this polar weighting for the reduced reliability and small sample data sets are shown in Table 12. In both situations the effects of unreliability or sample size on the significance of the RCxCS interaction was reversed. The heavier weights on the polar cases increased the interaction coefficient and decreased its standard error. However, we tried this polar weighting approach on the small sample, adding reduced reliability, and the interaction was not significant.

In summary these survey data results were generally consistent with the predicted results of the detection technique used, data reliability, mean centering, small data sets, and balanced data on the detection of an interaction involving unobserved variables and regression. In addition, the observed interaction was small, and its incremental R2 contribution (1.7%) was consistent with the incremental variance explained by interactions observed in previous studies (see Table 11).


Implications

In order to increase the likelihood of detecting a true interaction in a field study, the number of cases in the data set should be relatively large. Based on Jaccard, Turrisi and Wan's (1990) results and R2's typical of survey research, data sets of 100 or more may be appropriate. In addition, the reliability of the independent and dependent variables should be high. Based on Dunlap and Kemery's (1987) results and Table 9, reliabilities below .7 should be avoided.
 Further, the independent variables should be mean centered. Finally, the study should use a different method to measure the independent variables from that used to measure the dependent variable. Perhaps at a minimum, a different scale should be used for the independent variables from that used for the dependent variables.

As the study results suggested, the techniques used to analyze the data are also important for detecting interactions. The field survey results, the greater-than-chance error rates implied by Table 8, and the frequency of misdetection of a population quadratic as an interaction suggest that the use of a combination of detection techniques may be appropriate for detecting true interactions and rejecting spurious interactions. The Monte Carlo results suggested that saturated ​​product-term regression and product-term regression, and dummy variable regression, subgroup analysis, and ANOVA may perform best in this application. The field study results suggested that a combination of the two product-term techniques could be used, followed by a combination of dummy variable regression, a subgroup analysis, and ANOVA, particularly if the product-term regression tests provide inconsistent results.

Based on McClelland and Judd's (1993) results, to more nearly approximate a balanced data model in a field study and thereby improve its ability to detect an interaction, polar responses could be oversampled. As they point out, this suggestion is controversial because it creates interpretational difficulties.
 In order to show the presence or absence or an interaction, an alternative to oversampling would be to report two studies: the field study, and an additional study involving an experiment using the survey instrument and a balanced data design.
 If the independent variables are measured with the survey instrument in this experiment, their distributions would have properties that more nearly approximated a four-cornered data model. This in turn would increase the efficiency of a product-term regression analysis using the experimental data, and presumably the efficiency of the other regression-based detection techniques investigated in this paper.

Finally, while the Tables 5 and 7 detection probabilities were not unity, they were not unacceptably low. However, a study's detection frequency for interactions involving unobserved variables could be lower than those observed in this study if it combines a poor choice of detection technique, low reliability, fewer cases, omission of mean centering, and few polar responses. But with care, especially regarding the choice of detection technique, the use of multiple techniques, mean centering, reliability, and a more-nearly balanced data model, the detection frequency a researcher actually experiences in a study involving these variables could be higher than those observed in this study.


Summary

The paper has addressed interactions involving unobserved variables. It began with the case for including interactions in theory tests, even when theory is silent on their existence, to avoid false negative and conditional positive interpretations of the theory test results.

The paper commented on the efficacy of the available detection techniques for interactions involving unobserved variables. It then observed ​the actual performance of popular regression-based techniques in detecting interactions involving unobserved variables, with several interesting results. Of the five techniques studied, dummy variable regression, subgroup analysis, ANOVA analysis, and product-term regression mistook a weak population quadratic variable for an interaction at a level higher than chance, as Lubinski and Humphreys' (1990) results implied. However, saturated ​​product-term regression, product-term regression, dummy variable regression, subgroup analysis, and ANOVA performed acceptably in detecting a true interaction and rejecting a spurious interaction. The Chow test performed the worst in this task. There was evidence that the Chow test is insensitive to small nonlinear effects.

The paper discussed the characteristics of the data used to test a model, such as the existence of a quadratic in the population model, reliability, the number of cases, mean centering, and systematic error, nonnormality, and their effect on the detection of interactions involving unobserved variables. Several of these effects were illustrated in an analysis of a survey data set.

In order to improve the likelihood of detecting a true interaction involving unobserved variables and field survey data, the paper suggested that a combination of detection techniques should be used, beginning with saturated product-term regression. It also suggested reporting regression results from an experiment with balanced data, along with the field survey results. In addition, the independent variables should be mean centered, the study should use a different method to measure the independent variables from that used to measure the dependent variable, the reliability of the independent and dependent variables should be high, and the number of cases to be analyzed should be relatively large.
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Table 1--Population Parameters



 Population  


Vari-  Coeffi-  

Parametera
ance 
  cient 



X

2.15 




Z
 
1.60 




Corr(X,Z)

0.20


ex1
0.36 




ex2
0.81 




ez1
0.49 




ez2
0.64 




eY

0.64 



_____________

a Y = .5 -.15X + .35Z + .15XZ + eY ,

  X = (x1 + x2)/2 ,

  x1 = .9*X + ex1 ,

  x2 = .6*X + ex2 ,

  Z = (z1 + z2)/2 ,

  z1 = .8*Z + ez1 ,

  z2 = .7*Z + ez2 , and

  XZ = X*Z .

Table 2--Detection Results



                    Frequency              
           Interaction  Interaction  Quadratic

             in the     Not in the     in the

           Population   Population   Population

           Equation,    Equation,     Equation,

             and No       and an       and an

           Interaction  Interaction  Interaction

Technique   Detected     Detected     Detected  
ANOVA

 Analysis      50           5            10

Product-

 Term

 Regression    19           3            22

Dummy

 Variable

 Regression    31           3            19

Subgroup

 Analysis      25           8            30

Chow Test      97          70             0

Table 3--No Interaction Term Population Parameters




  Population  



Vari-  Coeffi-  

Parametera
ance 
 cient 



X

2.15 




Z
 
1.60 




Corr(X,Z)

0.20


ex1
0.36 




ex2
0.81 




ez1
0.49 




ez2
0.64 




eY

0.16 



_____________

a  Y = .5 + .35X + .35Z + eY ,

  X = x1 + x2 ,

  x1 = .9*X + ex1 ,

  x2 = .6*X + ex2 ,

  Z = z1 + z2 ,

  z1 = .8*Z + ez1 , and

  z2 = .7*Z + ez2 .

Table 4--Quadratic Term Population Parameters




  Population  



Vari-  Coeffi-  

Parametera
ance 
 cient 



X

2.15 




Z
 
1.60 




Corr(X,Z)

0.20


ex1
0.36 




ex2
0.81 




ez1
0.49 




ez2
0.64 




eY

0.64 



_____________

a Y = .5 -.15X + .35Z + .15ZZ + eY ,

  X = (x1 + x2)/2 ,

  x1 = .9*X + ex1 ,

  x2 = .6*X + ex2 ,

  Z = (z1 + z2)/2 ,

  z1 = .8*Z + ez1 ,

  z2 = .7*Z + ez2 , and

  ZZ = Z*Z .

Table 5--Conditional Probabilities

Technique     P(Inter-  P(No In-

   and         action   teraction

  Test          |Test     |Test

 Result        Result)   Result)
ANOVA

 Analysis:
 Significant     .77

 Non-Signif.               .79

Product-

 Term

 Regression
 Significant     .76

 Non-Signif.               .90

Dummy

 Variable

 Regression:
 Significant     .76

 Non-Signif.               .85

Subgroup

 Analysis:
 Significant     .66

 Non-Signif.               .87

Chow Test:
 Significant     .04

 Non-Signif.               .57

Table 6--Results for Saturated Regression Estimation



                    Frequency              
           Interaction  Interaction  Quadratic

             in the     Not in the     in the

           Population   Population   Population

           Equation,    Equation,     Equation,

             and No       and an       and an

           Interaction  Interaction  Interaction

Technique   Detected     Detected     Detected  
Saturated

 Product-

 Term

 Regression    25            0           10

Table 7--Conditional Probabilities for Saturated Model Estimation

              P(Inter-  P(No In-

               action   teraction

  Test          |Test     |Test

 Result        Result)   Result)
Saturated

 Product-

 Term

 Regression
 Significant     .88

 Non Signif.               .88

Table 8--Percent Correct Detections

Technique     % Correcta
ANOVA

 Analysis 

78

Product-

 Term

 Regression

85

Dummy

 Variable

 Regression

82

Subgroup

 Analysis

79

Chow Test 

44

Saturated

 Product-

 Term

 Regression

80

a (300 - Table 2/6 Column 1 - Table 2/6 Column 2 - Table 2/6 Column 3)/300
Table 9a--Interaction Reliabilitiesb for Selected Constituent Variablesc Reliabilities and Intercorrelations





Reliability


X:
0.9



0.8


0.7

0.6


Z:
0.9
0.8
0.7
0.6
0.8
0.7
0.6
0.7
0.6
0.6

rX,Z












0

0.81
0.72
0.63
0.54
0.64
0.56
0.48
0.49
0.42
0.36

0.1

0.81
0.72
0.63
0.54
0.64
0.56
0.49
0.50
0.43
0.37

0.15

0.81
0.73
0.64
0.55
0.65
0.57
0.49
0.50
0.43
0.37

0.2

0.82
0.73
0.64
0.56
0.65
0.58
0.50
0.51
0.44
0.38

0.25

0.82
0.74
0.65
0.57
0.66
0.59
0.51
0.52
0.45
0.40

0.3

0.83
0.74
0.66
0.58
0.67
0.60
0.52
0.53
0.47
0.41

0.35

0.83
0.75
0.67
0.59
0.68
0.61
0.54
0.55
0.48
0.43

0.4

0.84
0.76
0.68
0.60
0.69
0.62
0.55
0.56
0.50
0.45

0.45

0.84
0.77
0.69
0.62
0.70
0.63
0.57
0.58
0.52
0.47

0.5

0.85
0.78
0.70
0.63
0.71
0.65
0.58
0.59
0.54
0.49

0.55

0.85
0.79
0.72
0.65
0.72
0.66
0.60
0.61
0.55
0.51

0.6

0.86
0.79
0.73
0.66
0.74
0.68
0.62
0.63
0.57
0.53

0.65

0.87
0.80
0.74
0.68
0.75
0.69
0.63
0.64
0.59
0.55

0.7

0.87
0.81
0.75
0.69
0.76
0.70
0.65
0.66
0.61
0.57

0.75

0.88
0.82
0.76
0.71
0.77
0.72
0.67
0.67
0.63
0.59

0.8

0.88
0.83
0.77
0.72
0.78
0.73
0.68
0.69
0.65
0.61

0.85

0.89
0.84
0.79
0.73
0.79
0.74
0.70
0.70
0.66
0.63

a The shading depicts combinations of X and Z reliabilities that produce XZ reliabilities of .6 or above for the typical range of correlations observed in field studies (0 to .5).

b  XZ = (rX,Z2 +  X  Z)/(rX,Z2 + 1), where rX,Z is the correlation between X and Z, and  a is the reliability of a.

c X and Z are bivariate normal and have zero means.
Table 10--Zero Order Correlations for Field Survey Variables

         CS       RC       CS2      RC2      RCxCS     SAT

CS     1.0000    .2078*  ‑.2942** ‑.0855   ‑.0623    .4004**

RC      .2078*  1.0000   ‑.0529   ‑.4009** ‑.1224    .3379**

CS2     ‑.2942** ‑.0529   1.0000    .1238    .1883*  ‑.0998

RC2     ‑.0855   ‑.4009**  .1238   1.0000    .3481** ‑.2052*

RCxCS  ‑.0623   ‑.1224    .1883*   .3481** 1.0000    .0761

SAT     .4004**  .3379** ‑.0998   ‑.2052*   .0761   1.0000   

*  p< .01

** p< .001

Table 11--Detection Techniques Results for Field Survey Dataa
Dependent   Predictor   Coefficient             p-value

Variable    Variable      b  p-value    R2    of difference
 Saturated Product-Term Regressionb
 SAT          CS         .267 .000

              RC         .112 .001      .228

              CS2         .000 .995

              RC2        -.058 .046

              RC x CS    .143 .009c      .261      .004c
 Product-Term Regressionb
 SAT          CS         .266 .000

              RC         .138 .000      .228

              RC x CS    .107 .038c      .245      .039c
 Subgroup Analysisb
  Higher CS:

   SAT        CS         .389 .005

              RC         .175 .005

  Lower CS:

   SAT        CS         .344 .001

              RC         .091 .046                .000c
 Dummy Variable Regressiond
 SAT          CS         .332 .001

              RC         .130 .000

              D x CS     .076 .659e
              D         1.851 .521

 ANOVAb                    df  SS    MS    F    p-value

 SAT          CS           1  2.02  2.02 12.79  .000

              RC           1  1.92  1.92 12.13  .001

              RC x CS      1   .14   .14   .91  .339e
              Residual   191 30.25   .15  9.62  .000

 Chow Testb
 SSE Full Data Set= 26.878

 SSE Lower CS=      12.181

 SSE Higher CS=     14.143

 Q~ F3,189= 1.325 (p-value= .267)e
a Cases= 204, centered CS and RC, and unreduced reliabilities: SAT= 79, CS= .81, RC= .83.

b SAT= b0+b1RC+b2CS+b3RCxCS.

c Suggests the existence of an interaction in the population equation.

d SAT= b0+D+DxRC+RC+CS (D= 0 if CS   the median of the val​ues for CS, D= 1 otherwise).

e Suggests the absence of an interaction in the population equation.

Table 12--Various Conditions Results

Dependent   Predictor   Coefficient             p-value

Variable    Variable      b  p-value    R2    of difference
 Uncentered, Unreduced Reliability, Unweighted, Cases= 204
 SAT          CS        -.273 .563

              RC         .054 .815

              CS2         .000 .995

              RC2        -.058 .046     .234

              RC x CS    .143 .009b     .261       .035b 
 SAT          CS        -.137 .487

              RC        -.235 .189     .228

              RC x CS    .107 .038b     .245       .035b 
 Centered, Reduced Reliabilitya, Unweighted, Cases= 204
 SAT          CS         .198 .000

              RC         .101 .006

              CS2        -.004 .936

              RC2        -.029 .318     .148

              RC x CS    .071 .141c     .158       .124c 
 Centered, Reduced Reliabilitya, Polar Weighted, Cases= 204
 SAT          CS         .351 .000

              RC         .198 .000

              CS2         .060 .713

              RC2         .099 .065     .506

              RC x CS    .116 .000b     .643       .000b 
 Centered, Unreduced Reliability, Unweighted, Cases= 50
 SAT          CS         .282 .016

              RC         .162 .011

              CS2        -.087 .586

              RC2        -.052 .437     .275       

              RC x CS    .114 .357c     .289       .340c 
 Centered, Unreduced Reliability, Polar Weighted, Cases= 50
 SAT          CS         .388 .000

              RC         .204 .000

              CS2        -.100 .389

              RC2         .029 .698     .527       

              RC x CS    .225 .003b     .615       .005b 
a Reliabilities: SAT= .60, CS= .60, RC= .60.

b Suggests the existence of an interaction in the population equation.

c Suggests the absence of an interaction in the population equation.


Footnotes
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�. While Maximum Likelihood (ML) and Generalized Least Squares (GLS) estimators are not formally appropriate for nonnormal variables (because ML and most implementations of GLS assume multivariate normality), their coefficient estimates appear to be robust against departures from normality (Anderson & Amemiya, 1985, 1986; Bollen, 1989; Boomsma, 1983; Browne, 1987; Harlow, 1985; Sharma, Durvasula & Dillon, 1989; Tanaka, 1984). However, their model fit and signifi�cance statistics are believed to be biased by nonnormal variables. Since the product indicators in nonlinear structural equation analysis are nonnormal (products of normally or nonnormally distributed variables are nonnormal), ML and GLS estimators are believed to be inappropri�ate for significance and model fit statistics in nonlinear structural equation analysis (Bollen, 1989; Kenny & Judd, 1984). The evidence to date (Jaccard & Wan, 1995; Kenny & Judd, 1984; Ping, 1995b,c) suggests that in nonlinear structural equation analysis these statistics from ML and possibly GLS estimators are robust to the addition of a few product indicators, involving linear indicators that are normal. However, the robustness of fit and significance statistics from these estimators to the addition of many product indicators (i.e. over four) or product indicators comprised of nonnormal linear indicators (typical of survey data) is unknown. While �estima�tors that are less dependent on distributional assumptions hold some promise in this application, their empirical properties for smaller samples are generally unknown (see Hu, Bentler & Kano, 1992 for a summary).


�. There are also correlational approaches to detecting an interaction. These approaches include a sub�grouping approach, and a case weighted regression approach (see Hedges & Olkin, 1985). Because these techniques are rarely seen, and �the interested reader is directed to Jaccard, Turrisi and Wan (1990).


�. Ping (1995b) has proposed the use of a single indicator for XZ, x:z = (x1 + x2)(z1 + z2).


�. Software such as LINCS (distributed by APTEC Sys�tems), RAMONA (distrib�uted by Professor Michael W. Browne at The Ohio State University), and MECOSA (dis�tributed by SLI-AG, Frauenfeld Switzerland) could also be utilized.


�. LISREL 8 is available for microcomputers only, and according to individuals at SSI and SPSS when this paper was written (May, 1995), there were no plans to release a mainframe version of LISREL 8 in the near future. As a result mainframe LISREL 7 is likely to remain in use.


�. The sample size requirement of subgroup analysis using structural equation analysis limits its utility. Samples of 200 cases per group are usually recommend�ed (Boomsma, 1983) (see Gerbing & Anderson, 1985 for an alternative view).


�. The Chow test can also be used with equation (5) and dummy variable regression. This test was not reported because the results of subgroup analysis and the Chow test are representative of the use of the Chow test with dummy variable regression.


�.  Lubinski and Humphreys (1990) pointed out that as the correlation between X and Z approaches 1, the correlation between XX (or ZZ) and XZ also approaches 1. We therefore expected the .2 correlation between X and Z to increase the incidence of misdetecting a population quadratic as an interaction to a level above that of chance.


�. While it is a standard assumption in Structural Equation Modeling (see for example Bollen 1989), mean or zero centering has been the source of much confusion in regression analysis. The interested reader is directed to Aiken and West (1991) for an exhaustive and compelling demonstration of the efficacy of mean centering.


�. Mean centering is optional for the dependent variable, and SAT was uncentered for the Table 11 results (see Aiken and West 1991). 


�. This strategy was generally representative of the results of the many variations on this theme. For example, the cases in the nonpolar cells could also have been weighted at some minimum level such as .1. This would have produced a four-cornered data model. Alternatively, the diagonal cells could have been weighted using a ratio of the largest polar cell size and their cell size, and the off-diagonal cells could have been minimally weighted. This would have produced an X data model.


�. As the Churchill and Peter (1984) results suggest, scale reliability can be improved by increasing the number of points in the scale. Churchill (1979) and Gerbing and Anderson (1988) proposed systematic approaches to improving scale reliability. In addition Anderson and Gerbing (1982) and Jöreskog (1993) proposed procedures to improve the unidimensionality of scales, which is related to their reliability. Finally see Netemeyer, Johnson and Burton (1990) for an example of their efforts to reduce measurement error in the unmeasured variables Role Conflict and Role Ambiguity using Average Variance Extracted (Fornell & Larker, 1981).


�. In addition we have experimented with this approach, and it appears to increase the likelihood of mistaking a quadratic in the population equation for an interaction.


�. Rusbult, Farrell, Rogers and Mainous (1988) reported multiple studies of employee reactions to dissatisfaction that included a Scenario Analysis. In this experiment students were instructed to read written scenarios in which they were to imagine they were the subjects of the experiment. The results of this research design and the other reported designs with considerably more internal and external validity were generally similar. Although no interactions were reported, the similarity of its results with those from other designs suggests that an experiment using Scenario Analysis might be appropriate as a easily executed second study.
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