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Abstract

Attempts have been made, largely on intuitive grounds,
to arrive at the dimensions that describe leisure activities.
The extent to which leisure activities are similar or
substitutable has also received attention. This study,
using multidimensional scaling (M.D.S.), assessed the
perceived similarity and substitutability of 20 leisure
activities, and the extent to which these concepts are
congruent. Since standard methods of data collection for
M.D.S. with many stimuli are generally laborious, two alter-
nétives were tested in addition to the standard complete
paired-comparison design. An incomplete palred=comparison
desgsign and a sorting procedure were used to determine if
they reproduce the results of the standard method.

One hundred and thirty-four University of Manitoba
undergraduates were tested from which the data of 123 were
subsequently analysed. Students were assigned to one of
8ix groups representing either a similarity or substitut-
ability set and one of the three data collection methods.

Nonmetric M.D.S. analyses on eight data sets were
conducted with the KYST program, and the data from the 100%
Similarity and Substitutability Groups were further analysed
using the INDSCAL program. Other analyses, including cluster
analysis, property-fitting, and factor matching, provided
supplementary information for the interpretation of M.D.S.

solutions.



A three dimension solution with stress of .097 in the
KYST analysis and accounting for 44% of the variance in the
INDSCAL analysis was selected to represent the 100% Similar-
ity Group's data. An athletic/mon-athletic activity
dimension was reflected in the first dimension of this and
all other solutions. The second and third dimensions seemed
to reflect group/individual and social-entertainment/
individual-involvement variation.

The three dimension solution of the 100% Substitut-
ability Group had a stress of .116 and accounted for 36% of
the variance. The first dimension reflected athletic/non-
athletic activity variation while the second and third
dimensions were correlated with group/individual and mental
involvement properties, respectively.

KYST analyses were conducted for the incomplete paired-
comparison data, but with the exception of the first dimen-
sion these were not thevsame as the 100% Groups. An in-
adequate sample size and possibly larger error might account
for this. Two sets of data from each of the sorting groups
were analysed with the KYST program. These seemed to produce
M.D.S. solutions very similar to the 100% Groups.

The M.D.S. solution of the 100% Similarity Group is
similar to an earlier M.D.S. study with fewer stimuli, and
is related to intuitive formulations. Interpretation of
results indicates that similarity and substitutability are
not the same, Some problems and shortcomings of both the

substitutability and sorting analyses are discussed.
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Chapter 1

INTRODUCTION

Man has always engaged in leisure activities, but in
recent years factors such as shorter work weeks and
increased mobility have lead to increasing amounts of time
available for them. Many people have not found satisfac-
tory ways of utilizing leisure time. In addition, lelsure
activities are making demands on natural resources and
making imperative the need for recreational planning. Such
factors have prompted an increasing volume of research on
various aspects of leisure and recreation, involving both
univariate and multivariate approaches (Amatora, 1959;
Sessoms, 1963; Wippler, 1970).

Research has been directed at the meaning of leisure
(Bull, 1971, 1972; Donald & Havinghurst, 1959; Ennis,

1968; Foote, 1961), as well as the study of more specific
relationships between leisure and factors such as work,
occupation, and income (Bishop & Ikeda, 1970; Burdge, 1969;
McEvoy, 1974; Standlee & Popham, 1958) and education and

age (Graham, 1958; Schmitz-Scherzer, 1971; White, 1975).
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Neulinger (1974) and his associates (Neulinger & Breit,
1969; Neulinger & Raps, 1974) have conducted research into
people's attitudes toward leisure.

The ways in which people spend their time and money
have also been studied. Time-budget studies (Ennis, 1968;
Robertson & Converse, 1972; Zeilsel, 1958) and money-budget
studies (de Grazia, 1962; Kaplan, 1960) have recorded what
people do with their free-time and how much they spend on
it (see Warwick & Bishop, 1972, for a bibliography of this
literature). Although a knowledge of what people do in
their free-time is valuable, other questions have begun
to attract research interest. Researchers are concerned
with how leisure activities can be described and catego-
rized, in what ways leisure activities are related in terms
of satisfactions and motivations, and whether different
populations of people indulge in distinct subsets of
activities. The literature dealing with the question of
whether there are meaningful ways in which leisure activi-
ties can be described and grouped is reviewed below.

The large number of leisure activities has invited
attempts to achieve some parsimony in describing them. Kaplan

(1960) used six classes to describe leisure activities.



He created a typology which could ﬁe used to differentiate
between activities, and allow categorization of them into
groups. Although he generated many dimensions along which
activities could be categorized, for example, expense, skill,
number of people involved, Kaplan only used three, the
extremes of each defining two classes of activities.
Activities could be differentiated in his typology on the
basis of the involvement of people, on the role of rules)

and traditions, and on the level of movement necessary to
gain experienée. The six classes and examples of the

activities 1in each are:

1. Sociability: dance, parties, friends,

2. Association: church activity, club meetings,

3. Games & Sports: watch sports, play in sports, fish,
hunt, cards,

L, Art: photographs, concerts, sew,

5. Mobility: auto, walk, trips, shopping, and

6. Immobility: T.V., radio, books.

Kaplan said that "it is inescapable that the typology...

is a theory in which the selection of items and their




relationship is tied up with the social values and
academic positions of the scholar (p. 26)."

De Grazia (1962) presented another framework for
describing free time activities. He proposed that a series
of six polar types could be used. They were active/passive,
participant/spectator, solitary/social, indoor/outdoor, in
the home/outside the home, and sedentary/on-the-feet. But,
he indicated that not enough information was available to
say with any exactness how much free-time activity is, for
instance, sedentary versus on-the-feet. Although he did not
use it as such, his polar types could also be used to create
a classification system for leisure activities.

Burch (1965) identified six general types of recreation

activities from observation in campgrounds:

1. Symbolic labour: hunting, fishing,

‘2. Subsistence play: camp chores,

3. Expressive play: waterskiing, dancing,

L, TUnstructured play: drawing, sunbathing,
5, Structured play: games, contests, and,

6. Sociability: friends.



Hendee, Gale and Catton (1971) take issue with a
number of studies because they do not consider the possible
underlying similarities or differences in the meaning of
recreation activities. They collected preference choices
for 26 outdoor recreation pursuits to bypass this criticism,
and indicate that they grouped "most preferred" activities
into five conceptually linked categories. Their classi-
fication scheme was, they say, based on stated preferences
of recreationists rather than from observation of recreation
activities and has more meaning, therefore, because of this.

The five groups and some activities in them are:

1. Appreciative-symbolic: hiking, mountain climbing,
2. Extractive-symbolic: fishing, hunting,

3. Passive-free play: relaxing, driving,

4, Social learning: nature study, visiting people, and

5. Active-expressive: swimming, water skiing.

Although preference data was collected and reported, it
appears that the categories were not derived in any statis-
tical way from these data but were developed on the basis

of their own theoretical framework in the same way as



Kaplan (1960), de Grazia (1962) and Burch (1965).

Hendee et al's (1971) method does not take measured
dimensions of similarity of activities into account in
their typology. But, they do state the problem well:

Another methodological problem is classifica-

tion of the wide variety of activities

asgociated with outdoor recreation. Too

numerous and diverse to be analyzed separately,

recreation activities must be classified into

typologies of conceptually or empirically

related activities for meaningful analysis (p.33).
This statement can be expanded to include all leisure
activities and not just those related to outdoor recreation.

These efforts at describing or differentiating among
leisure activities on the basis of some researcher-generated
set of dimensions are essentially descriptive. Another
descriptive line of research has centered on participation
in leisure activities as a means of determining typologies
or groupings. The statistical technique of factor analysis
has been used most often. It is a procedure which, generally,
analyses a matrix of inter-correlations among a set of data
variables. In the case to be described, these correlations
are computed on frequency or participation rates in lelsure
activities. The procedure constructs a smaller set of new
variables, factors, which can account for, that is, which
can reproduce, the interrelations in the data.

Bishop (1970) reported factor analyses of leisure

behaviours for four communities. Scores for a very large



number of subjects on 24 leisure activities were recorded on
nine category scales corresponding to frequency of partici-
pation. Three factors were extracted for each sample.
Bishop says that an inspection of the factor loadings
indicates remarkable similarity of the four samples across
the three factors. Labels for factors and some high—loading

activities are presented below:

1. Active-diversionary: Dbicycling, hiking, swimming
outdoors,
2. Potency: hunting, fishing, attending sports events, and

3. Status: attending plays, tennis, reading books, movies.

Bishop says that this study shows that three dimensions
(activity, potency, and status) can be used to describe
people's behaviour during leisure time. .He also suggests
that some parsimony in describing leisure activities is
present. The stated similarity of factors across samples
is not readily apparent, and,ifa conservative variable
loading cutoff is applied to the factor structure, some
distinect differences occur. Therefore, the suggested
parsimony of description and the congruence with Osgood's
three-factor structure should be more critically evaluated.
Nelson (1972) and Witt (1971) also report factor
analytic studies dealing with participation rates for
children in summer camps and high school students respec--

tively. In another study, McKechnie (1974) reports the



factor analysis of data on participation in 121 leisure
activities. He reports seven factors that were extracted:
mechanics, crafts, intellectual, slow-living, neighorhood
sports, glamour sports, and fast living. In an attempt

at a further simplification and interpretation of the data,
visual displays of variables representing "psychological
distance" as spatial distance were plotted. Activities

that were plotted very close together correlated highly and,
therefore, were felt to be psychologically "close" or similar
while those that were separated on the diagram were un-
correlated and, therefore, dissimilar. Unfortunately, it
does not appear that much, if any, simplification was gained,
since the plotting axes used determined the distances between
activities. This method must be viewed as having some
shortcomings.

Hendee and Burdge (1974), Moss and Lamphear (1970), and
Wippler (1970) also discuss leisure activities in light of
factor analytic studies. The first two of these studies
will be discussed later in light of interpretations they
make as a result of their studies.

In summary, the factor analytic research reviewed above
suggests that when participation in various leisure activities
are related in a large enough sample, apparently meaningful
patterns appear. But, researchers using factor analysis
have tended to say, or imply, that because certain leisure

activities load on a factor those activities



are similar, mean the same thing to people, or are related
in other ways than because of people's patterns of partici-
pation in them. They make an untested assumption that

people engage in certain patterns of activities because

those activities are functionally similar. Bishop (1970),
for example, writes that factor analytically derived patterns
of leisure could be used "in developing surrogate activities
(p. 169)." Two leisure activity variables may load on the
one factor, because they have some common element with
respect to participation data. However, it does not nece-
ssarily follow that the activities themselves are similar.
For example, sewing and knitting may load on the same factor,
indicating that a person who engages in one activity is
likely to engage in the other, and in this case the activitles
do seem similar. However, it may also be that concert-going
and hiking may load on the same factor, but this does not
imply that the activities are similar. There are numerous
examples in the literature of this latter situation.

Factor analysis can be seen as relating variables
across objects or people, whereas another statistical pro-
cedure, cluster analysis, relates objects or people across
variables. Cluster analysis (Overall & Klett, 1972) refers
to a number of data analytic techniques which have as their
goal the grouping of individuals or stimuli based on their
similarity across some set of variables. In the case of

leisure and recreation, some group of respondents indicate
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their participation in a number of activities, and give
information relating to a number of socio-economic and
personal variables. Individuals are then grouped on the
basis of some measure of similarity computed on this data.
That is, individuals within a cluster tend to participate
in a set of activities in the same way, or people in a
cluster may be similar in terms of socio-economic, status,
and personal variables.

Tatham and Dornoff (1971) used nine socio-economic
characteristics to compute their measure of similarity.
After clustering produced ten groups, differences in both
the number of activities in which the participants engaged
and the number engaging in a particular activity could be
seen through a comparison of participation rates. This
study was primarily directed at an examination of the
technique and its potential application in market segmen-
tation rather than in regards to leisure activities.

Romsa (1973) used cluster analysis and information
on participation in 26 activities in the derivation of eight
outdoor recreation activity packages. The packages (clusters
of people) differed on the basis of the number of activities

pursued, and participation rates. One cluster, for example,

was characterized by people who engaged frequently in swimming,

snowskiing, and tennis. Activities themselves were not
grouped except through association by high participation

within a given cluster of people.
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Ditton, Goodale, and Johnson (1975) identify cluster
analysis as a method of reducing and clarifying the large
number of possible activity or user groups that could be
formed. Their study, focusing on water-based recreation
activities, used kind, frequency, and location of activities
to group individuals. As in other studies, a number of
clusters were produced with differing characteristics. The
authors identify some applicatidns of cluster analysis, the
main one being as a data reduction device. Individuals can
be aggregated into groups, and the characteristics of groups,
in terms of activities and other variables, analyzed.

Although cluster analysis as used here may be a useful
technique for planners, its results as presently used are
not in the spirit of classification of leisure activities
addressed by Kaplan, de Grazia, or Bishop. No parsimony
in describing leisure activities has been achieved through
its use in the studies reported. To summarize the research
presented above, Kaplan and de Grazia attempted to describe
leisure activities through the use of intuitively derived
dimensions along which these activities might be expected
to vary. Bilshop and other factor analytic researchers
empirically derived categories on the basis of relationships
among activities. Although this does produce some simpler
description of activities, it 1s not based on any direct
attributes of the activities like the descriptive categori-

zations were. That is, activities are not necessarily
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grouped together because they have certain characteristics

in common, but because enough people tend to engage in them
in a sample of people. The end result may well be consistent
with a classification based on respondent defined character-
‘istics of activities, but, theoretically and statistically
this need not be the case. I+t may be that individuals
participate differentially and consistently in certain leisure
activities and they are doing so because these activities

are "psychologically similar" to them. Or, it may be the
case that individuals engage in activities because they
complement one another, that is, serve different functions.
The possibility of psychological similarity of activities 1is
further developed in the concept of substitutabllity of
activities. Evidence relating to substitutability is derived
from factor analytic studies based on participation rates.
Leisure activity substitutability 1s very much related to
leisure activity types, packages, and similarities. The
following section is concerned with this concept.

Moss and Lamphear (1970) were the first to address them-
selves to the notion of leisure activity substitutability,
from the viewpoint of personality needs related to recreation
behaviour. The questiornn they were concerned with was, do
some types of activities tend to fulfill the same needs in
people, while other activities do not. A factor analysis on
college student participation rates, for an unspecified

number of recreation activities was, performed. Eight
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factors emerged. The authors say "we can assume overlap
within a cluster (as related to needs),which suggests the
possibility of substituting one for another (p. 130)."
They then discuss the clusters (factors) in view of the
activities in them and possible substitutions, and need-
fulfilling relations.

Although the data presented was construed as evidence
for substitutability of activities, the proper interpretation
of it may be seen in the previous comments relating to other
factor analytic research. For any given individual,
whose needs with regard to leisure vary with situation-
specific factors (Witt & Bishop, 1970), a palr of activities
engaged in may not fulfill different needs, and therefore
be substitutable, or may fulfill different needs and be
complementary. Factor analysis can not differentiate among
variables loading on factors in this regard since activities
are related only on the basis of participation.

Hendee and Burdge (1974) made more explicit the sub-
stitutability notion. They defined the concept as the
interchangeability of recreation activities 1n satisfying
participants' motives, needs and preferences. One of the
four questions which they suggest are basic to the under-
standing of the concept, relates to whether there are
"related types of leisure activities that are potential
tradeoffs for one another with minimal loss of satisfaction

to the participant (p. 58)?" They refer to past empirical
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work (as discussed earlier) which indicates that some leisure
activities do tend to consistently load on certain factors.
They present the labels describing five factors derived from
the similarity of participation patterns in 69 leisure
activities. The authors say that a major implication of the
potential substitutabllity of activities as determined by
factor analysis is that, at least at an aggregate level,
activities in the same factor may provide similar satisfac-
tions. The same criticism applied to Moss and Lamphear's
(1970) statements about their data and applied to other
factor analytic research is relevant in regard to Hendee

and Burdge's research.

Beaman (1975) also criticizes the use of factor analysis
in research relating to substitutability of activities. He
makes a case for cluster analysis being the appropriate
methodology, and suggests that researchers have confused
factor analytic results drawn from non-specific population
.samples with what may be truly meaningful for specific
collectivities within the population. He does not indicate
how substitutability of activities is to be determined by
cluster analysis, which as presently used does not define
substitutable activity groupings.

It is possible to derive a typology or classification
scheme that provides similarity and substitutability informa-
tion and does not depend totally on the generation of

categories by the researcher, or factor analysis. Rather
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than using people's participation rates we can use people's
direct comparison of leisure activities. An analytic tech-
nique is available through which activities can be compared
and contrasted on a number of dimensions simultaneously.
This technique is multidimensional scaling. Both Becker
(1976) and Ritchie (1974, 1975) have scaled leisure or
recreational activities, with the latter's study being the
more extensive. The following overview, using Ritchie's
study to illustrate many of the points made, is included to
briefly acquaint the reader unfamiliar with multidimensional
scaling with some of the more important methods used. See
Green and Carmone (1970), Shepard, Romney, and Nerlove (1972),
and Subkoviak (1975) for more extensive, non-mathematical
reviews.

Multidimensional scaling (M.D.S.) provides a numerical
and spatial representation of a set of objects or stimuli,
leisure activities for example, based upon their inter-
relationships. These relationships between stimuli may be
ones of affinity, assoclation, interaction, distance, or
similarity. Shepard (1972) discusses these and other
proximity measures applicable to scaling. In the case of
the Ritchie study, the 12 leisure activities listed below.
were scaled, using as a proximity measure housewives'

judgements of perceived similarity among them.
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1. Bowling 7. Snowmobiling

2. Shopping 8. Playing bridge

3. Golf 9. Swimming

L, Handicrafts 10. Reading

5. Gardening 11. Visiting with friends
6. T.V. viewing 12. Movies

A1l M.D.S. algorithms attempt to fit the stimuli being
scaled in an n - dimensional space on the basis of their
inter-relationships in order to best account for the
relationships. Certain procedures are available for
scaling group data, that is, average or aggregate analysis,
while other procedures take individual variability into
account, that is, individual or disaggregate analysis. M.D.S.
procedures may also be classified on the "metric" of the
input data needed. When ratio or interval scaled data is
necessary the procedure is classed as "metric."” Those using
data appropriate for ranking, for example, frequency counts,
or scale data not assuming interval properties, are called
non-metric methods. There are many non-metric, aggregate
algorithms available, among them TORSCA (Young, 1968), and
KYST (Kruskal, Young, & Seery, 1972). Regardless of the
algorithm used, the scaling procedure trys to develop,
through an iterative process, a solution in which the
matrix of interstimulus (activity) distances in the n -
dimensional space closely matches the original matrix of
proximity, or similarity, data. Information about the nature
of the solution is available by determining the projections

of each stimulus in the space on each dimension and the
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resulting relative positions of stimull in relation to one
another. Shepard (1974) discusses the representation and
determination of structure in M.D.S. which includes both
interpretation of results and various decision making aids.
In some scaling methods, for example, a descriptive statistic
called "stress" (Kruskal, 1964), analogous to the standard
error of estimate in bivariate regression, is available

as an aid in determining the "badness - of - fit" of scaling
solutions. But Subkoviak (1975) suggests, as have others,
that "interpretability of results is a consideration of
equal if not greater importance than the stress curve when
choosing the dimensionality in which to represent a final
configuration (p. 399)."

Ritchie (1975) presents the stress values from an
aggregate, non-metric analysis using the TORSCA 9 program,
(Young, 1968), and provides other information about a dis-
aggregate analysis using the INDSCAL program (Chang &
Carroll, 1972). S+tress values for the four, three, and two
dimensional solutions were .024, .045, and .125, respecti-
vely. Both the three and four dimensional solutions might
adequately represent the leisure activity similarity
structure.

INDSCAL is a computer program for M.D.S. implementing
Carroll and Chang's (1970) methods. It uses individual
subjects' data to form a group solution but also computes

the degree and orientation of individual differences in
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perception. It is assumed in the model that all subjects use
the same set of dimensions in making their similarity
judgements, for example, but that subjects differ in the
importance or salience they attach to each dimension. The
procedure, in a very simplified sense, trys to produce inter-
stimulus distances in a certain dimensionality, that is,
stimulus coordinates, and subject saliences which will
account for as much of subjects' similarity data variance
as possible. The sum of a subject's squared n - dimension
saliences indicates the proportion of variance accounted
for in his input data by the n - dimensional solution and
is equal to the square of the correlation between the sub-
ject's input inter-stimulus ratings and the solution's
inter-stimulus distances. INDSCAL analysis also provides
data indicating both the total variance accounted for and
the amount each dimension accounts for in an n - dimensional
solution. In Ritchie's study, for example, in two, three,
and four dimensions these values equalled 48.6, 55.2, and
61.1 percent respectively. Carroll (1972) presents a much
more extensive discussion of the analysis of individual
differences in M.D.S.

Before discussing methods of collecting similarity
data for M.D.S. it should be noted that in INDSCAL analyses
the stimulus dimension loadings, and therefore dimensions,
are interpretable as output. In other procedures solutions

are often rotated to principal components, but it is usually
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necessary to further rotate, reflect, uniformly shrink or
stretch the entire configuration in order to be able to
interprete the dimensions along which variation among
stimull occurs. Shepard (1974) discusses a number of
procedures for determining the interpretable form of M.D.S.
golutions, both from internal analyses of the data and from
the use of external measures. Ritchie uses two such
procedures, that is, asking subjects on what basis they did
thelr similarity comparisons and by reference to the rating
of each activity on a number of scales.

To this point there has been no discussion concerning
the methods of collecting data appropriate for multidimensional
scaling, in particular, similarity or dissimilarity data.
Although there are many such methods available, only two of
these shall be discussed here. One, derived from the method
of successive intervals, involves subjects making palred
comparison judgements, that is, rating stimulus pairs on a
scale from similarity to dissimilarity for example. The
numerical values attached to the endpoints and the intervals
between them determines whether the data is similarity (large
values indicating similarity) or dissimilarity (small values
indicating similarity). One method of collecting this data
requires sorting of pairs into piles along an ordered
continuum corresponding to the numbered scale. The standard
method uses paper-and-pencil tests. With this method, for n

stimuli, there are nC2 possible, non-redundant pairs that
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can be formed. When n is small (n420) this is an excellent
way of collecting data. But, when n becomes much larger the
number of comparisons becomes large and unmanageable.

Another data collection method is the partitioning or
sorting technique, such as used by Miller (1969). Subjects
are asked to sort stimuli into mutually exclusive and exhaus-
tive subgroups or piles on some particular basis, similarity
for example. Whereas the paired comparison method provided
each stimulus pair with a value, sorting methods require
a processing step to find these distance measures. Although
this method is easy to do and quick, the question remains as
+o what measure can and should be computed. Miller (1969)
constructed an n by n stimuli matrix for each subject the
i, j, cells of which contains one if stimuli i and ] were
together in ohe of that subject's sort piles and zero if
not. When all subjects' matrices were added together the
result was an aggregate frequency count matrix. But, evidence
suggests that this measure does not capture enough information
to construct "good" M.D.S. structures, as defined by a known
configuration (Rao & Katz, 1971). Burton (1972) suggests
another distance measure that can be computed, and compares
it with two other measures (Burton, 1975), one of which is
Miller's. He indicates that although inter-method corre-
lations across all pairs of stimuli are high (.822, .951,
.956), his measure produces much more interpretable scaling

solutions. This measure uses information concerning each
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subject's sorts, that is, number and size, as well as the
sort pile composition, to compute probability increments or
decrements which constitute the distance measure. Ritchie
used neither of these methods, but had subjects rank order
all ;,C, = 66 pairs of activities from most similar to
least similar.

The preceeding discussion is very brief and is not a
rigourous treatment of the complex subject, multidimensional
scaling. But, it is hoped that it will provide the reader
with a "feel" for M.D.S. and an indication of where to find
more information. Green and Rao (1972) analyse a set of
data using many M.D.S. procedures and related techniques.
Their presentation (which is recommended to the reader
interested in M.D.S.) illustrates and compares procedures,
such as INDSCAL and various non-metric scaling algorithms.

Aside from the methodological procedures used by Ritchie,
his study is important to this review because of the content
of it, that is, leisure activity similarity. From an TNDSCAL
analysis of his data for 100 women, he found that a four
dimensional solution accounted for approximately 61% of the
variance in subjects' ratings. He labeled these dimensions,
in order of importance, active-passive, individual-group,
simple-difficult to perform, and involving-time filling.
Figure 1 presents the configuration of stimulus points for
the first three dimensions. Note, for example, how points

8, 9, and C, corresponding to reading, shopping and T.V.
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appear together in the diagram while points 1 and L
corresponding to bowling and golf also appear together, but
in a different direction. Ritchie further reports that a
cluster analysis on the four dimensional inter-activity
Euclidean distances using Johnson's (1967) hierarchical

clustering scheme resulted in the following five clusters:

1. Active sports: Dbowling, golf, swimming, snowmobiling,
2. Relaxing entertainment: TV, reading, movies,
Social interaction: bridge, friends,
L., Achievement-oriented hobbies: gardening, handicrafts,
and,

5. Shopping.

He does not present any data pertinent to his cluster
analysis. The dimensions found to account for people's
comparisons of leisure activity similarity in this study
relate very closely to de Grazia's model, while the cluster
analysis groupings correspond to some of Kaplan's groups.
Ritchie concludes, "it is felt that the present study
introduced certain technical improvements to the leisure
research field... the technique used for measuring perception
enables the respondents to choose the judgement criteria
they wish rather than imposing the researcher's own prespe-
cified scales (1975, p. 138).

While advocating the use of non-metric M.D.S. procedures

for recreation researchers, Becker (1976) discusses the
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scaling of 11 recreational activities by 25 university
graduate students. These activities, listed below, were
scaled using TORSCA9 (Young, 1968) and stress values of .11

and .07 were found for the two and three dimension solutlons

respectively.
1. Visiting with others 7. Softhall
2. Boat racing 8. Motor cycling
3. Relaxing 9. Water skiing
4. Photography 10. Mountain climbing
5. Swimming 11. Viewing natural
6. Hiking scénery

He presents the results of the Varimax rotated three dimension
solution. The labels he attached to the dimensions were:
solitude - social interaction, general environmental setting
- water setting, and mechanical/physical objects - importance
of interaction.

Becker's discusslon of multidimensional scaling, his
methods and results are often misleading. Without entering
into a detailed critique, suffice it to say the most
important virtue of non-metric multidimensional scaling is
not the transformation of rank order information into ratio
scale information as Becker suggests. Nor can a distance
matrix as output from a M.D.S. analysis be used to determine
if one pair of activities are twice as similar as another.

But, the determination of their relative similarity is
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possible. The original similarities recorded by Becker are
not what would be expected by his procedure description,

which indicates that dissimilarity data was to be collected.

His statement that, "we have thus identified three important
perceptual dimensions of recreational activities (p. 118)"
is quite misleading when the activities used as stimull are
considered, and when the many possible interpretations of
the dimensions are stated. Whereas Ritchie acknowledged

the importance of individual differences in perception,
Becker does not do so. The salience of particular dimensions
in people's rating is of extreme importance in understanding
"important perceptual dimensions". Becker mentions the
aspect of substitutability of recreation activities in
relation to similarity, implying that they are the same.
This is something that requires further investigation.

Here then is another method whereby leisure activities
might be compared and classified. It does not focus on
individuals' participation, it does not rely on a subjective
determination of a typology, and it does relate to charac-
teristics of activities.

Both leisure activity M.D.S. studies reported involved
a limited number of leisure activities. However, increasing
the number of activities increases the number of comparisons
subjects must make. Thus, it would be of interest to
determine whether a more "economical" data collection method

for multidimensional scaling could be used with a larger
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number of activities, and still retain all the information
necessary for adequate solutions and structures. There are
two such methods that might be used.

The method of partitioning described earlier is one
method of handling large numbers of stimuli. The paired-
comparison procedure can also be used when not all possible
pairs of stimuli are presented. Gabriel (1974) produced
evidence suggesting that the number of dimensions and
structures using varying sizes of subsets of pairs was the
same as with all pairs used. The overall "fit" as measured
by stress was not as good but the solutions remained very
nearly the same.

In addition to a need for further research on the
similarity of leisure activities, particularly a larger set
of activities than previously used, there is another area
that might be profitably studied. Other research approaches,
as outlined above, have focused on participation. Little
attention has been given to the question of to what extent
leisure activities are perceived as interchangeable or
substitutable, and how this relates to perceptions of them
as similar or dissimilar. If people are asked to what
degree activities are interchangeable via a structured M.D.S.
task, then the analysis of such a set of comparisons should
provide a structure describing the distance between
activities as based on substitutability. This structure

could then be compared with one found from people's simila-
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rity ratings. This comparison could be enlighting in terms
of the relative positions of a given activity in each
structure.

A number of questions about the relationships among
leisure activities have been raised above, and the present
research attempts to deal with them. Specifically, it was
asked whether leisure activities can be consistently
classified in meaningful ways. M.D.S. would appear to
provide a basis for doing this. It has the advantages of
not focusing on participation and not relying on a typology
or classification predetermined by the investigator. With
respect to M.D.S. procedures, it would be of interest to
know whether subsets of large numbers of pairs of activities
generate the same structures as complete sets of pairs, and
if partitioning methods can reproduce solutions found using
the paired-comparison methods. Also, the extent to which
leisure activities are substitutable has received little
research attention. Information on the substitutability of
leisure activities would be of use in generating a more
complete classification system.

The present research, therefore, dealt with these
questions by:

i. determining if a M.D.S. structure, involving both
orientation of activities in the scaling space and dimension
names, similar to that found by Ritchie (1975) can be
obtained with a larger set of leisure activities, and a

different sample of people,
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2. investigating the use of M.D.S. in relation to sub-
stitutability of leisure activities, and the relationships
between structures based on similarity and substitutability,
and

3. comparing different methods of obtaining M.D.S. data with
a view to the use of larger sets of stimuli and economy of

time in - data collection.



Chapter 2
METHOD

Although two methods of data collection, paired-
comparison and sorting, and two instruction sets, similarity
and substitutability, were varied, the experimental design
of the present research is not truly factorial. It may best
be described as three two-session experiments. The first
experiment involved the paired-comparison methodology for
comparing similarity and substitutability of 190 pairs of
20 leisure activity stimuli. It will be described in detail.
The second experiment used the same methodology as the first
for both similarity and substitutability but not all of the
190 possible pairs of activities were presented to each
subject. Instead, a subset of 60% of them, that is, 114,
were pfesented. The third experiment used the sorting method
of data collection for comparisons of stimuli on the basis
of both similarity and substitutability. There were, there-
fore, three experiments, each involving two different scen-
arios. In the discussion of Experiments 2 and 3 only

rationale and changes in procedure will be presented.

Experiment 1

The data obtained from the two groups in this experiment,
referred to as the 100% Similarity and 100% Substitutability

Groups, 1is used to:
29
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1. describe how undergraduate college students evaluated
leisure activities, that is, construct M.D.S. structures
based on complete sets of paired-comparisons of activities,
2. provide a set of comparison data to evaluate the M.D.S.
structures obtained from a subset of pairs in Experiment 2
and by the sorting method in Experiment 3,

3. name the dimensions found, and

L, determine the reliability of subjects' Jjudgements.

Subjects. Undergraduate University of Manitoba students
enrolled in Introductory Psychology in the Spring term of
1976 served as subjects in all experiments. They partici-
pated for course credit. In order to increase the proba-
bility of students being familiar with the leisure activities
used és stimuli, only those students having spent five or
more years in Manitoba or having spent five years or more

in Canada, at least two of which were in Manitoba, were
included in the sample. After application of these criteria
12 of 13 males and 14 females constituted the lOO%
Similarity Group, and 10 of 12 males and 14 of 16 females
remained in the 100% Substitutability Group. Therefore,
there were 26 students in the former group and 24 students

in the latter.

S+timuli. McKechnie (1974) records 121 activities in his
"LLeigsure Activities Blank" and notes that some possible

leisure activities are not included. A subset of 20 of



31

these activities were selected as stimull such that as a
group they would fulfill the following criteria:

1. activities should be definable by name, and there should
be a high probability that all subjects will know what the
name stands for. Where possible activities were drawn

from a list produced by Bishop, Jeanrenaud, and Lawson
(1975) which records the participation of college students in
a number of leisure activities,

2. some activities included in Ritchie's (1975) study and
which reliably occur in factor analytic research should be
included, and

3. winter rather than summer outdoor activities should be
included in deference to the season in which the research
was conducted.

The 1list of activities used is presented below.

1. Listen to music 11. Attend sports events

2. Crosscountry ski 12. Play musical instrument
3. Visit with friends 13. Attend concerts/plays
L, Television 14, Badminton

5. Movies - 15. Swim indoors

6. Snowmobile 16. Sew

7. Read for pleasure 17.. Basketball

8. Window shop 18. Ice skating

9. Volleyball 19.. Downhill ski
10. Play cards 20. Dancing/partying

Procedure. Students in Experiment 1 participated in 50

minute testing sessions, with each Group being tested on
a different occasion. After all subjects had been seated
the experimenter asked them to fill out a question sheet, a

Personal Data section. See Appendix A for a copy of materials
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given to students. Data concerning age, gender, length of
residence in Canada, etc. were collected by having subjects
check or write in appropriate responses on a question sheet.
Written instructions indicated that subjects should turn the
page when they were finished this and read the instructions
on the next page carefully. If there were any questions
students were asked to raise their hands and the experimenter
tried to answer them.

The comparison instructions indicated that the names of
two leisure activities were printed on computer cards in the
deck on each subject's desk. These activities were to be
compared on their similarity for one group, substitutability
in the other, as defined by the subject, and placed in one of
nine piles along an ordered continuum. Nine numbered cards,
l=extremely similar to 9=extremely dissimilar, were included
to help the subject order his/her piles. Subjects were
asked to work quickly, not to change the placement of any
card after having it placed in a pile, or to check back to
see what past comparisons they had made. The 20 stimuli

used produced 20C =190 pairs of activities to be compared.

2
Each subject rated 170 pairs once and, to provide a check on
intrasubject reliability, 20 pairs twice. This resulted in

each subject making the same 210 comparisons. The 20 pairs

to be compared twice were selected randomly from the 190

pairs possible. The set of pairs was constructed such that,

as nearly as possible, each activity appeared first through-
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out all pairs an equal number of times. All subjects were
asked to write down the time at which he/she was finished
all comparisons.

Subjects in the substitutability group were given the
following written statement about what was meant by the
term "substitutability." Then they were asked to place
cards into piles along a continuum, 1=Not at all sub-
stitutable to 9=Extremely substitutable. The statement
given to subjects was:

For the purposes of this task, substitutability

igs defined as when, for example, on a particular
occasion you would like to engage in the first
activity, but cannot for some reason, the

second activity can be interchanged or substituted
for the first.

When subjects were finished the next page held written
instructions introducing another task. Subjects were asked
to write down those attributes of activities, methods ,
etc., they used to compare or determine magnitude of simi-
larity or substitutability. The task following this was
used to assess the familiarity with leisure activities with
some uniformity in judgement criteria. Two anchor points
were introduced into the rating task. Seven point bipolar
scale with 1="Not at all familiar" and 7="Very familiar" as
endpoints were used. The anchor points were described to
students as "1 when the activity is not even known to the

subject by name," and "7 when the subject has either engaged

in the activity on more than one occasion or seen 1t done
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more than once." Subjects were asked to circle numbers
corresponding to their judgements for each of the 20
activities, and then to continue with the next task.

In the next task students were asked to rate each
leisure activity on six seven-point bipolar scales. The

endpoints of the scales, numbered 1 and 7 respectively, were:

1. passive - active,
2. indoor - outdoor,

simple - difficult,

3

L, group - individual,

5. enjoy - do not enjoy, and
6

mental involvement - no mental involvement.

At the conclusion of this task subjects were thanked and

dismissed.

Experiment 2.

A 60% Similarity Group and a 60% Substitutability made
up Experiment 2, which was conducted to:

1. compare the ability of an incomplete set of all paired-
comparisons, that is, 60% of 190 pairs, in producing
M.D.S. structures congruent with those produced in
Experiment 1, and

2. ¢ompare the similarity and substitutability structures of
Experiment 3 using the sorting method with the two
structures obtained in this experiment. Both visual

means and a statistical procedure, described later, will
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be used to make these comparlisons.

Procedure. Subjects were Introductory Psychology students

selected under the same criteria as those in Experiment 1.

A number of testing sessions were run in order to get as
many subjects as possible. But only 6 of 7 males and 7

of 9 females constitute the 60% Similarity Group and 5 males
and 9 of 10 females in the 60% Substitutability Group. The
procedure for these groups was the same as for the 100%
groups of Experiment 1 except that subjects did not rate

210 pairs of activities, only 114. A Fortran computer
program, written and made available by Dr. R.M. Gabriel,
University of Manitoba, was used to produce each subject's
card deck. The program randomly deleted 40% of the pairs

in the complete set for each subject, with the restriction
that across a specified sample size (25) all 190 pairs were
seen equally often. Each subject rated 114 pairs, and,
because of the small sample sizes, each of the 190 pairs

was seen not less than five times. The 60% Substitutability
Group received the same written definition as the other
substitutability groups did. All procedures and instructions

to subjects were the same as in the 100% Groups.

Experiment 3

Experiment 3, composed of a Sort-Similarity Group and a
Sort-Substitutability Group, was conducted to collect data
from subjects by using a sorting method.

These were used to:
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1. determine the M.D.S. structure of activities compared on
the basis of similarity and substitutability using a sorting
methodology, and
2. 1o compare these structures visually and analytically to
those found in Experiments 1 and 2 using paired-comparison

methods.

Procedure. After application of the sampling criteria 4
males and 17 of 18 females formed the Sort Similarity Group
while 8 of 9 males and 17 females constituted the Sort
Substitutability Group. Subjects in this experiment

followed the same procedure as those in Experiments 1 and

2 with one major exception. The sorting method, described
earlier, was used to collect similarity and substitutability
data. After the Personal Data section a different set of
instructions were given. The Sort Similarity Group was
informed that the names of 20 leisure activities were printed
on computer cards which were on their table. They were asked
to sort these into not more than nine piles such that
activities that seemed similar, as defined by the individual,
were in the same pile. The Sort Substitutability Group was
also informed about the 20 cards but were asked to sort them
on the basis of substitutability. This was defined for

them in the same way as was done in Experiments 1 and 2.

Analyses
In this section a brief description of the data used,

procedures and computer programs used, and output information
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will be given for M.D.S. related analyses. For each of the
paired-comparison groups, that is, 100% and 60% Similarity
and 100% and 60% Substitutability, the mean of subjects' data
for each one of the 190 pairs of activities was computed.
Two aggregate matrices were computed for each of the Sort
Groups. The first contained the similarity measures
calculated following Burton's (1972) method and is called
Log Transform data. The second similarity matrix was com-
posed of the frequency count of the joint occurence of two
activities in a sort pile across all individuals in the
group and is called the Frequency data. In total eight
aggregate or average data matrices were available for
analyses.

The non-metric M.D.S. computer program KYST (Kruskal,
Young, and Seery, 1972) was used to analyse the aggregate
paired-comparison and sorting data. All standard options
and the maximum number of iterations (50) were selected
for all runs. Six solutions were computed, starting from
one with six dimensions and down to a one dimension case.
Stimuli dimension weights, plots of stimuli for all pairs
of dimensions, stress values, and a stress-by-dimension graph
were output for each of the eight data matrices.

Disaggregate analyses of the two 100% Groups was done
with Chang and Carroll's (1972) INDSCAL computer program,
described earlier. Using the corresponding four dimension
KYST stimuli loading matrices as starting configurations

in order to decrease computer running time, solutions were
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found in each of four, three, and two dimensions. The
parameters of "maximum i1terations" and "criterion value"
were set at 25 and .001, respectively. In addition %o
giving stimuli by dimension loading matrices and plots of
stimuli by pairs of dimensions, INDSCAL output includes the
correlation between input and distances for each subject,
and subject dimension salience matrices. The correlation
between YDATA and YHAT, a measure which when squared is the
percentage of variance in the data accounted for by the
gsolution, and data to compute the variance accounted for
by each dimension in each solution is also available.
Rating scale data for each activity on each scale,
familiarity, for example, is averaged over subjects in each
of the six groups, and is used as external information
for interpretation of solutions. This data is used in a
method called property-fitting implemented by the computer
program PROFIT (Chang & Carroll, 1964) using a procedure
based on linear regression. Projections of each rating
scale vector, that is, the mean score on the scale for each
activity are found in the n-dimensional space defined by a
M.D.S. stimuli dimension loading matrix from either an
aggregate or disaggregate analysis. Two sets of data
computed are valuable aids in interpreting the
dimensions of the solution input. The maximum correlation
between the property and the projections on the fitted

vectors gives a correlational index of how well the rating
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scale fits or relates to the n-dimensional structure as a
whole. The cosines between the fitted vectors and dimensions
are the correlations between each rating scale vector and
each dimension. When the former index indicates a "good fit"
of the property to the structure, the correlations between
the property and individual dimensions can be interpreted.

A procedure used for comparing two factor analytic
solutions' factor structures will be used to compare M.D.S.
structures' dimensions. The procedure, implemented by the
computer program FACT06 (University of Alberta) is described
by Kaiser, Hunka, and Bianchini (1971) and Gorsuch (1974).
The FACTO06 program gives an analytical comparison between
two different M.D.S. sitructures, for example, obtained from
two different data collections methods or by different
tasks, rather than just a visual comparison between the two.
Since solutions' dimension positions can be defined in a
n-dimensional space through the loadings of stimuli on
them, when two structures have the same variables each one's
dimensions can be projected into a common space. The cosines
of the angles among the dimensions are the correlations
among dimensions. The procedure defines the space from the
first matrix of variable dimension loadings entered, projects
the second matrix's variables in the space and rotates
them such that the cosine between a given variable's vector
in each structure is maximized. The dimensions of each
structure are then projected into the space because the

relationship between dimensions and variables is known.
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The cosines of the angles between the two sets of dimensions
can be computed and represent the relationship between two
structures' dimensilons.

Euclidean distance measures between all activities were
computed for the n-dimensional stimuli loading matrices
output from both KYST and INDSCAL programs using the
program MINKDIST from the Institute of Behavioural Research,
York University. These distances were input into the program
MOC (Gruvaeus & Wainer, 1972), a hierarchical clustering
program implementing a variant of Johnson's (1967) procedure.
Output from this program consists of a tree-diagram indi-
cating the clustering of activities from each activity
being in a seperate cluster to the case in which all acti-
vities are in the samé cluster. At each clustering step an
"effectiveness measure" 1is printed which is the distance
between two activities that are being joined which is found
in the raw input Euclidean distance data, or the distance
between an activity and the closest activity of a cluster
to which it is Joined. This computational procedure
corresponds to the "nearest neighbour" or "connectedness"
method.

In summary, the data analytic techniques discussed in
this section have two purposes. The first is to
provide a spatial configuration displaying the inter-
relationships of a number of stimuli, this being M.D.S. by

either the KYST or INDSCAL procedures. The other is to
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provide information aiding the interpretation of the M.D.S.
configurations. PROFIT, MOC, and FACTO06 all implement
procedures used for interpretation and explanation of M.D.S.
results. Since all analyses can not be conducted or
discussed simultaneously, they were conducted in a sequence
and are discussed in that way. But, the understanding of
results is more from a global interpretation of all infor-
mation rather than by reference to one of a seriles of
discrete analyses.

As discussed earlier, INDSCAL configurations are output
in their most interpretable form, whereas KYST solutions
are not. Therefore, to aid in interpretation, all KYST
configurations discussed are those after rotation (by
FACT06) to their respective 100% Group's INDSCAL solution.
This should result in the KYST solutions being in their most

interpretable form.



Chapter 3

RESULTS

100% Similarity Results

Each of the 26 subjects in the 100% Similarity Group
rated 20 pairs of leisure activities twice for intrasubject
reliability purposes. The 26 correlation coefficients
computed on these data are presented in a frequency dis-
tribution in Table 1. With a mean of .84, and no individual
subject's correlation below .54, this distribution indicates
substantial reliability and, therefore, all subjects' data
were used.

The non-metric M.D.S. program KYST was used to find
configurations for the 100% Similarity Group's aggregate
data in one through six dimensions. The stress values
computed for these solutions are listed in Table 2, and
plotted against dimensionality in Figure 2. No distinct
"elbow" or "break" is apparent which might indicate the
underlying dimensionality of the data. The three and four
dimension solutions have stress values of .097 and .067,
respectively, which suggests a reasonable fit of either
relatively low dimension solution to the data.

Aggregate M.D.S. solutions were also produced through
the use of INDSCAL in two through four dimensions. This
program finds solutlions using composite values from

individual subject's data weighted to reflect the importance

42
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Table 1

Frequency Distribution of 100% Groups' Intrasubject
Reliability Correlations

Correlation Similarity Substitutability
.91 and over 5 6
.81 - .90 8 8
.71 - .80 8 7
61 - .70 2 2
.54 - .60 3 1
Mean .837 .852

Median .845 .850




Table 2

Stress Data for Similarity Groups'
KYST Solutions

Number Group
of 100% 60% Log Frequency
Dimensions Transform
6 .038 .070 .015 .010
5 .049 077 034 .020
L 067 .101 .051 031
3 .097 140 .086 064
2 140 .223 142 119
1 .208 . 345 211 172
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of different dimensions. It is not an "average" solution
buta "weighted-best fit" solution, and therefore, may
represent the "real" configuration better than an aggregate
KYST solution.

Summary statistics for the variance accounted for by
solutions and dimensions are tabulated in Table 3. The
three and four dimension solutions account for 44% and
48% of the variance in subjects' data respectively. The
first dimension of each accounts for approximately 63%
of the common variance, and reflects the extent to which
most subjects used this dimension relative to others. The
four dimension solution does not account for substantially
more variance than the three, and also only spreads out
variance not accounted for by the first dimension. Although
the INDSCAL procedure computes orthogonal dimensions, the
projections of stimuli on these dimensions may be correlated.
These correlations from the three dimension solution are
listed in Table 4. Only three subjects weighted this
fourth dimension more heavily than any of the other three.
The variance gained for each of these three subjects through
the inclusion of the fourth dimension was small (.125, .069,
.118). Since these subjects data were not accounted for
well even in the four dimension solution (r2=.5l, 17, .29)
it is apparent that this dimension 1s not particularly
informative or hecessary in representing the group structure.

In addition to these data, Shepard (1974) indicates that
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Table 3

Variance Accounted for by Solutions and Dimensions
in 100% Groups' INDSCAL Analyses

100% Similarity

Number of Increment Dimension
Dimensions R2 in R2 1 > 3 L
2 39.6 69.4  30.3
L.3
3 43.9 63.2 26.5 11.8
3.7
L7.6 63.6 17.4 9.6 9.4

100% Substitutability

2 30.2 774 22.6
5.9
36.1 64.3 18.3 17.4
40.1 57.0 15.8 15.4 11.8
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Table 4

Correlations among INDSCAL Dimensions' Stimulus
Loadings in 100% Groups' Analyses

100% Similarity

Three Dimension Solution

1 2 3
1
2 -.400
3 -.194 097
Four Dimension Solution
1 2 3
1
2 -.323
3 -.127 122
L .031 .071 .005

100% Substitutability

Three Dimension Solution

1 2 3
1
2 -.289
3 .098 -.077
Four Dimension Solution
1 2 3
1
2 -.295
3 071 -.085
L 214 -,013 .108
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researchers should "always try for a solution in a space of
three or, preferably, fewer dimensions where the spatial
structure of the entire configuration can be seen and
interpreted directly (rather than through the coordinates
of points on arbitrary axes) (p. 383)." 1In light of this
suggestion and because there is no indication that a higher
dimensionality is necessary, a three dimension configuration
shall be taken to represent the dimensionality of comparisons
of dissimilarity among leisure activities obtained from this
sample of students.

The positions of the 20 leisure activities in a schematic
three dimension space, as determined by the KYST analysis,
are presented in Figure 3. This KYST solution was previously
rotated, using Kaiser's procedure as implemented by FACTO06,
to maximum agreement with the three dimension INDSCAL solution
diagrammed in Figure 4. (The stimulus coordinates of all
solutions are presented in Appendix B.) The cosines of the
angles among the dimensions of these two solutions, as seen
in Table 5, indicate good agreement between the first, second
and third dimensions of each solution, with few cross
dimension relationships appearing.

In conjunction with the visual inspection of the
relative positions of stimulus points in solution spaces, and
to ald in understanding and interpreting the sources of
dimensional variation of the solution, PROFIT analyses were

conducted. Using the linear correlation method, this
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Table 5

Cosines of Angles among the Three Dimension Axes
of the 100% Similarity INDSCAL and Rotated
100% Similarity KYST Solutions

52

100% Similarity INDSCAL

1 2 3
1 .845 ~.b2s -.324
100%
Similarity 2 -.320 -.888 . 332
KYST

3 L4229 177 .886
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procedure fits rating scale vectors, for example, passive-
active, indoor-outdoor, into the three dimension spaces and
computes the cosines of the angles (correlations) among all
the vectors and dimensions. A measure, called Rho, which
indicates how well the rating scale was able to be fitted
into the solution, was also determined for each of the seven
rating scales used. Tables 6 and 7 present PROFIT analyses
results for the 100% Similarity KYST and INDSCAL solutions
respectively.

The first dimension of the KYST solution reflects a
strong correlation with the passive-active rating scale.

The second dimension seems to involve variation related to

mental involvement, enjoyment, and familiarity. The third

KYST dimension is highly correlated with the indoor-outdoor
property vector.

Although it appeared in the FACT06 results of Table 5
that the KYST solution was related to the INDSCAL solution,
this 1s not strongly apparent in a comparison of the PROFIT
analyses of these solutions. Whereas the first dimension of
KYST solution is most strongly related to the passive-active
property, the first INDSCAL dimension refdects a number of
properties including the passive-active one but also the
simple-difficult, indoor-outdoor, and mental involvement
properties. The indoor-outdoor scale would appear to be
almost coincident with the first dimension and is not at

all related to the third dimension as in the KYST results.
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Table 6

Maximum Correlation (Rho) and Direction Cosines of

Properties with 100% Similarity Group's

Three Dimension KYST® Solution
Dimension
Property Rho
1 2 3

Passive-Active .876 .9Ls . 326 -.016
Indoor-Outdoor 2773 -.062 .281 .958
Mental Involvement .720 <312 .828 L65
Group-Individual 646 .700 .337  -.630
Enjoyment 645 172 .821 - .54
Familiarity . 543 .007 -.883 168

@Rotated to 100% Similarity INDSCAL solution.
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Table 7
Maximum Correlation (Rho) and Direction Cosines of
Properties with 100% Similarity Group's
Three Dimension INDSCAL Solution
Property Rho Dimension

1 2 3
Passive-Active .850 .753 -.650 .098
Group-Individual .816 146 -.930 . 337
Simple-Difficult .723 .871 459 177
Indoor-Outdoor 642 .998 -.061 .025
Familiarity .609 716 694 .075
Enjoyment . 591 .490 -.867 .087
Mental Involvement 293 821 ~-. 348 52
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The group-individual property correlates with the second
dimension of +the INDSCAL solution but not the KYST solution.
The enjoyment property does relate well to both solutions
however. The third dimension, interpreted as reflecting
indoor-outdoor variation in the KYST solution does not
seem to be reflected in any property in the INDSCAL
solution.

A visual inspection of both solutions suggests why
these inconsistencies might be. In the INDSCAL solution a
set of eight activities form a very discrete cluster and do
not displéy any appreciable dimensional variation among
themselves. This is not so readily apparent in the KYST
solutions, where for example, snowmobiling, cross country
and downhill skiing all load highly on Dimension 3. There is
much less remarkable variation in these activities in the
INDSCAL solution. The eight activities might be all classed
as sports or athletic activities. To investigate this
clustering in each of the solutions analytically and to
determine the extent to which it is, or is not, apparent
in the aggregate dissimilarity matrix on which the KYST
solution is based, three hierarchical cluster analyses
were done.

Euclidean distance matrices, computed from the two
M.D.S. solutions, and the mean dissimilarity matrix were
clustered using the MOC program, (Gruvaeus & Wainer, 1972).

It can be seen from the tree diagrams of Figures 5, 6, and 7,
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representing clustering from the aggregate matrix, KYST
solution, and INDSCAL solution respectively, that there is a
very strong clustering of eight athletic activities in the
INDSCAL space relative to the other data sets. When these
eight activities have been formed into a cluster, elght
single activities and two pairs of activities remain separate
and ungrouped in the INDSCAL hierarchy. These eight
activities do form clusters in the other data sets, but
another large cluster is formed first in the tree structure
from the aggregate data. At that point at which the eight
athletic activities form a cluster in the KYST solution
five individual activities and two clusters of activities
remain. This is not as extreme a separation as exists in
the INDSCAL hierarchy but is much more so than in the
aggregate case. These clustering results, therefore, do
strengthen the observation that the INDSCAL solution shows
tighter clustering. The KYST solution was computed from the
mean values of all subjects' data, and, possibly, the strength
of similarity among the eight activities was decreased due
to extreme scores. The INDSCAL process does not use mean
values, and, therefore, might not have used these extreme
values, resulting in greater similarity among activities and a
"different" solution.

The dimensions found in these data seem to reflect,
therefore, an athletic/non-athletic activity continuum

which is reflected in the passive-active, group-individual,
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and indoor-outdoor properties. The second dimension would
seem to represent a "weak" group - individual pattern, for
example, basketball, volleyball, to read and play musical
instrument. The third dimension seems to reflect a social/
entertainment - individualistic pursults arrangement, for
example, movies, ahd visiting friends to sew and play a
musical instrument, although an indoor-outdoor pattern is
seen in the KYST configuration.

The "goodness" of the INDSCAL solution may be reflected
to some extent by the variance it accounts for in each
subject's data. This information, presented in Table 8,
is available by squaring a set of correlation coefficients
produced by INDSCAL. Variation in these values indicates
that the solution was quite good for some subjects (rZ:.8l,
.76) not good at all for others (r2=.10, .11, .13), but on
the average fairly reasonable, .44. Dimension saliences, or
the importance attached to each dimension, for each subject,
are tabulated in Table 9, and reflect +the proportion of
variance (63%) which the first dimension accounted for in
the solution. Most subjects (16 of 26) used it more than

others, and, to quite a substantial degree.

100% Substitutability Results

Intrasubject reliability coefficients for the 24
subjects of the 100% Substitutability Group, which are
recorded in Table 1 which was presented earlier, indicate

reliabilities as good as those in the 100% Similarity Group.
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Table 8

Frequency Distribution of Individual - Subjects'
Squared Correlations from 100% Groups'
Three Dimension INDSCAL Solutions

Squared
Correlation Similarity Substitutability
.81 and over 1 0
.61 - .80 L L
A1 - .60 11 5
.21 - 40 6 10
.04 - .20 L 5
Mean 437 349

Median AL40 . 361




Table 9

Individual-Subject Dimension Saliences from 100%
Similarity Group's INDSCAL Analysis

Dimension

Subject
1 2 3
1 .28 A1 .30
2 .69 .38 .19
3 .31 49 .20
L A2 .25 17
5 .31 A .29
6 AL 11 25
7 79 24 .09
8 .49 .15 21
9 .20 .16 .19
10 .19 .29 .26
11 A2 . 54 .16
12 .53 17 .10
13 .53 .33 .10
14 .63 42 .23
15 .86 AL .10
16 .78 .18 .10
17 -.22 -.25 .03
18 23 .25 A4
19 A1 .40 17
20 . 50 34 .23
21 .52 .31 .32
22 .56 .26 .09
23 .37 49 .24
24 A2 .36 .32
25 .52 .23 .38
26 40 25 .20
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@

The mean value of .85 indicates a generally high level of
reliability in students' rating of leisure activity sub-
stitutability, and since only one subject had a value as
low as .55, all subjects' data was retained for further
analysis.

The KYST computer program was used to find M.D.S.
solutions in one through six dimensions for the aggregate
substitutability matrix of this group. Stress values that
were observed are recorded in Table 10, and are plotted in
Figure 2, for a comparison with the 100% Similarity Group's
data. These values are larger, at each given dimensionality,
than the corresponding 100% Similarity Group's siress. They
also indicate that a three dimension solution with stress
equal to .116 does not fit these data as well as the tThree
dimension stress of .097 for the 100% Similarity Group. A
higher dimensionality solution would be required if stress
Were to be used as a criterion of goodness-of-fit.

INDSCAL was used to find "weighted" group solutions in
two through four dimension spaces. The summary information
for these solutions was presented in Table 3 with comparable
information from the 100% Similarity Group's INDSCAL analyses.
The three and four dimension solutions account for 36%
and 40% of the variance, respectively. Both of these values
are lower than the three dimension Similarity solution, and
are only as good as the two dimension solution for that data.

The first dimension of the three dimension Substitutability




Table 10

Stress Data for Substitutability Groups'
KYST Solutions

Number Group
of 100% 60% Log Frequency
Dimensions Transform
6 .050 .082 .011 .013
5 .063 .104 .015 .017
L .091 137 .028 .026
3 116 .181 .0l . 040
2 162 .262 .084 .099
1 244 436 172 .165
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solution accounts for 64% of the common variance, a figure
consistent with the 63% found in the comparable Similarity
case. The dimensions of the Substitutability solution are
not correlated to any substantial degree, as shown in Table
L4 presented earlier, and suggest, just as in the Similarity
solutions, that all dimensions reflect differing sources of
variation. Only three subjects in this group used the
fourth dimension more than any other, and they also displayed
below average correspondence to the group solution, even in
the four dimension case with ﬁzof .30, .09, and .37. Although
a three dimension space does not provide a particularly good
fit to the data, neither does a four dimension solution. In
light of this, and since a three dimension configuration was
already chosen to represent the Similarity space, a three
dimension solution will also be taken to represent this
Substitutability data. This not only provides for direct
visual interpretation of the whole configuration but also
allows more realistic comparisons to be made with the
Similarity structure. Some analyses of the three dimension
solution were also done on the four dimension INDSCAL solution
to determine if it provides any reasonable interpretational
advantage in discussing leisure activity substitutability.
The three dimension KYST and INDSCAL configurations
are presented in Figures 8 and 9 respectively. The KYST
solution has been rotated to the INDSCAL solution and, as

Table 11 indicates, it is very similar to that solution.
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Table 11

Cosines of Angles among the Three Dimension Axes of the
100% Substitutability INDSCAL and Rotated
100% Substitutability KYST Solutions

100% Substitutability INDSCAL

1 2 3
1 .867 -.463 .183
100%
Substitutability 2 480 .875 -.061
KYST

3 132 ~. 141 ~.981
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PROFIT analyses were done for the three dimension KYST
solution and the three and four dimension INDSCAL solutions
of this group. The results of these are presented in
Tables 12 and 13, respectively. Dimension 1 of the KYST
solution is highly correlated with the passive-active,
group-individual, and simple-difficult properties. As seen
in Figure 8, this reflects the same athletic activity- non-
athletic activity continuum found for the 100% Similarity
solutions. This dimension is also apparent in the configu-
ration for the INDSCAL space of this Substitutability Group
which is in Figure 9. The PROFIT analysis of both the three
and four dimension INDSCAL configurations also reflect these
properties' correlation with Dimension 1 with the exception
of the group-individual property, but most highly with the
indoor-outdoor property. Dimension 2 of both the KYST and
INDSCAL solutions correlates with the group-individual
property. This group-individual variation can be seen when,
for example, sewing, reading, and window shopping are at
one end of the dimension while dancing, attending sports
events, and basketball are at the other. Dimension 3 of the
KYST solution is correlated with the familiarity, indoor-
outdoor and enjoyment property vectors, but from an inspection
of the configuration none of these properties seems to
account for most of the variation along the dimension.
The third INDSCAL dimension in the three dimension solution

correlates with the mental involvement property.



Table 12

Maximum Correlation (Rho) and Direction Cosines of
Properties with 100% Substitytability Group's
Three Dimension KYST™ Solution

Dimension
Property Rho
1 2 3
Passive-Active .879 .801 -.510 -.312
Indoor-Outdoor .660 -.319 486  -.814
Group-Individual .610 660 -.750  -.040
Simple-Difficult 571 -.782 615 .100
Mental Involvement 469 -.419 -.603 -.679
Familiarity 413 .281 -.056 .958
Enjoyment . 370 -.302 -.513 -.803

ZRotated to 100% Substitutability INDSCAL solution.



Table 13

Maximum Correlation (Rho) and Direction Cosines of

Properties with 100% Substitutability Group's
Three and Four Dimension INDSCAL Solutions

72

Dimension
Property Rho

1 2 3
Passive-Active .873 .825 -.557 .097
Group-Individual .806 216 -.922 .322
Simple-Difficult . 759 -.934 -.266 .237
Enjoyment .678 -.606 -.789 .102
Familiarity .597 791 .593 -.149
Indoor-0utdoor .561 -.998 -.028 .048
Mental Involvement .173 -.496 .178 -.850

1 2 3 L
Passive-Active .875 .815 ~.558 .071 140
Group-Individual .818 .189 -.936 254 157
Simple-Difficult .780 -.925 -.326 .189  .050
Enjoyment .689 -.509 -.790 147 -.309
Familiarity 628 770 .628 -.096 -.05h4
Indoor-Outdoor 627 -.945 -.,160 -.050 .279
Mental Involvement .297 .067 .337 -.263 -.902
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Hierarchical cluster analyses were done on the aggregate
substitutability matrix and on two Euclidean distance
matrices computed from the KYST and INDSCAL three dimension
solutions. This was done in order to document the extent
to which athletic activities grouped together, as in the
100% Similarity solutions. This strong athletic activity
clustering is not ap?arent in the +tree diagrams of the
aggregate matrix (Fig. 10), of KYST Euclidean distances
matrix (Fig. 11) but does appear in the tree diagram of
the distances computed from the INDSCAL solution as seen in
Figure 12. In this latter diagram, another clustering emerges,
which includes, for example, such activities as movies, T.V.,
visiting friends, and playing cards. But this is not
reflected in the M.D.S. configuration.

The three dimension INDSCAL solution accounts for an
average of 36.1% of subjects variance in ratings. The
upper range of individual r2 values, seen in Table 8, is not
as high as for the Similarity Group, with values of .74,
.73 and .68 with the lower values being smaller, .04, .08,
and .10. Table 14 lists the dimension saliences of the 24
subjects in this group. Fifteen of these subjects weighted
Dimension 1 most heavily, while four and five subjects
stressed Dimensions 2 and 3, respectively.

This Substitutability solution not only accounts for
less variance than the corresponding Similarity solution,

but is less interpretable as well. Two FACTO06 analyses were
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Table 14

Individual-Subject Dimension Saliences from 100%
Substitutability Group's INDSCAL Analysis

Dimension
Subject
1 2 3
1 .34 .24 .19
2 .84 .07 .08
3 43 15 .34
4 42 .38 .09
5 .08 .02 .31
6 .08 A4 .10
7 .63 .13 .02
8 .29 12 Ry
9 .31 .22 .05
10 .53 .26 14
11 .13 11 .49
12 .19 .04 .57
13 .71 .31 .20
14 -.03 -.15 46
15 .37 24 .18
16 .57 .31 .21
17 L2 . 50 .12
18 .78 .30 .09
19 .19 W48 .10
20 .62 17 .18
21 .60 .22 .04
22 .74 .21 .05
23 .28 .30 .37
24 .15 .18 .13




