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Statistical Interactions in Studies of Physician Utilization 

Promise and Pitfalls 

DAVID L. RONIS, PHD,* AND KIMBERLEY A. HARRISON, MHSAt 

It has been suggested that use of interactive statistical models would greatly 
increase the proportion of variance accounted for by studies of physician utili- 
zation. The purpose of this paper is to evaluate and describe the benefits and 
pitfalls of using interactive statistical models of physician utilization. The 
paper presents Monte Carlo simulation data and real world data to determine 
how much more of the variance in physician utilization can be accounted for 
by interactive regression models. Results indicate that adding interaction terms 
is unlikely to produce large increases in variance accounted for. The usefulness 
of interactive models is particularly low when there is substantial measure- 
ment error in the predictor variables. Other advantages and disadvantages of 
interactive models are discussed, including 1) improved understanding, 2) in- 
flation of alpha, 3) sensitivity to transformations and scale of measurement, 
and 4) confounding of interaction effects with nonlinear effects. Key words: 
health care use; physician utilization; access; multivariate statistics; linear re- 
gression. (Med Care 1988; 26:361-372) 

Mechanic1 reviewed studies of the deci- 
sion to consult a physician and concluded 
that studies using large samples and power- 
ful statistical techniques found trivial psy- 
chosocial and organizational effects. Me- 
chanic suggested that this was due to the 
conceptual approaches, measures, and tech- 
niques of data aggregation and analysis 
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used. Rundall2 extended Mechanic's discus- 
sion by arguing that the data analyses have 
not appropriately represented the theoreti- 
cal model. Specifically, the most frequently 
used theoretical model is interactive while 
data analyses have used additive models. 

Rundall's comment2 focused on Ronald 
Andersen's behavioral model3 of health ser- 
vices utilization. According to this model, 
physician utilization is a function of three 
variables: 1) need i.e., illness; 2) enabling 
factors, i.e., the ability to obtain services; 
and 3) a predisposition to use services. Phy- 
sician utilization is predicted only if all three 
factors are present. This implies a three-way 
interaction among the predictors. Since the 
effects of the three predictor variables are 
not additive, a nonadditive statistical model 
is required to fully represent and test the 
theory. This can be accomplished by in- 
cluding product terms as predictors in the 
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multiple regression. Presence of an interac- 
tion is indicated when the product terms ac- 
count for a significant amount of variance 
above and beyond that accounted for by the 

original predictors.4 Interaction terms may 
be added to regression models whenever 
researchers want to find out whether the 
effect of one independent variable on a de- 

pendent variable depends on the level of 
another independent variable.4'5 

Rundall2 suggested that researchers' fail- 
ure to use interactive statistical models 
"could account for the low predictive power 
found with empirical tests of the behavioral 
model of physician utilization" (p. 104). The 
current paper presents Monte Carlo and 

survey results to determine how much more 
variance can be accounted for by including 
interaction terms in the statistical models. In 
addition, the paper discusses other advan- 

tages and disadvantages of interactive sta- 
tistical models. Other ways to improve pre- 
diction and understanding of physician uti- 
lization are also mentioned. 

Although the paper focuses on models of 

physician utilization, the results and discus- 
sion are applicable to interactive regression 
models of other dependent variables. Such 
models have been used, for example, by re- 
searchers studying the joint effects of stress 
and social support on health.6'7 

Monte Carlo Study 

Monte Carlo studies use random number 
generators and computation to study the 
properties of statistical methods. Monte 
Carlo research requires three steps: 1) speci- 

t In testing interactive models, it is essential that the 
models be hierarchical: that is, a product term should 
never be included in a regression model unless all of its 
constituents are also included in the model.4 For a 
two-variable product to be included in the model, the 
two separate variables must also be included. For a 
three-variable product to be included, the three sepa- 
rate variables and their three two-way products must 
be included. As a result, stepwise regression analysis 
cannot be used with interactive models, unless the 
procedure is constrained to follow these hierarchical 
rules. 

fying a model (or models) for generating the 
data, 2) sampling data generated by the 
model(s), and 3) analyzing the sampled 
data. Thus, Monte Carlo studies indicate 
what results would be obtained by various 
statistical analyses if the data were pro- 
duced by various known processes. They are 

particularly useful for comparing the perfor- 
mance of different statistical methods and 
for studying the effects of violations of as- 
sumptions on statistical analyses. These 

questions cannot be answered by analyzing 
real data because we do not know precisely 
the causal mechanisms that generated any 
set of real data. Sometimes it is possible to 
derive an answer to such questions. We 
were not, however, able to derive answers 
to the main questions addressed in this 

paper, and suspect that no such derivation is 

possible in this case. 
The general approach was to generate re- 

alistic data sets in which utilization (the de- 

pendent variable) was a highly interactive 
function of need, ability, and predisposition 
(the predictor variables). Then the data were 
analyzed with an additive statistical model 
and with an interactive statistical model. 
The variance accounted for in the two anal- 
yses were compared to determine how 
much the predictive accuracy could be im- 
proved by adding interaction terms. 

Methods 

The study examined the proportion of 
variance accounted for by additive versus 
interactive statistical models as a function of 
three other factors: 1) the pattern of correla- 
tion among true scores on the predictor vari- 
ables, 2) the function relating scores on utili- 
zation with true scores on the predictor vari- 
ables, and 3) the amount of error of 
measurement of the predictor variables. 
(The theory of measurement error8 postu- 
lates that every observed score on any mea- 
sure includes two components: a "true 
score" and a random measurement error. 
The true score, by definition, includes no 
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measurement error and is the average value 
that would be obtained from an infinite 
number of repeated measurements.) The 
three factors (correlation, function, and 

error) were varied to ensure representation 
of a wide variety of possible "real worlds" 
and to assess the impact of these variations 
on the usefulness of interaction terms. 

Correlation. Three different patterns of 
correlation among the true scores on the 

predictors were considered plausible 
enough for inclusion: 1) all three predictors 
(need, ability, and predisposition) positively 
correlated with each other, 2) all three vari- 
ables uncorrelated, and 3) ability and pre- 
disposition positively correlated with each 
other, but negatively correlated with need. 
A high magnitude of correlation (0.6) was 
used. 

Functions. Five different functions were 
used to generate true scores on the depen- 
dent variable (utilization) from true scores 
on the predictors. The equations for these 
functions are listed in Table 1. In Function 1, 
utilization equals the product of the predic- 
tors. If any predictor equals zero, utilization 
will equal zero. This is consistent with a lit- 
eral interpretation of Andersen and New- 
man.3 Functions 2 and 3 are variations on 
Function 1 designed so that need is more 

important than the other two predictors-as 
is typically the case.1 Function 2 gives need 
extra weight by adding need to the three- 

way product term. Function 3 gives need 
extra weight by adding two terms (each in- 

cluding need) to the three-way product 
term. Functions 4 and 5 include two-way 
interactions but no three-way interaction. In 
Function 4, utilization equals the product of 
need and ability. In Function 5, utilization 

equals the sum of all three two-way prod- 
ucts of predictors. 

Three features are shared by all five 
functions. First, all are highly interactive. 
Second, they do not include any nonlinear 
components (curvature). Third, they include 
no disordinal (or crossover) interactions. 
Disordinal interactions are those in which 

TABLE 1. The Five Functions Generating 
Scores on Utilization from True Scores 

on the Predictors0 

Function Equation 

Function 1 U = NAP + E 
Function 2 U = NAP + 0.25N + E 
Function 3 U = NAP + 0.5NA + 0.5NP + E 
Function 4 U = NA + E 
Function 5 U = NA + NP + AP + E 

a In these equations, U represents the score on utili- 
zation, N represents the true score on need, A repre- 
sents the true score on ability to obtain care, P repre- 
sents the true score on predisposition, and E represents 
random measurement error in utilization. True scores 
on the predictors (N, A, and P) were uniformly distrib- 
uted in the range from zero to one. The random mea- 
surement error (E) was normally distributed with a 
variance selected so that 10% of the variance in the 
dependent measure (utilization) would be due to mea- 
surement error. The addition of measurement errors 
produced some negative values. Since negative scores 
for utilization do not make sense, each negative score 
was replaced by a randomly selected score between 
zero and the true score. 

the direction (sign) of the effect of one pre- 
dictor variable depends on the level of an- 
other predictor variable. Need (illness) and 

ability (enabling factors) would have a dis- 
ordinal interaction if, for example, need in- 
creased utilization among people with high 
ability to obtain care but decreased utiliza- 
tion among people with low ability to obtain 
care. (In some of the literature on regression 
analysis, disordinal interactions are referred 
to as qualitative interactions, while ordinal 
interactions are referred to as quantitative 
interactions.) In research on utilization of 
health care, disordinal interactions do not 
seem very likely. 

Conclusions of the study cannot be safely 
generalized to functions having different 
characteristics, e.g., nonlinear effects or dis- 
ordinal interactions. On the other hand, the 
conclusions of the Monte Carlo study are 
not restricted to studies of physician utiliza- 
tion. They are equally applicable to any 
substantive domain that can be described by 
equations of the forms listed in Table 1. We 
believe that interactions in most areas of 
health services research are ordinal in form 
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and are similar to functions included in the 
study. In many cases, the theoretical and 
analytical models are less interactive than 
the equations in Table 1.9 In those cases, the 
proportionate increase in variance ac- 
counted for would be less. However, the 
findings concerning the effects of measure- 
ment error (see below) would apply to those 
domains as well. 

Error. Multiple regression analyses un- 

realistically assume that the predictors are 
measured without error. In order to examine 
the impact of this factor, four different 
levels of error were added to the predictor 
variables. The measurement errors were 
drawn from normal distributions with 
means of zero and variances selected so that 
the reliabilities of the predictors (defined as 
the proportion of true variance to total vari- 
ance in the measure) were 1.00, 0.90, 0.70, 
and 0.50. Studies of the reliability and valid- 
ity of survey measures suggest that the 
lower two levels are more common.10'11 The 
addition of errors created some negative 
scores. Since negative scores are not nor- 
mally observed in this area of research, each 
negative score was replaced by a randomly 
selected score between zero and the true 
score. The reliability of the dependent mea- 
sure (utilization) was fixed at 0.90. Al- 
though this value is higher than typical in 
health services research, its exact value is 
much less critical than that of the reliability 
of the predictor variables, since measure- 
ment error in the dependent variable does 
not violate an assumption of the statistical 
model. 

Statistical model. The generated data 
were analyzed using two statistical models: 
the full interactive linear regression model 
and the additive linear regression model. 
The full model is represented as: 

(1) U = 0o + fIN + f2A + f3P + f4NA 

+ f5NP AP+ 6 7NAP +A + E, 

where U, N, A, and P are the measured 
levels of utilization, need, ability, and pre- 
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disposition, respectively; /0 through f7 are 
the regression coefficients estimated from 
the data; and e is the error in predicting uti- 
lization from the predictor variables. The 
additive model is represented as: 

(2) U = f0 + f1N + f2A + f3P + E. 

The four factors in the study were crossed 
with each other producing a 3 (correlation) 
X 5 (function) X 4 (error) X 2 (statistical 
model) factorial design. Fifteen samples of 
300 cases were generated and analyzed for 
each cell in the design. 

Major Results and Interpretation 

This section presents the major findings 
from the Monte Carlo study. A complete 
description of the results and further meth- 
odological details are presented in Ronis.12 
The effects of statistical model and mea- 
surement error can be seen in Figure 1, 
which shows values of R2 averaged over 
functions, patterns of correlation, and sam- 
ples. 

The full model accounted for more of the 
variance (R2 = 0.694) than the additive 
model (R2 = 0.564), a difference or advan- 
tage of 0.13. This advantage was substan- 
tially more than the increase of 0.006 that 
would be expected by chance when four ad- 
ditional predictor variables are added to 
three predictors that already account for 
56% of the variance with a sample size of 
300.13,14 Ratios between the R2 values for the 
full model and those for the additive model 
were 1.39, 1.22, 1.27, 1.23, and 1.09, re- 
spectively, for Functions 1-5. Thus, the full 
model typically accounted for about one 
and a quarter times as much variance as the 
additive model. Of course, if the true func- 
tion relating the criterion variable (utiliza- 
tion) to its predictors is less interactive than 
the functions included in the simulation, the 
full model would produce a smaller increase 
in R2. 

Measurement error had two important 
effects. The addition of measurement error 
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FIG. 1. Mean proportion of variance accounted for (R2) 
models (full and additive). 

steadily decreased the proportion of vari- 
ance accounted for, from 0.817 for error- 
free predictors to 0.413 for predictors with 
reliabilities of 0.5. In addition, measurement 
error reduced the fit of the full model more 
than it reduced the fit of the additive model. 
Thus, error decreased the advantage of the 
full model-from 0.188 for error-free pre- 
dictors to 0.063 for predictors with reliabili- 
ties of 0.5.? 

? Some supplementary computer runs were con- 
ducted using a symmetric unimodal distribution-beta 
(4,4) and skewed distributions-beta (1,2) and beta 
(2,1) instead of uniform distributions for the true scores 
of the predictors. These runs revealed the same main 
effects and interaction of measurement error and sta- 
tistical model. Compared with the results for the uni- 

as a function of measurement error for two statistical 

Interactive statistical models are particu- 
larly susceptible to the effects of measure- 
ment error because their predictions depend 
on the joint level of the predictors. A large 
measurement error on one predictor can 
lead to a very inaccurate prediction. For ex- 

ample, an inaccurately recorded level of 
zero on any predictor may lead to a predic- 
tion of low utilization, no matter how high 
the levels of the other predictors. An addi- 
tive model would be less affected by this 
error. 

form distribution, interaction terms were less useful for 
the symmetric unimodal distribution, more useful for 
the positively skewed distribution, and less useful for 
the negatively skewed distribution. 
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Discussion 

On average, for the five highly interactive 
functions studied, the interactive statistical 
model accounted for about one and a 
quarter times as much variance as the addi- 
tive model. So, if a study using the additive 
model accounted for 20% of the variance (as 
was typical of past studies1), the full model 

might account for about 25% of the vari- 
ance. While this is a useful improvement, it 
still leaves 75% of the variance unex- 

plained. This suggests the use of additive 
models is not a major cause of the low pre- 
dictive accuracy of large scale studies. Re- 
searchers should consider using interactive 
models, but they cannot expect too much 
help from this improvement alone. 

In the simulation, predictive accuracy was 
decreased by measurement error in the pre- 
dictors. Measurement error decreased the fit 
of the interactive model more than it de- 
creased the fit of the additive model. An 
implication of this finding is that investiga- 
tors using interactive models should be par- 
ticularly concerned about the reliability and 
validity of their measures. The development 
and refinement of multiple-item scales 
should be very useful in studies designed to 
investigate interactive models. 

The Monte Carlo study allowed us to es- 
timate the potential usefulness of interac- 
tion terms (when the data are known to be 
highly interactive) and provided insight as 
to when and why interaction terms are more 
or less useful. Monte Carlo studies cannot, 
however, indicate how useful such interac- 
tion terms will be in practice when the un- 
derlying function and level of error is un- 
known. For that information we must turn 
to real-world data-in this case, to survey 
data on physician utilization. Comparison 
of the Monte Carlo and real-world data can 
also provide information that could not be 
derived from either type of data alone. 

Real-World Studies 
Past Survey Research 

We know of only two published studies 
of physician utilization that have used in- 
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teractive statistical models. The first was re- 

ported by Sharp, Ross, and Cockerham in 
198315; the second was reported by Arling 
in 1985.9 (A third study concerning use of 
mental health services is also somewhat rel- 
evant.16 It is not discussed here, however, 
because it is not possible to determine the 
contribution of the interaction terms from 
the published report.) The study by Sharp, 
Ross, and Cockerham15 examined the inter- 
action between symptoms experienced (a 
need or illness factor) and perceptions of the 
significance of symptoms (a predisposing 
factor). Specifically, Sharp et al.15 asked 618 
adult residents of Illinois to indicate which 
of 11 symptoms they had experienced dur- 
ing the past year and which of the 11 

symptoms were serious enough to prompt a 
trip to the doctor. Three indices were de- 
rived from these questions: 1) Symptoms- 
the number of symptoms experienced; 2) 
Attitude Toward Symptoms-the number of 
symptoms judged serious enough for medi- 
cal attention; and 3) Salient symptoms-the 
number of symptoms that were both experi- 
enced and judged serious. The salient 
symptoms variable is an interaction term or, 
more precisely, the sum of eleven theoreti- 
cally meaningful interaction terms: one 
symptom X attitude interaction term for 
each symptom. 

The additive linear regression model pre- 
dicting physician utilization from symptoms 
and attitude accounted for 14.0% of the 
variance. The interactive model including 
all three predictors accounted for 15.5% of 
the variance in physician utilization, or one 
and one ninth as much variance as the ad- 
ditive model.ll This difference is statistically 
significant and many times as great as the 
increase of 0.002 that would be expected by 
chance when a third predictor is added. Al- 
though the finding contributes to our un- 
derstanding of physician utilization, the in- 
crease in variance accounted for is not very 
substantial. 

11 These results were derived from the correlation 
matrix presented by Sharp et al.13 

MEDICAL CARE 



STATISTICAL INTERACTIONS 

Arling9 examined physician visits as a 
function of 13 need, ability (enabling), and 

predisposing variables and eight of their 

two-way interactions in a sample of 2,051 
Virginians over 60 years of age. Three of 
these interactions were statistically signifi- 
cant, increasing R2 from 17.9% to 18.7%. 
Although this increase was about twice as 
large as the increase of 0.004 that would be 

expected by chance even if eight predictors 
were added, the interactive model ac- 
counted for only about one and one twen- 
tieth as much variance as the additive 
model. These two studies indicate that in- 
clusion of interaction terms suggested by 
theoretical analysis can produce a modest 
increase in variance accounted for. They do 
not indicate how much more of the variance 
can be accounted for by models including 
the full set of interactions suggested by the 
behavioral model of physician utilization. 

New Survey Research 

To further test the usefulness of interac- 
tion terms in predicting physician utiliza- 
tion, measures of the relevant variables 
were included in a recent survey conducted 
by the authors. The data were analyzed 
using additive and interactive statistical 
models. 

Methods. Respondents in the survey 
were a probability sample of 619 Detroit 
area women. Data were collected in per- 
sonal interviews. Physician utilization was 
assessed by questions about surgeries and 
hospitalizations, office visits for treatment 
of medical problems, and office visits for 
checkups. Need or illness was assessed by a 
general rating, questions about how many 
times the respondent stayed in bed or cut 
down on normal activities because of health 
problems, and the occurrence of other 
health problems. Ability to obtain health 
care was assessed by questions about family 
income, health insurance coverage, travel 
time and waiting time to obtain health care, 
busyness-employment and children, and a 
general rating of ease or difficulty of ob- 
taining medical care. Indices of utilization, 

need, and ability were created by summing 
the scores on the relevant items.? Items with 

strong positive skews were log transformed 
before summing. Several potential predis- 
posing factors were also examined: educa- 
tion, age, race (dichotomized: black vs. 
other), and marital status (dichotomized: 
married vs. other). 

Results. Complete data for regression 
analysis were obtained from 492 respon- 
dents. Four separate regressions were com- 

puted to predict utilization from need, abil- 

ity, and each of the four predisposing vari- 
ables. Four additional regressions were 
conducted including the predictors men- 
tioned above and all two- and three-way 
products of the three predictors in each 
analysis. Adding the interaction terms 

(products) produced a significant increase in 
R2 for the model using marital status as a 
predisposing factor but not for the other 
analyses. In the significant case, the additive 
model accounted for 23.6% of the variance, 
while the interactive model accounted for 
25.3% of the variance. Though the differ- 
ence between these two R2 figures was sev- 
eral times as great as the difference of 0.006 
expected by chance with the addition of 
four predictors, the ratio between these fig- 
ures was only 1.07. 

Discussion 

It is notable that the improvement in pre- 
diction of utilization in the three real data 
sets was substantially less than in the Monte 
Carlo study. Two factors may explain this 
difference. First, the true function relating 
utilization to need, ability, and predisposi- 
tion may be less interactive than the func- 

? Items composing the utilization index were 
weighted according to the relative degree of demand 
each placed on health care services. Office visits for 
checkups were given a weight of one. Office visits for 
treatment of medical problems were given a weight of 
two. Surgeries and hospitalizations were given a 
weight of four. Items composing the need and ability 
indices were summed without weighting. Items that 
were on different scales were transformed to z-scores 
(standardized) before summing so they would receive 
equal weight. 
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tions included in the simulation. This seems 
to be the case in the Arling study where 
several variables had significant effects on 
utilization without being involved in signifi- 
cant interactions. Second, the measures in 
the three studies may be less reliable or 
valid or both than the average level in the 
simulation. Both of these factors probably 
reduced the contribution of the interaction 
terms in the survey data. 

General Discussion 

Advantages and Disadvantages of 
Interaction Terms 

The analyses described above indicate 
that interaction terms can produce a statisti- 
cally significant improvement in predictive 
accuracy. Another potential advantage of 
including interaction terms is improved un- 

derstanding of the causes of physician utili- 
zation. The studies by Sharp et al.15 and by 
Arling9 provide excellent illustrations of this 
advantage. By combining interaction terms 
with path analysis, Sharp et al. were able to 
provide evidence that symptoms were not 
the direct causes of utilization. Rather, 
symptoms combined interactively with spe- 
cific attitudes to produce salient symptoms. 
Salient symptoms (a partially physiologic 
and partially psychosocial variable) me- 
diated the effects of symptoms and attitudes 
on utilization behavior. Evidence for this 
process could not have been obtained with- 
out using interaction terms. 

Inclusion of interaction terms also in- 
creased understanding in the Arling9 study. 
For example, impairments in activities of 
daily living interacted with medical condi- 
tions and with social support. These inter- 
actions indicated that different variables in- 
fluenced physician utilization among per- 
sons with and without such impairments. 
Medical conditions significantly increased 
utilization among persons with zero to two 
impairments but not among persons with 
three or more impairments. On the other 
hand, social support significantly increased 
utilization among persons with impair- 
368 

ments, but not among persons without im- 

pairments. These findings make sense and 
increase our understanding of physician 
utilization. They could not have been ob- 
tained without examining interactions 
among the predictors. See LaRocco et al.7 for 
an example of the theoretical utility of in- 
teractive models in another substantive do- 
main. 

There are, however, disadvantages of 

using interaction terms that should be con- 
sidered. These disadvantages are not re- 
stricted to studies of physician utilization 
but apply to use of interaction terms in re- 

gression analyses generally. 
Increasing the Number of Predictors 

and Tests. Interaction terms greatly in- 
crease the number of significance tests that 
can be performed. For example, a researcher 

using just six dichotomous or continuous 

predictor variables can test 15 two-way in- 
teractions, 20 three-way interactions, and 
22 higher-order interactions. With ten such 

predictors, there are 45 two-way interac- 
tions, 120 three-way interactions, and 848 

higher-order interactions. Even if testing is 
limited to two-way interactions, increasing 
the number of tests performed increases the 
chance that one or more effects will be 
found to be statistically significant by chance 
alone. In other words, alpha (the type I error 
rate) will be inflated and researchers will be 
reporting more significant effects that can- 
not be replicated. Another problem with in- 
cluding a large number of interaction terms 
in the regression model is the loss of degrees 
of freedom from the residual or error term. 
The loss of degrees of freedom reduces the 
sensitivity of the significance tests and the 
precision of the parameter estimates.4'17 
These problems can be reduced by testing 
only a small number of theoretically inter- 
esting interactions (see Sharp et al.15). When 
many interactions are tested, the alpha level 
for each test should be reduced. 

Multicollinearity: High Correlations 
Among Predictors. Product terms are 
often highly correlated with one or more of 
their components. This collinearity reduces 
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FIG. 2. Transformations can eliminate interactions: Y (left panel) and log(Y) (right panel) as functions of A and B. 
In both panels, the data were generated by Y = A X B. 

the sensitivity of the significance tests and 
the precision of the parameter estimates. (It 
may also cause rounding errors or other 

computation problems especially for poorly 
written programs.18) Severe multicollinear- 

ity is less likely if only a few interaction 
terms are included in the model. Some tech- 

niques have been developed to reduce the 
effects of multicollinearity, including ridge 
regression and principal components re- 

gression. Although these techniques are 

substantially more complex than ordinary 
least squares regression, they are useful in 
some circumstances.18'19 

Sensitivity to Transformations and 
Scale of Measurement. A third problem 
with using interaction terms is that the pres- 
ence and form of ordinal (qualitative/non- 
crossover) interactions generally depend on 
the scale of measurement. A log transfor- 
mation of the dependent measure, for ex- 
ample, will often reduce or eliminate an in- 
teraction. Main effects (i.e., nonproduct 

terms) are generally less affected by trans- 
formations.20'21 

The reason that log transformations can 
eliminate interactions can be traced back to 

algebra. If the criterion variable Y (utiliza- 
tion or anything else) was equal to A X B, 
and the predictors were A and B, the effect 
of A on Y would depend on the level of B. 
That is, A and B would interact and includ- 

ing a product term (A X B) in the regression 
model would improve predictive accuracy. 
If a log transformation were performed on 
Y, the criterion variable [log (Y)] would 

equal log (A) + log (B). Log (Y) would be an 
additive (but nonlinear) function of A and B. 
The effect of A on log (Y) would not depend 
on the level of B. That is, A and B would not 
interact. If A and B were independent of 
each other, including a product term would 
not improve predictive accuracy. 

Figure 2 illustrates the algebraic results 
described above. In both panels of the fig- 
ure, the criterion variable is plotted as a 
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function of A and B where A and B take on 
the integer values from one to five. In the 
left panel, the criterion Y equals A X B. The 
lines are nonparallel indicating an interac- 
tion. In the right panel, the criterion log (Y) 
equals log (A) + log (B). The "lines" are par- 
allel, indicating there is no interaction be- 
tween A and B. (An optical illusion may 
cause them to appear to be nonparallel, but 
measurement will prove otherwise.) If both 
the raw and transformed measures are con- 
sidered to be meaningful, interpretation of 
an interaction that is present for only one 

scoring system may be quite difficult. 

Confounding of Interactions with Non- 
linear Effects. One little known pitfall of 

using interaction terms is that interaction 
effects can be confounded with nonlinear 
effects. Whenever two predictor variables 
are correlated with each other, their product 
is correlated with the squares of both pre- 
dictors. An extreme example will make this 
clear. Imagine two predictors C and D that 
are perfectly correlated and have the same 
mean and variance: in other words C = D. In 
this case C X D = C2 = D2. If C2 makes a 

significant contribution to predicting some 

dependent variable Z (above and beyond 
the contributions of C and D), so would C 
X D. This would occur, for example, if Z 
= C2 + D. 

If C and D are imperfectly correlated, the 
confounding of C2 with D2 and C X D would 
be weaker, but still present. So when pre- 
dictors are correlated, their interaction term 
would be correlated with their squares. A 
significant interaction may appear when the 
relationship is really additive but nonlinear. 
Similarly, a significant nonlinear effect may 
be found when the true relationship is linear 
but interactive. 

Perhaps the best way to reduce this con- 
fusion is to include both the product term 
and the squares in the regression. The "real" 
interactive or nonlinear effects should re- 
main significant when the others are con- 
trolled. However, this analysis will be 
biased by measurement error in the predic- 
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tors. Unequal reliability of the predictors 
may be particularly troublesome. Buse- 

meyer and Jones22 have argued that the 
scale of measurement problem combined 
with the problem of random measurement 
error are so severe that regression analysis is 

inadequate to test for noncrossover interac- 
tions. 

Other Ways to Improve Prediction and 

Understanding. Although interaction 
terms can improve prediction of physician 
utilization and can facilitate understanding, 
it is clear that they cannot do the whole job. 
Most of the variance remains unexplained. 
So it is necessary to consider other ap- 
proaches to improved prediction and un- 

derstanding. Improved measures seem par- 
ticularly likely to be useful. 

Mechanic1 has identified several ways to 

improve measures of two ability/enabling 
factors: insurance coverage and the physi- 
cian-to-population ratio. Other possible im- 

provements include developing and using 
multiple-item scales and indices, reporting 
separate analyses for different types of uti- 
lization,23 and including additional predic- 
tor variables. Empirical work is needed to 
determine which modifications and addi- 
tions are useful. 

Limitations of the Investigation and 
Directions for Future Research 

In this paper we have attempted to quan- 
tify the predictive utility of including inter- 
action terms in regression models of physi- 
cian utilization, to describe and explain the 
benefits and pitfalls of using interaction 
terms, and to identify some ways to avoid or 
reduce the problems. We have also men- 
tioned some alternative ways to improve 
prediction and understanding of physician 
utilization. We have not, however, at- 
tempted to quantify the magnitude of the 
problems, for example, to determine how 
frequently measurement error and correla- 
tions among predictors lead to incorrect in- 
ferences. We also have not tested any sta- 
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tistical techniques for dealing with measure- 
ment errors in interactive models, either by 
adjusting the covariance matrix or by using 
LISREL24 or other similar programs. Al- 
though they are beyond the scope of the 
current paper, these are very interesting 
topics for future research. 

In the Monte Carlo study and in the anal- 
ysis of the Detroit-area data, we have con- 

sistently compared the additive model with 
the full model, and have not tested models 

including fewer interaction terms. This was 

appropriate for our purpose of determining 
how much more of the variance in physi- 
cian utilization can potentially be accounted 
for by interactive models. From statistical 
theory we know that models including a 
subset of the interaction terms can never ac- 
count for more of the variance than is ac- 
counted for by the full model. Our emphasis 
on the full model may, however, have led 
readers to believe that we disapprove of in- 
teractive models having fewer than the 
maximum number of interaction terms. This 
is the opposite of the truth. We encourage 
researchers to test a small number of theo- 
retically important interactions rather than 
going on fishing trips with full interactive 
models. 

Conclusions 

Both the Monte Carlo study and the sur- 
vey data indicate that adding interaction 
terms to statistical models of physician utili- 
zation or other domains characterized by 
noncrossover interactions can provide a sta- 
tistically significant increase in predictive 
accuracy. Use of interactive models can also 
facilitate understanding. Interaction terms 
are unlikely, however, to produce large in- 
creases in proportion of variance accounted 
for. And there are several disadvantages of 
interactive models: inflation of alpha, re- 
duced degrees of freedom, multicollinearity, 
sensitivity to scale of measurement, and po- 
tential confounding of interactive effects 
with nonlinear effects. 
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CHSR Study Groups 

The Committee on Health Services Research (CHSR) of the Medical Care Section of the 
American Public Health Association (APHA) will again sponsor study groups prior to the 
APHA meeting in Boston next fall. Study groups usually meet for two or more hours to 
discuss research issues. Several researchers in the subject area make brief presentations 
followed by opportunities for round table discussion. Study groups on particular subjects 
often continue to meet each year. The groups will meet on Saturday, November 12th and 
Sunday, November 13th, 1988 (definitive schedule will be announced later). Attached is a 
list of study groups and their leaders. If you are interested in attending one or more of these 
groups, please call the study group leader at the number indicated. Peter Goldschmidt, who 
is leading the group on access, also welcomes suggestions as to presenters and offers of help 
in organizing the group. 

The Committee is planning the usual two sessions during the APHA program: one on 
current issues in methodology and the other on recent advances in health services research. 
The Committee will also hold its business meeting during the APHA meeting dates. For 
further information on the CHSR, please call the chairperson for 1987/88, Dr. R. Heather 
Palmer, (617) 732-1060, address: Institute for Health Research, Harvard School of Public 
Health, 677 Huntington Avenue, Boston, MA 02115. 

Study Groups Sponsored by the Committee on Health Services Research of the Medical Care 
Section of the American Public Health Association 

Group Contact Person Telephone 

AIDS 
Homelessness 

Quality of Care 
Health Status & Quality of 

Life 
Health Care Management 
Technology Assessment 
Ambulatory Care Case Mix 
Access to Care: The 

Challenges of Cost 
Containment and 
Quality Assurance 

Penelope Pine 
Rene Jahiel 

Heather Palmer 

Kathleen Lohr 
Alan Cohen 
Stan Reiser 
Oliver Fein 

Peter Goldschmidt 
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301-597-1454 
212-340-6754 
718-729-0808 
617-732-1060 

202-334-2319 
609-452-8701 
713-792-5140 
212-305-6262 

301-530-9593 
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