TN 20: ANALYSISOF VARIANCE MODELSWITHINTERACTION EFFECTSAND
THEIR POTENTIAL ROLE IN UNDERSTANDING AND PREDICTING RECREATION
BEHAVIOUR

By J. Arseneault, A. Dionne, J. Beaman, M. Renoux
ABSTRACT
This paper focuses on certain issues that are important in understanding the value of analysis of
variance ANOV A", models in recreational research, particularly whether asimple analysis of
variance model is structurally sound and whether its use may lead to errorsin estimating
behaviour.

The results of the Michigan Automatic Interaction Detector (AID) program and of regression

analyses of the 1969 and 1972 Canadian Outdoor Recreation Demand Study, CORDS, Nationa

Survey Data on Canadian's Participation in Outdoor Activities are included to illustrate how

interaction effects affect analysis when trying to explain participation in an activity using socio’
economic variables as the independent variables. The results of the analysis of simulated data are
presented to show the degree to which AID explains data as compared to using a correct analysis
of variance model. Conclusions are that:

1. significant interaction effects exist when one tries to explain Canadian residents' participation
in particular outdoor activities in terms of socio-economic characteristics;

2. asimple main effect analysis of variance model is not adequate to explain most recreational
behaviour;

3. theuseof the AID analysis program gives one an idea of the magnitude of the sum of squares
associated with interaction effects but its use does not provide a systematic way of
identifying effects; and

4. repeated application of traditional regression methods to identify interactions does result in
“finding" interaction terms that improve asimple linear model but the improvement
achieved can be limited and, what is more, the possibility of type Il errorsin using
regression repeatedly to determine interaction effects raises serious questions about using

. this approach to improve (define appropriate) models.

NOTE: In CORDS using analysis of variance, ANOVA, does not refer to running a program that
“partitions’ variance based on the assumption that data were collected using a designed
experiment. In the terminology of 2006, one isreferring to using multiple regression to analyze the
variance in a dependent variable based on the values that independent variables happened to take— in
the general case based on the “ general linear model” presented in Scheffe 1959 pp. 13-22).

INTRODUCTION AND PURPOSE

As of the 1970s, the best known use of analysis of variance modellingtechniques for
predicting participation in recreation was Mueller and Gurin (1961). More recently other
examples of applying this technique have become frequent. In the Canadian Outdoor Recreation
Demand (CORD) Study, Hendry (1970) suggested using analysis of variance (in the form of
dummy variable analysis); this technique was actually pursued using a 1969 Nationa Survey to
develop differentials related to age, sex, family status, etc. Subsequently, TN 12 of the CORDS
showed how the socio-economic differentials for 26 activities could be used in making
projections. Renoux (1973, 1975) used this methodology to develop a hunting model and other
models for the Province of Quebec.

An important result of previous CORD Study work and Renoux s research has been the



identification of anumber of problems associated with the use of analysis of variance techniques.
The purpose of this paper is to focus on the need to include interaction effects in modelling
behaviour. Thestructure of the note reflects the history of research on interaction effects and
regression models. It is convenient to present some definitions and then describe some early
research from which no results are presented. Early research led to successful research on
interaction effects and finally led to some findings that are presented in this paper. Through this
strategy of showing the background of research the authors believe that the reader will get the
best "fedl" possible for the multitude of problems involved in developing and improving the kind
of models of concern here.

The data used in the various analyses presented are not described in any detail but are
documented in CORDS Volume 11 (consult the CORDS web posting to find out about
availability of the data as well as of documentation).

DEFINITIONS

Here the term main effects model is used to refer to amodel in which participation or
non-participation in an activity is expressed as the cumulative sum of socio-economic effects. It
isthe kind of model defined and described in detail in TN 12 (see aso TN 15). In equation form
such amode is:

@ Y(@i,J,L,M,Q) =U +B(1,J) + B(2K) + B(3,L) + B(4, M) + B(5,Q) +(i)

WHERE Y (i,J,K,L,M,Q) is 0 or 1 depending on whether individual i participated in the
activity being considered;

JK,L,M,Q refer to the socio-economic categories that person i isin where J refersto a
category of the socio-economic variable 1, K refersto acategory of the socio-economic
variable 2, say Age, L refersto acategory of the socio-economic variable 3, etc.

U isa generd level/probability of participation in the activity under consideration;

B(1,J) isthe effect of being in category J of the socioeconomic varlable 1, B(2K) Is the effect
of being in category K of the socioeconomic variable 2, and B(3,L) is the effect of beingin
category L of the socio-economic variable 3, etc.

g(i) isan error term.

It is possible that the kind of model just defined oversimplifies the interrelationships
between the variables used to predict behaviour. For example, it is likely that relationships
between gender, age and education exist that help one understand hunting participation. For
example, having a high level of education and being old may mean something quite different
from having ahigh level of education and being young. A person with a high level of education
who is old may tend to come from an urban non-hunting background and thus have avery low
probability of hunting, particularly if female The main effects model does not allow for the
interaction effect between education and age affecting hunting just described except in as much
as one calculates one model for males and one for females asisdonein TN 12. (TN 27 pursues
the effects of interactions in another context.)

Consider avery simple model involving interactions. It is assumed that the participation in
an activity can be explained by means of two socio-economic effects, A and B and by the
Interaction between them, AB. Stated mathematically, individual behaviour is represented by
Equation 2a and the somewhat more general form Equation 2b.

(23 Y(i,j,k) =U+A() +B() + AB(ij) +&(k)

(20) Y(i,j.k) =+ B(i,1) + B(,2) + B(i.),3) +£())

WHERE Y (i,j,k) is the dependent variable,



w is an average effect for all individuals to which other effects are a“ correction”;

B(i,1) isthe differential (offset from p) effect of factor/variable at level i;

B(j,2) isdifferential effect of factor two being at level j;

B(i,},3) is theadjustment to B(i,1)+p(j,2) that is necessary because these occur together;

g(i) isarandom error term applying to a particular individual.

There are conditions which the B(') coefficients must satisfy which the reader may review
in anumber of sources (e.g. Wasserman, 1974). However, the important point hereis that to have
agreat deal of freedom in how interaction effects are defined, the kind of formulation introduced
here can be used. The formulation is such that many unknowns are usually computed to explain
behaviour. i and (m-1), (n-1) and (m-1)(n-i) values of B( 1)'s, B(,2) sand p(, ,3)'s respectively
must be computed to define the model when all of the usual constraints on the model parameters
are considered. Now if in Equation 2, instead of just having three types of f()'s one wants to
have the 10 socio-economic variables for which effects were calculated in TN 12, thento havea
model like the one just introduced with interaction terms between every pair of variables there
must be (10)(9)/2 = 45 such terms. For N variables the number of termsis (N)(N-1)/2.

Furthermore, just as for one interaction term for variables with m and n levels there are
(m-1) times (n-1) unknown B( )'sto be calculated. For a"complete" 2-way interaction model with
10 variables this means the number of parameters to computed is X (n-1)(m-1) over 45 second
order interaction terms. Even if one estimates al the 2-way interaction effects they have not
necessarily dealt adequately with interaction. One can consider 3-way interactions. These depend
on the value of three variables. If all three-way interactions between variables are to be considered
when there are N variables in amodel, the number of 3-way interactionsis N(N-1)(N-2)/(3)(2)(1)
which equals 120 for N = 10. As one might guess, for each of these there are (n-1) (m-1) (p-1)
interaction B( , )'sto be estimated (n, m and p refer to the number of levels of the three variables
of a particular third order interaction). So it should be clear that one cannot simply insert al
possible first, second, third etc. order interaction terms into amodel and proceed to estimate
parameters.

The discussion thus far suggests that when very many socio-economic variables are
considered, the number of coefficientsis so large that estimates could not be made on any 1970s
computer. A more practical consideraion, and one relevant any time, is that when large numbers
of parameters are to be estimated and these involve complicated interactions, the situation readily
arises where, even when avery large data set is available, there are only one or two people who fit
into certain classes/categories on which there must be information to estimate interaction
parameters. The problem is compounded when there are numerous categories with nobody.
Without information coefficients cannot be estimated.

Beaman and Renoux recognized the kind of problem just described when they began
work on the research which eventually led to thisTN. They examined the differences between the
model defined by Equation 1 and a much more adequate model “including” interaction affects.
The moreadequate model that they chose to use was a model defined by the Michigan AID
Computer Program. The reader can learn how this program works from material in TN 4 or TN 27
where there are examples of its use. One can also refer to the origina writings about the AID
Program by Sonquist and Morgan (1964).

What was done by Renoux and Beaman wasto try to determine which interactions
should be considered if amodel was to fit agiven set of data. Using the model defined by
Equation 1 and using an AID model, predictions for individuals were written out on magnetic



tape (one available storage medium to use in the 70s) when a*large” amount of information was
to be stored for further computer processing. The ideawas that if cases could be identified where
there were large differences between AID predictions and the analysis of variance predictions,
these would provide a clue as to what interaction terms should be incorporated into the main
effect regression model. It was planned that the differences between these two predicted values
would (for example) be examined by looking at the average value of it for various cross
classifications of socio-economic variables.

Unfortunately, much work led to few results. As one might guess from the variance-
explained values reported in Table 1, the differences between AID predictions and analysis of
variance predictions were highly variable. Little was learned about interactions to add but what
was evident was that AID analyses explained much more variance than themain effects
regression model.

In Table 1 you find quite acomprehensive set of percentage of variance-explained values
in which AID results on the 1969 CORD Study National Survey Data on Canadian Residents
Participation in Outdoor Activities are compared with main effect model results. Regression
results for 1972 are also given for reference purposes. The R? values for 1972 ANOVA are
comparable with the 1969 values because they were produced for persons 18 years of age which
was the sampling universe in the 1969 study. Also they were produced for participation-non
participation as the dependent variable and with the same independent variables. What one
should notice from Table 1 is that, as arule of thumb, use of AID resulted in explaining about
twice as much variance as the main effects regression model. If one looks at the list of activitiesin
column one of Table 1 they first see swimming participation in a city and they may note that for
males 17% of the variance was explained using AID. The use of ANOVA resulted in 13% of the
variance being explained. Thisis obviously not a2 to 1 ratio but, then, for bird-watching for
males, one notices the balance shifting as with ANOV A 2.5% of the variance is explained
compared to 14% for AID. For outdoor photography for males there is 12% for AID and 6% for
ANOVA, which isvery closeto the 2 to 1 ratio suggested earlier. A similar ratio holds for male
use of Historic Sites and when one examines R*for the female use mode! for Historic Sites one
sees that thereisaratio of .08 to .04 or 2to |. The results continue in asimilar manner. In the odd
case the ANOV A model is not too much "poorer” than the AID model while most results show
that there was a great deal of variance to be explained which the ANOV A model does not
explan.

When this situation was recognized the decision was made to involve other researchersin
the attempt to find interaction effects of the magnitude that (it appeared clear from the difference
between AID and ANOV A analyses) it should be possible to find. The researchers who took on
this task were confronted with two problems. One was becoming familiar with CORD data study,
and the other was developing a strategy for estimating interaction effects that would explain
something like the amount of variance that it seems clear was possible to explain by interaction
effects. This thrust of the research effort began with an exploratory analysis of the CORD Study
1972 National Survey data on Canadian Residents' Participation in Outdoor Activities, which data
had become available since Renoux and Beaman had begun their work. The variables used from
these data and their coding are shown in Table 2.



TABLE 1. COEFFICIENTSOF DETERMINATION, R?S, FOR PARTICIPATION IN

EACHACTIVITY IN 1969 AND 1972, FOR MALESAND FEMALES, OBTAINED
THROUGH ANOVA AND AID

Maes Femaes

1969 1969 1972 1969 1969 1972

AID ANOVA AID ANOVA
PARTICIPATION IN CITY
1. Svimming (.176) 132 - (.194) 139 -—
2. Nature/Bird Watching (.142) 024 (.075) .016 -—
3. Outdoor Photography - (.119) .062 (.106) .053 -—
4. Visit Historic Sites (.117) .062 .051 (.084) .042 .036
5. Visit Other Parks (.108) .060 (.108) .049 -—
6. Drive for Pleasure (.086) .050 .043 (.077) .042 .045
7. Sightseeing Urban (.105) .066 .030 (.090) .057 .025
8. Toboggar/Sledding (.191) .0b6 (.165) .039 -—
9. Picnicking (.111) .035 .018 (.102) .049 .019
10. Wak/Hiking (.146) .091 .064 (.125) .079 .059
11. Golfing (.117) .069 (.151) 034 —
12. Ice Skating (.208) 159 094 (.203) 146 .059
13. Bicycling (.171) .081 .085 (.194) .096 102
PARTICIPATION IN COUNTRY
14. Svimming (.202) 155 (.168) 144 -—
1b. Nature/Bird Watching (.075) 014 - (.088) .032 -—
16. Visit Historic Sites (.096) .056 .075 (.101) .058 .065
17. Misit Other Parks (.092) .052 (.094) .063 -—
18. Drive for Pleasure (.081) .057 .056 (.095) .060 071
19. Sightseeing (.1012) 073 .058 (.128) .088 .063
20. Toboggar/S edding (.180) .088 (.164) .087
21. Picnicking (.114) .082 .092 (.133) .096 .100
22. Wak/Hiking (.121) .065 .069 (.099) .061 .063
23. Golfing (.128) 077 (.141) .025
24. |ce Skating (.139) .056 .098 (.151) .055 072
25. Bicycling (.148) .046 .063 (.142) .076 .066
OTHERPARTICIPATION
26. Svimming (-280) 244 (.260) 217
27. Tent Camping (.120) .069 179 (.088) .043 .100
28. Trailer Camping (.061) .022 .038 (.084) .082 .036
20. Pickup Camping (.156) .019 024 (.125) .022 024
30. Hunting (.118) .084 .091 (.150) .035 .030
31. Power Boating (.127) .088 071 (.112) .064 .065
32. Canoeing (.146) .080 094 (.094) .036 .066
33. Sdling (.1312) .053 .058 (.217) 032 061
34. Water Skiing (.186) 155 (.215) 067 —
35. Nature/Bird Watching (.068) 017 (.081) .029 -—
36. Outdoor Photography (.122) 079 (.091) .055 -—
37. Visit Historic Sites (.112) .078 .092 (.101) 073 074
38. Visit Other Parks (.101) 076 (.105) 077 -—
39. Drive for Pleasure (.102) .066 .069 (.104) .067 .095
40. Sightseeing (.112) .088 .062 (.130) .099 .060
41. Climbing (.095) .037 (.130) .029 -—
42. Snow Skiing (.208) 125 .090 (.223) 102 .087
43. Snowmobhiling (.160) 103 131 (.127) 074 103
44, ToboggarvSledding (.173) 107 (.158) 102 —
45. Picnicking (.133) .090 101 (.148) 115 104
46. Wak/Hiking (.142) .086 .091 (.114) .078 .089
47. Golfing (.174) 121 (.141) .043 -—
48. Ice Skating (.233) 193 176 (.226) 171 128
49. Horseback Riding (.198) 102 .108 (:213) .109 114
50. Bicycling (.156) .083 135 (.182) 118 147
51. Tennis (.235) 139 (.266) 117 -—
52. Fishing .084 .053
53. Hunting/Fishing 104 -- .058

54. Smal Game Hunting -- - 077 -- - .032



TABLE 2: 1972 CANADIAN'SPARTICIPATION IN OUTDOOR ACTIVITIES
VARIABLESUSED IN ANALYSESREPORTED IN THISPAPER

Variable Description

I. AGE
10to 11 years
1214
15
16 17
1819
20
2124
2529
3034
3539
40 44
49
50 55
56 b4
65 and over
II. EDUCATION
No formal
Some public school
Finished public
Some High School
Finished High School
Some tech- Senior
College
Graduate of tech-
Senior College
Some university
Graduate of university
lll. FAMILY SIZE
One
Two
Three
Four
Five
Six
Seven

Origina Vaue
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Recoded
for Table3
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Variddle Description  Origina Vaue

Eight

Nine

Ten and over
IV.INCOME
0-$2,999
3,000- 4,499
4,500- 5,999
6,000- 7,499
7,500- 8,999
9,000- 10,499
10,500 - 11,999
12,000 - 13,999
14,000 and over
V.CITY SIZE
500,000 and over
100,000 - 500,000
30,000 - 100,000
10,000 - 30,000
1,000- 10,000 -
Rural

VI. GENDER
Made

Femde
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Initially, a number of equations were derived to givethe researchers afeel for what
second order interaction effects were relatively important (Arsenault, Dionne, & Ritchie 1975). A
methodology adopted for doing this was as follows:

a) Each of several control variables, sex, age and education, was chosen in turn (see right-

hand column of Table 3).

b) Regressions were carried out to determine how the form of an equation to explain
participation in hunting depended on the value of the control variable. For example, with

age as the control variable, participation in hunting was predicted for persons 10 to 19

with afirst independent variable sex = x(1), then for each of the other independent

variables X (2) to X(5), resulting in the equations which follow and the others that would
be written if one followed across the first line under the heading age:
P(of person 10- 19) = C-.222* (1)sex relation
" = C - .088* (3)education relation
! = C- .000* (4)household size relation
" = C- .003*(5)incomerelation

WHERE C is a constant.

c) Similar results were derived for other levels of the control variables. Specificaly, the age
group 20 to 29 regressions were made giving equations like the ones above with the first

three such equations having coefficients of X (1) x (3) and x(4) of -.0222, .021 and 007

respectively.

To comment further, as shown in Table 3 when age is the independent variable the
equations obtained to estimate the probability of hunting for femalesis:

(3) p =0.064- 0.012x(2)
and for males,
(4) p =0.341- 0.052 x(2)

Because the lines defined by Equations 3 and 4 are not parallel and have slopes that are
significantly different at the .05 level, (the t-test was applied) it may be concluded that thereis an
interaction effect between sex and age. If there were no interaction effect then the difference
between the sexes could be accounted for by a sex effect as in the two equations following:

(5) p (for example) = constant + male effect + B x(2)
(6) p (for example) = constant + female effect + 3 x(2)

WHERE B is aregression coefficient of age that applies to both sexes

Since, as one can see from Table 2, variable x(2) has more than two values (e.g. 1, 2, 3, 4,
5, etc.), one can write the following based on Equations 3 and 4

p =.J64+.012 = .076 for x(2) = 1 for afemae
p =.064 + (.012)2 = .088 for x(2) = 2for afemale etc. -- for al levels of x(2)
p =.341-.052 = .J93for x(2) = 1 for amaleetc. -- for al levels of x(2)

The reader can readily confirm that the system of equations given above cannot be solved
so that parameters are determined which make Equation 4 compatible with Equations 5 and 6.
Having the two coefficients of .012 and .072 in Equations and 4 makes it possible to reflect the
fact that age has a much more pronounced effect on male participation in hunting than it does for
females in the sense that young males may have avery high probability of hunting while older
males have avery Low probability similar to the general level of hunting for females. For females,
what is necessary to reflect behaviour is that there be a quite drastic peak in probability of



partidpating from almost nothing to maybe a .10 probability of participating. However, this peak
in relative termsisnot drastic in absolute terms since compared to males one sees that old males
have almost no probability of participating whereas ayoung male has a 50% chance of
participating.

TABLE 3: METHOD |: RESULTS OF PREDICTING HUNTING

PARTICIPATION* USING 1972 CORD NATIONAL SURVEY DATA
Independent Variables Used in Regression with Selected Control

Variables
Sex Age Education
"Control" Variables X(1) X(2) X(3)
Sex
Males @ -.052 022
Females 2 -012 .003
Age
10to 19 years (§h)] -.222 .088
20 to 29 years 2 -.223 021
30 to 39 years (©)) -.216 021
40 years & over 4 -.101 .003
Education
No Formal-Finished
public school D -.135 -.026
Some high school 2 -.250 -.054
Finished high
school and + (©)) -.159 -.029
Household Size Income City Size
"Control" Variables X(4) X(5) X(6)
Sex
Males 031 .020 343
Femaes .006 012 .009
Age
10to 19 years .000 .003 .045
20to0 29 years .007 .004 026
30 to 39, years .010 022 027
40 years 6 over .006 .022 016
Education
No Formal-Finished
Public school 014 034 .025
Some high school 034 027 .033
finished high
school and + .006 .005 021

* See the text for material on how to read the Table. Also one may note that significance test on differences
between the B'swere calculated but are not presented here because they play no rote in the discussion or in
arriving at the conclusions reached in this paper.

This should make it clear why the great number of drastically differing slopesin Table 3
present clear evidence that there are interactions that should be considered in developing models
to explain peoples participation in outdoor activities. One could present statistical tests for the
difference in coefficients, which is what was donein an earlier report on the data presented in
Table 3 (Arsenault, Dionne & Ritchie 1975). But thisis not done since there are problemsin
comparing regression coefficients (a) because they are inter-correlated, (b) because the results of
including third and fourth variables are not considered and also (c) because subsequent results
presented in this paper are more important in confirming the magnitude and significance of



interactions. Those who wish to look at more material on what interactions there are and on their
detection may refer to Renoux (1973, 1975) for specific examples that have to do with the data of
concerned here. More general discussion isfound in Sonquist & Morgan (1964).

A FIRST ATTEMPT TO DERIVE A FAIRLY GENERAL MODEL WITH
INTERACTIONS

The step taken after the screening procedure just described to show the value in pursuing
the matter of detecting interactions was one of introducing cross product terms into alinear
model. Unless theory provides a clear guide, one starts with amodel which offers some chance of
success yet is aso relatively manageable. In econometric research, and in some other areas where
concerns with interactions arise, interactions are often first introduced by defining them in terms
of across product of variables. So, if one assumes (as is done below) that 5 socio-economic
variables are needed in an equation to explain people's behaviour and outdoor activities, one may
write the following equation:

(7) Y=ptBo Xyt BeXat Py Xy Xt -+ 5Xu X5t €

WHERE e.g., X; isthe age variable, X, is education level, X; isa variable giving
household size, etc. asindicated in Table 2, (B, X" terms are omitted since there is one variable);

['s are theregression coefficients; and

g ISan error term.

In the preceding equation the variables listed can be visualized asinterval variables.
However, one might think that “ education” is ordinal if not nominal. However, if variables are to
be multiplied as indicated in the equation, it is important that the multiplication means something.
For “gender” with 0-1 and other 0-1 variables there is ameaning but if for occupation there is not
even an obvious order related to the activity being considered, occupation cannot be included in
such aformulation. What one has gained by having a coefficient for e.g., the ageby education
interaction is amodel with fewer parameters. However, if for an activity participation increase
with age to a point and then declines, then neither X, or cross product terms with 3, X
(e.gB12XX,) can reflect that “ curved” relation. One needs termsin X" such as X?. But, even
when variables are interval one does not usually know whether the age-education effect can really
be modeled by taking a multiple of age and education or even by including powers of variables.
The multiplicative interaction terms which appear in equations like Equation 3 are generally a
guessat what should appear. The dternative to using powers to allow for “curvature’ of effectsis
to form categories. By looking at effects for the ordered categories, or even fitting the effects, one
can often form areadlistic picture of how effects change with a variables value (linearly or
otherwise). So, without theoretical justification, there islittle point in considering powers of the
variables, or considering products of the variables including three, four or five variablesin a
product. Regardless, at the time that analysis was beginning making estimates based on Equation
7 seemed to make sense

Returning to the main theme, the hope was that when regressions were carried out to
determine the unknowns in Equation 7 enough interactions would have been considered. Table 4
shows the results that were obtained. One sees in the right-hand column that there was a nominal
increase in the value of R? when the interaction terms were included in the model. For example,
when one looks at the results for amale model for tent camping, one sees the R? was increased
from about .16 to .18. Thefirst R? isfor the five* main effect” (individual variable) parameters (B)
being estimated, whereas the second R?is for when 15 B were estimated. If the interaction effects
were not important, the increase in variance explained would be that explained by adding 15



random error terms. In practical terms the introduction of these terms should have explained
about 10/(number of cases- 15) which is about .5% of the variance that remained to be
explained. But in fact the 2% explained is much in excess of the approximately .5% of the
variance that would have been explained by chance. An appropriate F test for the significance of
this variance explained is the F test with 10 and infinite number of degrees of freedom:
F(10,infinity) approx = (2000/10)(.015/.985) = 3.04 which is significant since it exceeds the .05
level of 2.54.

Thereisreally no need to go into this kind of statistical test just introduced to seethat the
results of introducing the interactions are significant. The very fact that many of the regression
coefficients, more than expected by chance, for the product terms are about twice or more of
their standard deviation. In aggregate such persistent significance indicates significance at the .05
level (the standard deviations are given in brackets below coefficients). One may notice that the
coefficient with value-.00291 for the tent camping model for males is amost twice its standard
deviation, which is .00160. Similarly the coefficient for the, 4 term, for the , 4 term and for the
B35 term are also substantial in comparison to their standard deviations. Also, there is the odd
coefficient for the interaction terms that has a magnitude more than three times its standard
deviation and which will allow one to accept with more confidence. These can be considered to
confirm significance based on the “conservative’ two times rule that Draper and Smith (1966)
have suggested be used in some tests of significance in doing regressions where the distributions
arein doubt.

Table 4 shows the parameters of some models that are highly statistically significant
improvements over the regression models without interaction terms. However, one may wonder
how significant the improvement of an R? from .16 to .18 is, compared to what could be
achieved. When one compares the results of using the AID program with the "simple" regression
reaults, there may be some surprise that introducing the interaction has explained so little
variance. Thereis certainly no basis for afeeling of elation because the interaction results are
statistically significant. Thisis particularly important in understanding why developing the kind of
equations for which coefficients are presented in Table 4 was not pursued. The researchers, who
weretrying to improve on the simple model, saw that the improved model, though it offered a
significant improvement, did not appear to offer the improvement to be expected if the variance
that 'was available to be explained by interaction %as being explained. When R? was (on the
average) being increased by 10 to 20%, getting in the proper interaction terms would increase it
by 100%. Something else needed to be done. Or did it?

VALIDATION OF AID RESULTS

If it does not appear that a predictive mode is explaining the variance that it should, an
obvious first step might appear to be to incorporate more terms into the model. But concerns
about doing so have aready been raised. Another Line of inquiry is to determine whether, in fact,
the model is doing well but that the limit of the R>which might be attained has been assessed
incorrectly (alow R?isfine). The possibility is that the AID program, because of theway it is set
up to search for variance, finds variance even if it cannot he explained by a model that is perfectly
appropriate to the data. By going to a simulation approach one knows what the true model is
because one has used the model to generate observations and one can then determine by how
much (if at al) AID indicates an excess of variance explained over what can be expected to be
explained by amodel that is appropriate to the data.



TABLE 4

2,
ESTIMATED VALUE AND STANDARD DEVIATICH OF PEGHESSION COEFFICIENTS AND R 's

FOR THE MULTIFLICATIVE INTERACTION EFFECT MOCEL # without
TABLE 4 anteraction'
x * X, X x x X X x X x X L3 3 X X X X x.x x_xX x_x X X R With n
Activities(y) 1 2 3 4 5 172 13 14 17s 23 P 5 ] EC] 45 Interactien
MALES
Tent camping  -0.02%  0.076 -0.007 0.052 0.03% -0.003 0.002  -G.002 0,000  ©.005  -0.005 -0.005 @ A4 -0. 006 kit 161
(0.002)  {0.024} (0.022) (0.020) (0.023) {0.002) (0.0G2) {0,001} (0.000) (0.003)  (0.002) (0D.003) %% (0,003 e .181
Pickup -0.003  0.002 -0.002 0.004 0,017  0.000 0,001 #0s -g,001 wew -0.001 0,001 -0.003 . 004
camper (0.004)  (0.003) (0.008) (0.007) (0.0L1) (0.001) (0.001) Lo (2.001) e (0.001)  (0.001) (0. 0al) .01l
Hunting -0.006 0.0 -0,012 0.008 0,100 -0.002 0.001  0.002 -0.004  0.004  -0.005 -0.001  hed ~0.004 076
(0.068)  [0.023) (0,017} (0.014} (0,023} {0.001) (0.0CL} (0.0G1) {0.001} (0.003)  (0.002) (0.003)  aa 10.003) 093
Canceing -0.017  ©0.052 0.C02  0.0017 -0.006  -0.003 C.001 -0.0081 0.001 0.00L -0.001  -0.002 ~0.002 ik . 080
{0.008)  (0.020) (0,018} {0.017) (0.0200 (0.001) {0.00L} (0.0QL) (Q.001) (0.003)  (0.002)  (0.003) (0.002) % . 08g
Driviag for -0.023  0.028 -0.01% Q.00 0.050  0.001 0.003 0,002 -0.00L sd -, 002 e -0.0d3 et 026
Flersure (0,011)  (0.021) (0.024) (0.024) (0.026) (0.002) {0.001) 10.001) {0.001)  *ee {0.003)  #a* (0.003) i .033
snow Skiing 0.0l4  0.084 0,008 0,028 0,004 =0.005 =0.000 =0.003 -2.001 -0.007 0,003 -0.002 0.002 079
(C.007)  (0.017) (0.016) (0.014) (0,016} (0,001} (0.00L} (0.0C1} (0.001} (0.002)  (0.002)  (0.002) {0.002) Hohsh 113
Snowobiling  -0.027 0,040 -0.035 -0,026 0.051 =0,004 ©0.001  0.003 -0.004 ~0.001  -0.001  0.006 0.003 154
(0.008) (0,023 (0.021} (0.020) (0,023} (0.002) (0.001) ({0.001) (0.00L) (0.003)  (0.002) (0.003) (0.003 176
Picnics -p.011 -0.037 - 0.022 0,004  0.003 0,001 -0,000 0,005 =0.004  -0.004 -0.005 -igg
(0.027) (0.023)  *%*  {0.026) {0.002) {0.001) (0.001] (0.001) (0.004 (0.002  (0.003 10.003) £
Walking -0.013  0.01L  0.020 0.047 0,023 0.002 =0.001 =0.003 0,002  G.004  -0.002 -0.003 =0.005 A;i
oMY A AT (N NTRY (AL AT IGLOPTY (NLO02Y in.001)  d0.001)  {0.001)  (0.004} {0,003} {0.003) {0.003) -L
Bicycling -0.050 -0.030 0.042 0.038 0.051  0.003 -0.001 -0.002 -0.002  0.005  -0.001 -0.004  guy ~0.00%9 ik 399
0.009)  (0.022) (0.020} (0.01%) (0,021} (0.001) (0.001) (0.00L) (0.001) (0.003)  (0.002) (0.003)  4as (0.003)  un 408
Fishing =0.045  -0.003 -0.032  0.040 0,055 0,002 0.001 0,000 -0.001  0.006 0,010 -0.001 @ e -0.003 #ad .108
(0.011)  (0.028) (0.026) (0.023) (0.027) (0.002) (0.001) (0,001} (0.001) (0.004) (0,003} (0.003) #&x (0.003) % .120
FEMALES
Tent Camping  -0.030  0.071 -0.030 -0.0l1 0,014 ~-0.002 ©.002 -0.000 -0.000 -0.00L  -0.00L  ©.003 0.002  -0.002  0.002 .093
{0.009) (0.025) (0.020) (0.012) (0.022) (0.001) (0.001) (0.001) (0.001) 0.003  (0.002) (0.003) (0.002) (0.002) (0.002) 104
Pickup -0.001  0.006 0.004 =-0.003 -0.010  0.000 0.000 0.000 —0.001  0.001 #ss ' 0,001 -0.001  0.002  0.003 -014
Camper (0.004) (0.011) (0.009) {(0.008} (0.010) (0.001) {9.001) (0.0Ck) (0.001) (0.002) e (0.001) (0.001) (0.001)  ©.001 L 022
Hanting -0.002  0.0l6 -0.007 =-0.004 0.007 =0.001 ©.001  ©.000 -0.001 -0.003 0.001  0.000 0.002  0.000  0.002 .018
(0.005) (0.012) (0.010) {C.009)} (0.011) (0.001} (0.001) (0.00L) (0.001) (0.002)  (0.001) (0.001) (0.001) (0.001) (0.c01} 027
Canceing -0.022 0.007 -0.004 -0.009 -0.036 #%¢  -0,000 -0.0001 0,003 -0.003 0.004 -0.002  0.002 ©0.002  0.000 .74
{0.006) (0.012) (0.014) (0.0L4} {0.0L7) *s+  [0,001)  (0.001) (0,001) (0.002)  (0.002) (0.002) ({0.002) (0.001) (0.002) .086
Lriving for =0.050 =0.016 =0.015 0.011 0. 030 0.002 0.002 0.003 . 002 0. 006 =0.002 0.004 =0.002 =0.006 ©. 000 - 069
Pleasure f0.012) (0.031) (0.025) (0.024) (0.028) (0.002) (0.001) (0.001) (0.0021 (0.004)  (0.003) (0.004) (0.003) (0.003) (0.003) 083
Snow Skiing -0.001  0.058 -0.023 0.005 0.029 =-0.003 0.001 -0.001 -0.00F -0.002 0.003 -0.004  0.004  0.001  0.003 .073
(0.007) (0.018) (0.014) (0.014) {C.016) (0.001) (0.001) (0.001) {0.001) (0,002}  (D.002) (0.002) (0.002) (C.002) ({0.001) .093
Snowmobiling  -0.006  0.046 0.018 0.016 0,077 -0.002 -0.00C  0.000 -2,005 -0.004  -0.003  0.003  0.000 -0.001 0,002 .122
(0.008) (0.025) (0.020) (0.019) (0.022) (0.002) (0.001) (0.001) {0.001) (0.003}  (0.002) (0.003) (0.002) (0.002) (0.002) 132
Ficnics -0.069 =0.027 ~-0.043 0.015 -0.039 0.004 0.005 -0.002 ©. 003 0. 001 0.001 0.003 HAR =0. 002 0.005 -107
{(0.011) (0.031) {0,021) (0.018) (0.028) (0.002) (0.001) (0.CO1} (0.002) (0.004)  (0.003) (0.004) e (0.003)  (0.003) .120
Walking -0.035  -0.018  0.000 -0.006 -0.014 0,002 -0.003 0.001 ©0.000  0.005 0,002  0.001 0,002 -0.000  ©0.002 .120
(0,012 {0.031) (0.025] (0.024) (0.029) (0.002) (0.001) (0.001) (0.002) (0.004)  (0.003) (0.004) (0.003) (0.003) (0.003) 126
Bieyeling -0.051 -0.003 0.004 -0.011 0.010 0,001 -0.002  0.001  0.002  0.005 -0.002 -0.002  0.006 e 0.002 .287
(0.00%)  {0.025; {0.018) (2.020) (0.017) (D.002) (0.001} (0.001) (0.001) (0.003) (0.002) (0.003) (0.002) ES (0.002) -301
Fishing -0.046 -0.057 -0.024 0.010 -0.002  0.005 0.003 -0.001 -0.000 0,003  =0.000 =0.001 =0.003 =-0.001  0.005 072
(0.010)  (0.026) {0,021} 0.020 (0.023) (0.002) (0.001} (0.001) (0.001) (0.003)  (0.002) (0.003) (0.002) (0.003) (0.002) .083

" Indicates that this variable was not considered in the regression because its explanatory power
was too small.



It was decided to generate a dependent variable Y having 0 and 1 values indicating
participation or non-participation. In the simulation, five variables with four levels of each
variable were defined. Values of Y around a grand mean of one-half were generated for 1500
cases. The formulafor regression coefficients was:

B(ij) = (UA)((i - 25)/1.5)/2[ 1]

WHERE | indicates the variables 1 to 5and i indicates the level of the variable that an
individual has, 1to 4;
B(i,)) arethe coefficientsin: E(y) = U + B(j,i)X(j,i) (as noted U was taken to be %%)

A random number routine was used to independently and randomly generate the levels of
the 5 independent variablesthat characterize an observation. For example, (1, 3, 4, 1, 2) could
defineaperson for whom an observation was made. For this person:

E(y) = (U2+UA[(-DHUI)(V/2+(1)(1/4) + (-1)(U8)+(-1/3)(V16)]

In the above one has (1/3)(1/2) as what could be described as the third term in E(y)
because the person has level 3 of variable 2. The (1/4) which isin each (i,j) appears as afactor
that multiplies all five B(i,j)'s. An observed Y was generated using random numbers so an
observation 1 had a probability of E(y) and 0 a probability of 1-E(y). In generating collections of
levels for variables, e.g. (1,3,4,1,2), it was considered that people were in levels 1 to 4 of each
variablein the ratios 4/3/2/1 so that 4 times as many people were assigned to level 1 of avariable
asto level 4. The sum 4+3+2+1=10 so cumulatively, level 4 is associated with 0to .1, 2 with .1+
to .3, etc. Therefore, using arandom number routine, for avariable X (i), if the random number
generated was under 1/10 a person was assigned to level 4 of the variable X (i), if not level 4 but up
to .2 thelevel was set to 3, etc.

The results of the simulation study are shown in Table 5 where the ANOVA figures are
calculated on the basis of theory (because there was no need to estimate these results). The
results for AID analysis are the average results for 100 analysis runs. As can be seen the AID
model when applied to the given data to which another model is structurally appropriate explains
only slightly more variation than the model which is actually appropriate to the data, the
difference in explanatory power only being noticeable in the third figure of R?. The differencein
RZis truly minimal and certainly much less than the difference between the ANOVA model and
AID results reported in Table 1.

Thus the difference in the R? suggested by an AID run and the R*found using regression
models should not be large if the regression models are truly appropriate to the data. So, it can be
concluded that there is good evidence that for models very similar to those developed using the
CORD Study data, the AID program detects relatively large sums of squares which almost
certainly do not relate to spurious interactions. It also appears safe to say that the results provide
aclear indication that there is a great deal more variance to be explained in the CORD Study data
than was explained by using the model with interaction terms for which results are presented in
Table 4. Introducing the interaction terms only explained about 20% of the variance that should
be explained if appropriate interaction terms had been considered. If the models had been good,
R? should have gone up 100% on the average, not just by 20% as was the case. There may be
many more interactions to be considered and/or the interactions may be a different type from
those which are implicit in the formulation that was used.



TABLES5: SUMMARY RESULTSOF AID AND ANOVA ANALYSESOF SIMULATED
DATA TO WHICH AN ANOVA MODEL ISSTRUCTURALLY APPROPRIATE

MODEL

AID ANOVA
(2) Total sum of squares 336.2792 336.2792
(2) Between sum of squares 53.3586 56.8900
(3) Within sum of squares 276.9206 279.2892
Mean of y 0.32733 0.3393
S.D. of R?=(2)/(1) 0.170 0.168

The validation of AID results has only brought one back to the point of seeing that little
was gained by cross product analysis but that much must be achieved if models are to adequately
explain the relation between socio-economic variables and participation.

DI SCUSSION

The commentary above in some sense presents alogical sequence which has occurred in
considering how models should be developed that may be used to explain people’ s participation
in activities in terms of their socio-economic characteristics. However, one very important
practical question remains. When the logical sequence has been built up it shows that interaction
terms should be considered in developing the kinds of models of which applications have beer
introduced in TN 12 and 13. Therefore, how simple should models be that are applied in the way
indicated in the TN 127 For example, should estimates be made for sub-areas of Canada based on
National or Provincial data using relatively simple models or is this a dangerous practice? If an
area of Canadais very similar to the nation as awhole then one can see why one could use a
model which is deficient in certain respects. Even if interactions are not considered, predictions
could be close However, when one recognizes the disparities in Canadain terms of what
activities can be carried out, what differentials there are in terms of age, income etc. then the
dangers inherent in using parameters for a National ,model in making predictions for a sub-area
of the country are obvious. The areafor which predictions are made can be such that the National
parameters are not relevant. One must be very concerned that the National parameters are only
aggregate parameters with no particular relevance to any sub-areas that deviate substantially from
the national average.

In the context of this paper the crux of the concern is not whether there are disparities
within Canada but whether the effects of these disparities on peoples’ participationsin activities
can be adequately modeled only considering first order effects. Should second order effects be
considered because these explain regional differences? Are higher order effects important? We
do not know and need to know if models are to be used with confidence.

Oneis confronted with the fact that the simple analysis of variance model appears to only
“tap” part the variance that should be explained by socio-economic characteristics. As of the mid
1970sit isimpossible to say how much this deficiency of amodel influences predictions by
resulting in bias. Actualy, there is one area of model deficiency on which comment can be made.
In TN 20 supply factors are derived that show that, for at least some activities, regression
equations should include not only socio-economic variables, but a measure of supply in the
various areas in which people live for whom predictions are made. These supply factors can be
visualized by:



A function of

Probability of =  demographicsand e.g. g:gﬁi{;ﬁt:;g{i; + Error
participating activity group group of concamn
membership

Now, even though supply factors may only account for 1/5 the variance that socio-
economic characteristics do, one need only look at TN 25 to seethat (for example for skiing) the
supply factors for Albertaand B.C. are very important in making correct predictions of
participation.

The problem with supply effects is that they should be considered but they may not be
known or may only be known inaccurately. Asindicated in TN 20 massive amounts of dataare
required to estimate supply effects from participation data and thereis no known way, as of the
1970s, to calculate them based on inventory information on what faciliies there are. Developing
formulae for computing supply factors for “ activity groups’ based on "resource inventory" data
would appear to be very important if good use isto be made of ANOV A models. Of course, the
implicit challenge is understanding substitutability and its relation to supply and user groups so
interaction between activities and their supply is properly modeled (see specifically Ch. 5 and 6).

On another matter, commentson AlID haveignored an important point. That is that there
arekinds of interactions which it is convenient to consider and there are kinds which it is
extremely inconvenient to consider. The reader may well ask why thereis not a proposal to forget
about using regression models to make predictions (Cesario gives an example of using an AID
model to make predictionsin TN 4). The reason not to use AID modelsin making predictionsis
that they require detailed multivariate information. Such information is may be available using
Canada Census micro datafiles or even by special tabulation. Regardless, if models are seriously
deficient, modelling can produce results that are better than those from alocal survey. But if you
do not have any ideaif results are really bad, presumably you go with asurvey if you can afford
that. In this context AID predictions being slightly more accurate than ANOV A predictionsin
terms of their variance, is of no value if the inability to consider supply effects resultsin serious
error in using AID models. The big problem for prediction, given the 1970 state of the art is
validity, not reliability.

Even if it is not desirable to use AID to make predictions, one may not see what the
problem isin considering any arbitrary interaction between 2, 3 or more variables. The problem is
that if thereis an age-education interaction effect for males, one must be able to specify how
many males there are in a specific age-education groups to introduce this interaction into
estimation. This may not be difficult in some cases. Census data may be used. However, as of the
70s, getting the information on males by education for small areas of Canada to define atrend
was not necessarily trivial. When other variables are considered on which data are collected on a
sample basis(collected using the long census questionnaire that isonly administered to a sample
of Canadian Residents even in a Census), the problem is compounded because data for small
areas obtained by special requests for tabulations may be costly, variable and present other
problems. If oneis to make projections of the number of malesin certain age-education groups
for 20 years in the future, one must consider the consequence of introducing interactions into a
model if they are ones for which one cannot make reasonable projections of the relevant n;;, the
“net” subpopulation to the B;; applies (re “net” see TN 6).

The preceding paragraph raises an issue taken up in TN 6. If the accuracy/reliability of a



model's parameters is not al that is of concern in usingamodel and if oneis concerned about
both the accuracy of the §;; 's and of the n;;, the number of people in certain socio-economic
groups, one should not concentrate on the ;; and problems with interactionsif, in relative terms,
there islarge inaccuracy isin the n;j's which can actually be corrected.

When it comes to the matter of modelling using a small sample, one should look at the
results presented in TN 6 and recognize that unless sample sizes are in the order of 4,000 or larger
then predictions made using the regression results are going to be extremely inaccurate. If some
kind of statement is to be made about participation by peoplein asmall areain acertain activity,
areasonable choice may be to use atelephone survey or some other means of obtaining
information quickly rather than making predictions using modelling results. Given all the
objections that can be raised to telephone surveys, etc. little is gained by replacing the results of
such work with results produced using atheoretical model when it can be shown that these
results have errors which are probably far greater than any errors that arise in awell planned
telephone survey.

Turning to aquite different and less practical matter, an analyst often wants to use
regression results to draw some kind of conclusions about what is happening in the world or in
the universe that he is considering. The failure to introduce interaction terms into amodel when,
in fact, they relate to about 50% of the variance that could be explained by the model can
certainly be expected to distort the picture of reality that an analyst infers.

In closing this discussion one should note, as indicated in other TN, if oneis calculating
people's expected probability of participation in an activity then the very fact that probabilities are
being estimated suggests that each individual observation has a unique variability associated with
it. This heteroscedasticity problem, which is encountered in dealing with dependent variables
which cannot be accepted as having a constant variance, is the topic of concern in the Cicchetti
and Smith paper included as an appendix to this volume, and there is also useful commentary in
the review of Chapter VII.

CONCLUSION

This article has presented some rather distressing findings about the structure of models
commonly used for predicting participation and frequency of participation in outdoor activities. It
is clear that interaction effects play an important role in explaining peoples participation in
outdoor activities. Neglecting such factors could result in errors arising which would mean that
estimates made have substantial biases. However, as pointed out, there is no evidence as to
whether (once supply factors are taken into account) biases tend to bevery small because the
people to whom interaction effects apply tend to be very homogeneously distributed among the
population. There has been no research which shows whether or not there are some sectors of the
population for which interaction effects are extremely important and others for which asimple
model would be quite appropriate. Until such research has been carried out to clarify this matter it
must be recognized that there are dangers in making predictions using regression models.



