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THE CHANGING DEMAND' FOR CULTURE:?
ESTIMATION OF °*CULTURAL ELASTICITIES®

RY

STEFHEN L. J. SMITH, ASSOCIATE FROFESSOR

DEFARTMENT OF RECREATION
UNIVERSITY OF WATERLOO
WATERLOOs» ONTARIO N2L 3G1

ERYAN J. A. SMALE, RESEARCH ASSOCIATE

ABSTRACT

Much rast research on the nature of demand for recreation or cultural activities has
been either economic models based on unrealistic assumrtions sbout willindness-to-m»3y or
sociolodgical models that fail to eprovide an in-derth analysis of the forces actually
affecting the decision to eparticierate. This rarer rresents an attemst to combine some of the
strendths of the traditional economic and sociolodical methodss while avoiding some of their
weaknesses. The method develomed eproduces an index called a3 "cultural elasticity’ that
cuantitatively indicates how rates of earticiration may be exmected to chande when certain
ecornomic and sociolodgical characteristics in the msorulation chande. A numerical examerle is
fprovided usingd 3 recent Canadian national survew on rerforming 3arts audiences. Strendths and
limitations in the ammroach are also identified.

THE CHANGING DEMAND FOR CULTURE:
ESTIMATION OF °"CULTURAL ELASTICITIES®

BACKGROUNI

Many current methods for the analysis of the demand for cwulturals leisures and
recreational activities have been adarted from market rlace econometrics oridinally desidned
for analszing the rFroduction and consumetion of foods, fibres and industrial doods. Some
rnotable successes have been achieved with these methodss, but there are also some shortcomindgs
in them that might be overcome by develorindg surrlementary methods to account for the effects
of non-economic variables on the demand for cultures leisure and related doods.

The Fprimary measure of cwultural and leisure demand 1is the potential customer’s
willingness-to-ray. Willindness-to-r3y m3ayw be measured by several different methods such as
inferences from actual exmendituress deductions from exmressions of willindness-to-»ay when
faced with wvarious hyrothetical erice chandess and deviations from surrodate measures for
»rice such 3s distance travelled.

A few researchers working during the emerdence of recreation ecornomicss such 8s Seckler
(1) and Hammond (2)» criticized willindness- to-ray methods a3s inarrrorriate for many leisure
activities., Their corncern was not directed at the market rlace ammroach in denerals, but at
the assumrtion that the willindrness-to-»3y variable can be interrreted a3s a3 measure of the
rersonadl wutility of earticimation. Simeply Puts Seckler and Hammond ardued that most attemrts
to measure willindness-to-r3y actually measure only the 3bility to pa3ys variations in the
utility of rarticiepation amondg consumers 3s imputed from demand scheduless and more rrobably
variations in the wunility of income amond those consumers. PERoth researchers concluded that
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variations in the wnility of income amondg those consumers. Both researchers concluded that
some other demand analusis technieues should be develoreds but they were not able to sudgdest
any workable alternatives.

Ferhars because of their failure to develor alternatives» criticisms by these +two had
little effect on the develorment of demand analysis methods in the last decade and a3 half.
Dominant methods of market analysiss rerresented by the work of Clawson and Knetsch (3)»
Kalter (4)y Smith (S)s» Cicchetti and Smith (6)s and Martin and Gum (7)s still centre on
market rlace forces. Desrite the rrevalernce of limited ecoromic modelss some work has been
undertaken to include non-economic variables. The Canadian Outdoor Recreation Demand (CORD)
Study (8) made a3 number of sidnificant contributions to the analysis of individual
rarticiration ratternss esrecially by develorind several models that incorrorated "demand
shifters® in forecastind models. Demand shifters include educations adger family structures
and other rersonals demodrarhics and social variables that influence the amount of a dgood 3
rerson is willind to consume 3t any dgiven Ffrice. Unfortunatelys the CORD models are "ad hoc*
in that they are Frimarily multirle redression ecuations calibrated with historical data and
arrlied to fore-castind future trends. This is 3 disadvantade because multirle redression
necessarily assumes that the inderendent variables combine linearls to exrlain (or rredict)

the derendent wvariable. Many demand shifters are not 1linearly related to exrected
rarticiration andy a8s 3 results most CORD models do not exrlain even 3 third of the totsal
variance in rarticiration. Some exrlain less than 10 rercent.

The inadequacy of limited economic models and of linear socio-economic redression models
has been recodnized for several ywears. Most attemrts to rroduce new modelss» howevers have
remained theoretical. For examrles [river and Brown (9) ardued for & social-rsycholodical
demand analysiss but their rFrorosed method has arrarently not been orerationalized for
arrlied economic forecastind because of difficulty in aceuiring obJective data and in
develorindg 38 mathematical version of their model. Ontario’s ambitious Tourism and Outdoor
Recreation Flan (10)--3 very larde systems model--has beern orerationalized in the sense that
all comronents and relationshirs have been mathematically defined and externsive data have
been collected through the 1973 Ontario Recreation Surves. Howevers the actual model has
never been used because the CFU recuirements exceed the limits of available comruter syustems.
Furthery the data recuired for the model are so out of date it is wunlikely the model will
ever be utilized.

On 8 more modest and successful levels Kinslew and Chenews (11) in Canada and Marcin and
Lime (12) in the United States have shown how chandes in the ade structure of North American
society might be used to rredict chandes in the demand for different tyres of cultural and
recreational activities. Kinsley and Chenew conclude with some srecific forecasts based on
the assumrtion that only chandes in 3de and education affect cultural rarticiration. Marcin
and Lime conclude with some rather vadue and cualitative forecasts exrressed in terms such as
*extractive-symbolic activitu.*

A different arrroach to understanding variations and chandes in the ratterns of leisure
activities has been through the develorment of leisure tuyrolodies. Activities are droured
todgether on the basis of rarticiration ratterns exhibited by a8 drour of reorle. These drours
are then distindguished from each other by referernce to socio-economic characteristics of
reorle who frecuently rarticirate in the activities contained within each cluster. Examrles
of this arrroach include the works of McKechnie (13)y Dittons» Goodale» and Johnsorn (14), and
Yu (15). An advantade of this arrroach is its ability to assidn an individual to' a8 leisure
tyre according to obdective socio-ecoromic attributes. In theorys therefore» a rlanner could
Frredict ratterns of rarticiration by examining rrodections in the relevant socio-ecoromic
characteristics of & rorulation. This breaks down in Fractices howevers because of the
omission of rotentiallys imrortant economic variables and market rlace forcesr as well as
inconsistencies amond the wvarious leisure tyrolodies. Chases Kasuliss and Lusch (16) have
drawn attention to the rotential variability amond leisure tyres across a8 sindle rorulation:
between sexesy and over time. Their own examination of the stability of leisure tures is
limited by their examination of only a3 small number of activitiess and their wuse of the
simrle incidence (wes/na) of rarticiration rather than frecuency of rarticiration.



For 311 of these reasonsy the sociolodical models Just described are rarely wused for
rrediction. Thes are wused instead to describe the nature of rarticiration rather than to
identify the forces affectind its occurrence.

After reviewindg the Frrodress to date in forecastind models of leisure demand and
rarticirationy 1t 3rrears that the next ster to be taken is the develorment of 3 model that
will combine the advantades of «uantitative trend and demand analysis 3s develored 1in
economic models with the wunderstandind dained from the studys of demand shiftersy leisure
tyrolodies and activity clusterind.

The FPurrose of this rrodects thereforesy is to develor a3 method for estimating chandes in
rarticiration in selected activities (five cultural activities) that combines some of the
strendths of rrevious forecastindg methods, vyet moves a3 bit closer to the comrlexity of

reality. The method develored 1is essentially one for estimatind chandes exrected in
attendance at selected activities by srecific social drours diven 3 one mercent chande in the
size of those social drours. The exrected chande is exrressed in a3 rercentader and is 3

homolody to the concert of rFrice elasticity from economics. For this reasonr we ca3ll the
derived measure 3 °"cultural elasticity.® The formal definition of 3 cultural elasticity will
become clearer after the discussion of calculatiorns.

FROCEDURE

Because the rurrose of this rfrodect is to develor 3 method for calculating cultural
elasticities» the most relevant results of the rrodect are not estimates of elasticities» rer
sey but the method by which these may be derived. The numerical analysis described below
helrs to illustrate both the tyres of answers one might exrect and the methods that orne
emrloys to obtain those answers.

Cultural elasticities are calculated from ratterns of rast rarticiration of certain
drours 1in selected activities. Before these calculations can be dones howevers» one must
emrirically define the drours of rarticirants. And before definindg those drours» one must be
able to srecify the characteristis that are to be used in defining the drours. The followind
discussion rresents methods of accomrlishing each of these sters! (1) Identification of
Grour Characteristics» (2) Identification of Growursy and 3) Calculation of Cultural
Elasticities.

Data were obtained from 3 nationwide surves of non-institutionalized Canadian 3dultsy
*1978 Survey of Canadians and the Arts." The survey was based on 3 clustered random samrle of
13,400 resrondents drawn from 18 urban areas.

Identification of Grour Characteristics

A dreat many socials rersonals demodrarhic» attitudinals, and economic variables can be
used to describe the rreferences for and rarticiration in cultursl activities. It is
desirable for 3 researcher to have a3 theoretical basis for srecifivind 3 rrecise and
relatively short list of variables for which data should be obtained. Howevers theory is not
yet available to do this for forecasting cultural rarticiration. Furthery one 1is wusually
limiteds for efractical reasons» to workind with secondary data. When usindg secondars data»
one is not only constrained to the variables included in the oridinal surveyr, but one must
find some way to choose amond the many related variables to find those most useful for the
task a3t hand., One wayw to do thiss» occasionally emrlosedy is to arbitrarily (or on the basis
of eFrevious exrerience) select the most ‘'interestindg® or rotentially meanindful variables.
This methods of courses is not very valid or reliable. And it can reswult in the 1loss of
rotentially imrortant information. A better tactic would be to try to combine as many of the
oridinal variables 3s rossible into a8 small number of new characteristics. This 3allows 3
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comrromise between reducing the number of variables and maintaining maximum information.

The method chosen to achieve this comrromise was 3 form of factor 3nalysis called
rrinciral comronents analysis (FCA). FCA bedins with the construction of 3 correlation
matrix in which the answers of these resrondents to each cuestion on the survey are comrared
to their answers to every other cuestion. The form of the matrix is a3 scuare with the rows
and columns rerresenting individual variables (the ccuestions in the survey). The
correlations between variables rande between 1.0 (rerfect rositive correlation) and -1.0
(rerfect inverse correlation). Most values are not very close to these extremes, 1indicating
some dedree of imrerfect correlation. Usually the diadonal of a correlation matrix is
comrosed of 1.0’ss because each variable is rerfectls correlated with itself. For FCA>»
however this diadonal is rerlaced by an estimate of the correlation between each individual
variable and all other variables. This estimate is called a8 ‘commonality.® Variasbles with
high commonalities are desired. Variables with low commonalities do not contribute much to
the results of a FCA and are therefore frecuently discarded from further analysis. In this
rrodecty 0.4 was used 3s the commonality threshold for retaining a3 variable in the FCA.

After the correlation matrix is comruteds» FCA examines the rattern of correlations to
try to find the best combination of variables that will summarize that rattern. A new set of
variabless °comronentss® are defined. Each comronent is a3 set of the oridinal wvariables,
each mutlirlied by 3 weight (called a3 ®loading®) that summarizes a3s much of the correlsation
matrix a3s rossible. There are as many comronents rroduced by FCA 3s there are oridinal
variablesy but only 3 small number of these are meanindful. EHecause there is no rarticular
number of comronents exrected in this rarticular rFrodects some obJective duide should be wused
to dguide the selection of the °*rrorer® number of comronents. A common guide is the wuse of
*eidenvalues.® An eidenvalue 1is 38 measure of the wvariance exrlained by 3 rarticular

comronent. The first comronent rroduced wusually exrlains the most variances with subsecuent
comronents exrlainindg successively less variance. Similarlys the first comronent has an
eidgenvalue well above 1.0j successive comronents have eidenvalues swuccessively smallers

until they dror below 1.0, It is a3t this roint that one might stor rFroducind comronents.
Eidgenvalues dreater than 1.0 indicate that the comronent exrlains more than the ®average’
original variables and thus contains much useful informationi eigenvalues below 1.0 indicate
the comronents contain less information than the oridinal variablessy and thus can be idnored.
This rrocedure was used to select the number of comronents rroduced by FCA.

After the number of comronents has been selected» one can try to simrlify the
interrretation of the comronents by rotating them. The oridinal comronents are orthodonal,
or inderendent of each other. It is rossible to rotate them mathematically to chande the
loadinds of different wvariables on each comronent without altering the basic comronent
structure or affecting the information exrlained by the oridinal comronents. Varimax
rotations the most common methodr was used to rerform this oreration. Varimax rotation seeks
3 comronent solution that makes the loadinds a3s close to #1.0 or 0.0 a3s rossible on each
comronent. Because the interrretation of & comronent is based on which of the oridinal
variables load hidghly on it (i.e.» close to 41.0) varima:x rotation makes the interrretation
simrler.

Table is 3 summary of the results of the erinciral comronents analysis. Twelve
comronents were identified. Only those variables with relativelys high loadinds are shown.

Identification of Grours

Grours of relatively similar resrondents are defined on the basis of their observed
characteristics. The basic rurrose 1is to derive a8 relatively small number of drours
containing individuals who are very similar to each other and very different from individual
4TOUFS.
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The first task is to calculate the scores of each resrondent on each of the 12
comronents. “Comronent scores" are the values each resrondent has on each of the comronents.

Thes are calculated in the following manner.

Recall that each comronent is made us of 3 series of weidhts or loadinds associated with
each of the oridginal variables. To calculate 3 resrondent’s score on one of the comronentss
the loading of s variable from that comronent is multirlied by the resrondent’s oridinal
value 3ssociated with that oridginal variable. Thusy if the loading of °*Number of times
attending classical music in the last 12 months® was 0.9y and the resrondent’s answer to that
euestion was "5 times® his score would be (0.9) x (4) = 4,5, This is rereated for 3all
variables on the comronent and the individual scores are totaled for that comronent. Scores
are then comruted for all other comronents for that resrondent. Nexts the whole rrocess is
rereated for all other resrondents. Finallys the scores are converted to standardized scores
(mean of Oy standard deviation of 1). The result 1is 3 matrix of 12 comronents by N
resrondents.

Because the comronents are inderendent of each others thes can be interrreted as
defining 3 12-dimensional mathematical srace. The set of 12 comronent scores locates each
resrondent 1n that sracer Just a3s a set of latitude and londitude "scores® can locate a
rerson in deodrarhical srace. The scores are 3lso 3 measure of ‘similarity.® The more
similar two resrondents are on one comronents the more similar their comronent scores will
be. Grours mayw be defined by locating °*clusters® of resrondents in the 12 dimensional srace.
The method chosen to do this is *Ward’s Method® (16).

Ward’s Method is based on a3 deneralization of the Fsthadorean theorem. The role of the
Fgthadorearn theorem 1is to measure the distance between an: two roints. This distance can
then be comrared to the distances between all other rairs of roints. The aldorithm that
orerationalizes Ward’s Method involves the followindg tashks?

1. Calculate distances between all rairs of roints.

2., Identify the smallest distarnce.

3. Rerlace the rair of roints associated with the smallest
distance by a8 new roint midway between them.

4. Re-calculate distances between 3ll remainind rairs of
rointsy including the new roint.

5. Continue the rrocess to some cut-off roint.

fFor the 13,400 resrondents to the '1978 Canadians and the Arts® surveys this #frocess
would begin with 13,400 drours of one resrondent each and end with one drour of 13,400
resrondents. The initial solutiom has rerfect homodeneity in each droursy but too many
4TOUFS. The ultimate solution has 3 minimum rumber of dgrourss 1y but maximum heterodeneity.
A comrromise is needed. The tactic chosen to find the comrromise in this rFrodect was to rlot
an *information statistic® that can be rrovided by Ward’s Method--a measure of the increase
in heterodeneity as the membershis in the various drours increases. The rlot was examined to
find some w®oint inm the clusterind rfrocess that shows 3 marked increase in the loss of
information caused by the combining of two relatively disrarate drours. This is indicated by
a relatively larde Jumr in the size of the information statistic. A Jume in the statistic
between 12- and ll-cluster solutions was observeds so it was decided to terminate the
clustering at the 12- cluster solution.

Once the clusters are formeds it is necessary to characterize each cluster. This is
done by first identifuing each resrondent in each cluster by means of an identification
number attached to the resrornses from each individual., It is then rossible to examine the
individual’s comronent scores in detail im each cluster. This analysis consists of the
following issues! 31



1. The number of individuals in each cluster who have comronent scores dreater than
+1.0 (rerresenting a8 comronent score more tham 1 standard deviation from the mean) for each
comronent are tabulated. If a cluster has mang reorle with such extreme comronent scores on
a3 rarticular comronents this can be interrreted as evidence that comronent is imrortant in
both creating and in identifwing the cluster.

2, F-ratios and t-tests are comruted for each comronent in each cluster. The F-ratio
exrresses the dedree of wvariance in each comronentiy one hores to find several comronents
with a8 small dedree of wvariance 1in each cluster. These indicate those resrondent

characteristics that are relativels similar amond resrondents in that sarticular cluster.
T-tests comrare means between the mean of comronent scores of cluster individuals and 3all
other individualsy one hores to find several rairs of comronents within each cluster whose
t-tests indicate a3 fairly dreat difference between averade comronent scores. To interrret
each clusters one looks for those comronents whose F-ratios are smalls indicatindg homodenity
in that cluster and whose t-tests are larder indicating sidgnificant characteristics for that
cluster. Tables 2 and 3 summarize this rhase of the analysis. On the basis of this
examinations cluster descrirtions in Table 4 were derived.

It should be mentioned that because of technical limitations in the rrodramme wused to
form these clusterss onlw S00 resrondents could be used for this stade of the analusis.
Caution should be exercised in deneralizind from these drours to the entire Canadian

rorulation. Grours 11 and 12y esreciallysy are based on very small absolute samrles.
Comronent scores for the subsamrle of 500 were comrared to the comronent scores for the
entire samrle. No signficant differences were found. We concluded that the clusters based

on the 500 resrondents are adeauatels reliable for the rurroses of this rrodect.

Calculation of Elasticities

Once clusters of similar resrondents are identified, it 1is rossible to calculsate
cultural elasticities. The Frocedure for doindg this is based on a8 technieue emrlosed bws Gum
and Martin (17). It is Ffresented in a8 ster-by-ster fashion here for the sake of clarity.

1, Select those activities for which cultural elasticities are desired. In this study,
five were chosen? (1) Attendance at Live Theatrer (2) Attendance at Classical
Music/Ballet/Orera/Modern Dancer (3) Attendance at Folk/Rock/Forular/Countrys and Western
Musics (4) Attendance at *Other Musics»® and (S) Visits to Art Galleries.

The number of "attendarces® at each activitws bw the individuals in each cluster is
obtained. ‘Attendance® is defined as self-rerorted attendance in the 12 months rrecedindg the
time of the survew. The number of attendarnces for each activity is themn summed across all
dgrours to d¢et the total rnumber of attendances bw the samrle resrondents.

2. Divide the number of attendances at a3 dgiven activits by the individuals in each
cluster by the total attendances to obtain the rercentade of attendances dernerated by each
cluster. Table S is a summary of the numerical results of Sters 1 througsh 3. The summation

at the bottom of each of the activity columns rerfresents the number of self-rerorted

attendarnces at each activity by the S00 resroncents on which the clusters are based. For
examrler those ©S00 reorle rerorted a3 total of 171 attendances at live theatre in the 12
months Freceding the survey. The fidures within the activits columns rerresent the

rercentade distribution of the total attendance across all clusters. In the case of live
theatre», adgains 1.2 rercent of 171 trirs to live theatre are associated with Cluster 1.

3. Finallys cultural elasticities maw be comruted by dividindg the rercentades in Table

S by 100. Thuss the cultural elasticity of Cluster 1 for live theatre is 1.2/100 0.012,
Cultural elasticities for 3ll clusters and all activities are rresented in Table 6.

INTERFRETATION OF ELASTICITIES
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An illustration of the wuse of cultural elasticities mas helr to clarify their
interrretation and to highlight some of the rotential wuses of the elasticities.

Kinslew (18) in Arts and Culture Monodrarh 1IV» *Cultural Farticiration® forecasts a
chande in the rnumber of reorle 65 vears of ade and older from about 9 rercent currently to
about 11 rercent in the wear 2000. This chande rerresents a3 relative increase of 22 rercent.
bBased on the clusters defined rreviouslyy it can be assumed that the madority of this dgrousr
belond to Cluster 9 olders rredominantly married reorle with averade cultural interestss
rlus a8 few in Cluster 12y a3 smalls hidghly diverse drour of rredominantly retirees. Let us
further assume that the relative rrorortions between Cluster 9 and 12 will remain the same
until a3t least the sear 2000. Finallys let us assume that the rercentades and relationshirs
rerresented by this small samrle of 500 resrondents are truly rerresentative of the entire
national rorulation. Thuss the 171 theatre visits redistered by the 500 resrondents of a
total rorulation of about 23,000,000 rerresents a total of about 7,800,000 theatre visits for
the country’s rorulation in the wear rrior to the surves. With these assumrtions and datas
ore can forecast chandes in theatre attendance to be e:rected from a3 shift in the ade
distribution as forecast by Kinsley.

If both Cluster ? and 12 increase a3t the same rercentade rates 22 rercents thes will
rerresent about 7.8 rercent and 1.2 rercent of the rorulation resrectively in 2000, The
cultural elasticity for live theatre for Cluster ? is 0.053. An increase of 22 rercent in
the size of Cluster 9 will thus translate into a8 (0.53 x 22) = 1,166 rercent increase in
theatre visits., Cluster 9 reorle were resronsible for 5.3 rercent of the 7,800,000 theatre
visitss or about 400,000 theatre visits. A 1.166 rercent increase in this fidure is equal to
arrroximatels 4,700 theatre visits.

Cluster 12 has a cultural elasticity for theatre trirs of 0.117, A 22 rercent increase
in the size of Cluster 12 will cause a (0,117 x 22) = 2,574 rercent increase in total theatre
trirs, Cluster 12 denerate 11.7 rercent of the 7,800,000 theatre trirs rerorted or about
858,000 trirs. A 2.574 rercent increase in that number is arrroximatels eaual to an increase
of 22,000 theatre trirs.

The increase in the number of reorle over 65y indicated by increases in Clusters 9 and
12y necessarily means that some reorle have *left® other clusters. To simrlify the analysis
of this effects let us make the unrealistic assumrtion that a3ll the increases in Clusters 9
and 12 came at the exrense of Cluster 4, the most averade drour of reorle. In real life» of
coursesy increases in any cluster would be surrorted by °transfers® from several clusters» and
these clusters would be affected by still other "transfers®.

The 22 rercent increase in Cluster 9 and 12 rerresent an 3bsolute increase of about
374,000 reorle. If &all these came from Cluster 4, oridinalls 3,800,000 reorles Cluster 4
decreases by about 374,000 or about 9.8 rercent.

The cultural elasticity of Cluster 4 for live theatre is .146. A 9.8 rercent decrease
means theatre wvisits will dror by (0.146 x 9.8) = 1.43 rercent. Since 14.6 rercent of all
theatre visits or 1,100,000 trirss were made by Cluster 4 reorles 3 1.43 rercent decline
rerresents an absolute decline of about 14,700 visits.

The net effect of a chande in the ade structure on theatre attendance can thus be
estimated by examining chandes associated with increases in older 3de drours addusted for
decreases in wounder ade drours. Increases in Cluster 9 and 12 rrocuded a8 total of 26,700
additional theatre visitsi decreases in Cluster 4 created a loss of 15,700 visits for a net
increase of 11,000 visits.

Advantades of Elasticities
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The calculation of cultural elasticities offers several advantades over other
forecasting technicues. Firsts because theu are based on a rather comrlex way of combining
different variabless their develorment can reveal new and unexrected asrects of the structure
of demand for cwultural activities. Elasticities are thus constructs of rotentially mador
theoretical interest.

Elasticities assist a forecaster or rlanner in estimating chandes in 1likely future
rarticiration with dreater wvalidity than has rreviously been rossible. ERecause these
measures 3re based on more realistic assumrtions about relationshiers amond variabless and
rermit including of more different variabless the forecasts based on them will tend to be
more valid and accurate than if those relationshirps and variables are idnored. Forecasts can
now be made for 3 sindle droury or for several drours simultaneously., This feature is
esrecially desirable because 3 sindle variable does not usually effect different reorle in
the same way. As we saw in the simrle rnumerical illustration of the use of elasticities
abover the sindle rhenomernons 3dindy was responsible for two different rates of increase in
rarticiration in two different drourss and a8 decrease in particiration in a8 third drour.

Because the elasticities can be constructed to take account of attitudinal and orinion
variabless it 1is rossible to wuse them to assess the effects of dovernment sronsored
educational and rromotional rrodrammes to chande various orinions about cultural activities.
If clusters can be defined on the basisr a3t least rartiallys, of orinion variabless it would
be rossible to develor forecast chandes in rarticiration resulting from shifts in orinions as
reflected through shifts in cluster membershir. It is conceivable (3lthoudgh this is still a
matter of sreculation) that the develorment of cultural elasticities from orinion-related
data would helr identify which items of orinion are the most influential in affecting
rarticipation rates. Easicallys those orinion variables that showed ur in various clusters
with high t-test values and 1low F-ratios would be the most imrortant orinion-related
variables to influernce.

The cultural elasticity model a3lso helrps to identify those drours most imrortant in
dgenerating business for different cultural facilities and ordanizationss a3s well as those who
are least sumrathetic to or least uninterested in cultural rrodrammes. Cultural elasticities
arey in other wordsy 3 means for market sedmentation. For examrles in the case of live
theatres Cluster 12 reorle are responsible for about 11 rercent of total theatre visitsy
althoudgh they make ur only 1 rercent of the rercent of the rorulation. This drour rerresents
one of the most imrortant markets for live theatre and one of the dreatest rotential sources
of swurrort for rublic efrodrammes to further live theatre. O0On the other hands Cluster 6
reorle rerresent 15 rercent of the rorulations but rroduce only S rercent of 311 theatre
visits., EBetter wunderstanding of members of this drour and their arrarent dislike for live
theatre may wgield rotentially fruitful information for cultural rolicy and cultural
rromotion.

Limitations to Elasticities

Several assumrtions underluing the calculation and use of cultural elasticities have
3lready been discussed. Some of these bear rereatindg and 3 few other limitations should be
mentioned.

1., The calculation of elasticities derends dreatly on the wvariables available for
analysis., Ideallyy information should be available redardindg social» economicy 3ttitudinal,
demodrarhic and rarticiration characteristics of the rorulation.

2, The elasticities are a3lso strondly influenced by the statistical methods emrloved:
especially FCA., Stability of the components defined over time 3s well 3s the reliability of
the comrporent structure estimated through PCA rieeds to be tested more.
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3. PRefore one can use the elasticities to forecast chandey one must have access to
other forecasts about chandes in the sizes of the clusters. These clusters will freaquently
not match up with the usual ade cohort or other socio-economic or deodrarhic clusters for
which forecasts are usually made. This might be interrreted as evidence that the use of
forecasts for traditional ade cohorts or other social drours 1is actualls inarrroerriate.
Howevers, the fact remains that additional work will need to be done to develor forecasts for
drours that are meaningful in the conte:xt of cultural elasticitys clusters.
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Table 1: Detailed Definition of 12 Components
1 2
"Reading" "Attendance"

read science fiction
read mysteries

read romances

read westerns

read classics

read other novels

read drama, short stories
read poetry

read biography

read philosophy

read how-to-do-it

read other non-fiction

3
"Educational T.V."

watch TV interviews

watch TV newscasts

watch TV public affairs
watch TV plays

watch TV classical music
watch TV instructional shows

5
"Popular T.V."

watch TV variety
watch TV soap operas
watch TV movies
watch TV game shows
watch TV police shows

7

Popular Radio"

listen to radio at home
listen to radio popular music
listen to radio local news
listen to radio national news
listen to radio interviews

Times attended cinema

Times attended theatre

Times attended classical music
Times attended popular music
Times attended cultural festivals
Times attended arts and crafts
Times attended museums

Times attended art galleries

4
"Popular Records"

How often listen to records at home

How often listen to popular, folk,
rock records

How often listen to jazz, blues
records

6
"Life Cycles I"

Retired or not

Age

Number in household
Married or not

8
"Classical Music"

How often listen to radio classacal
music

How often listen to opera on records

How often listen to classical records



9
"Sport Viewing'"

Times attended sports

How often watch TV sports

How often listen to radio sports
Sex

11
"Education"

Level of education
Professional or not

10
"Life Cycle II"

Student or not

Homemaker or not

Number of school age children
at home

Single or not

12
"Sport Participation"

Number of years playing sports
Money spent on sports
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Table 2: Summary of Component Scores by Cluster for Each Component

Component

™
|w
&
o
o
I~
|oo
o

=)

=

=

Cluster 1

10 +

11 - + + +

(+) = majority of respondents in group had a component score + 1.0.

(-) = majority of respondents in group had a component score - 1.0.
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Table 3: F-ratios and t-values for 12 Clusters
Key: t-value
(F-ratio)
Components
Clusters 1 2 3 4 El 6

1 0.2901 -0.2970 1.4691 -0.7159 1.6423 -0.3048
(0.4423) (0.3012) (0.0329) (1.6705) (0.0835) (1.2228)

2 -0.1267 0.3985 0.1543 -0.0536 0.4695 0.0288
(0.6486) (0.7950) (0.9951) (0.6861) (0.7600) (0.6020)

3 -0.4705 0.5094 -0.3346 -0.4049 0.4992 -0.4255
(0.3938) (0.7659) (0.8713) (0.8180) (0.4547) (0.4444)

4 0.0259 0.0162 0.1352 -0.5539 ~-0.6459 -0.9113
(0.7262) (0.2909) (0.7794) (0.4316) (0.5936) (0.2941)

5 -0.2262 ~-0.3303 0.6514 -0.2022 0.4681 0.1233
(0.5445) (0.3444) (1.0768) (0.9095) (0.6085) (1.0838)

6 0.1229 -0.3837 0.0548 0.6999 0.4901 0.2544
(0.6114) (0.2474) (0.5453) (0.6419) (0.6517) (0.6256)

7 0.7445 0.3844 -0.4215 -0.8458 -0.4432 -0.0051
(0.1867) (1.2095) (0.7812) (0.5857) (0.6123) (0.4564)

8 0.0757 -0.3198 -0.2422 0.5409 -0.7994 -0.2528
(0.8381) (0.2051) (0.6429) (0.8262) (0.5699) (0.4173)

9 -0.0079 -0.0554 -0.8247 0.7555 -0.3579 1.7519
(0.6441) (0.5619) (0.5957) (0.6101) (0.7333) (0.3332)

10 0.3066 -0.3443 -0.3691 0.0330 -0.0229 0.4595
(0.3983) (0.2960) (1.1981) (0.8743) (0.9264) (1.2982)

11 -6.5097 -0.9148 0.9539 -0.1678 -0.1199 0.5861
(1.3674) (0.1785) (0.7840) (1.2911) (0.6115) (0.2334)

12 -0.7823 6.3807 0.7887 0.6401 -0.0310 0.8736
(0.2676) (4.0691) (2.1607) (0.9220) (1.9380) (0.3296)
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Table 3: F-ratios and t-values for 12 Clusters
Components

z 8 3 10 11 12
0.8902 0.1931 0.5753 -0.7089 -0.4919 -0.2276
(0.6710) (0.1989) (0.4442) (0.9051) (0.0701) (0.4990)
0.0080 -0.2761 0.2574 -0.0267 2.3743 0.1522
(0.5625) (1.4568) (0.6708) (0.6550) (0.1147) (0.9502)
0.3259 -1.5755 0.3747 0.1101 -0.6680 -0.1662
(1.1217) (1.6961) (0.3288) (0.9016) (0.1580) (0.8151)

0.1147 0.1758 -0.2500 -1.0542 -0.2075 0.1476
(0.7097) (0.5966) (0.8504) (0.3910) (0.1102) (0.6469)
-0.7990 0.1314 0.6695 0.2249 -0.3558 0.5392
(0.2603) (0.7200) (0.4079) (0.6540) (0.2468) (1.6742)
-0.2994 0.1734 -0.9859 -0.0286 -0.3033 0.1635
(0.3784) (0.4138) (1.0537) (0.3988) (0.1856) (0.7878)
-0.6112 -0.0706 -0.6565 0.7963 -0.2763 0.2069
(0.4248) (1.7230) (0.9279) (0.9605) (0.1898) (1.4410)
-0.3261 0.2383 0.3250 0.5096 -0.3372 0.6515
(0.5455) (0.4070) (0.6471) (0.6281) (0.0574) (0.4909)
-0.5319 0.2716 0.5474 -0.4757 -0.3993 -0.4915
(0.3500) (0.3248) (0.5323) (0.3083) (0.0981) (0.5130)
1.7341 0.2065 0.2839 0.8049 -0.2682 0.0564
(0.3352) (0.5063) (0.5389) (1.0785) (0.3495) (1.0061)
0.4005 1.5489 -0.7496 1.0190 -1.0268 0.5025
(1.7806) (0.3904) (1.4253) (1.1473) (0.0952) (1.7966)
0.5704 -0.5052 1.0398 0.4659 -0.0762 -0.4691
(2.3808) (3.7702) (0.3239) (1.3566) (3.9954) (5.1580)
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Table 4: Identification of 12 Clusters

NUMBER
OF % OF
CLUSTER RESPONDENTS SAMPLE DESCRIPTION

1 18 3.6 Prominantly singles and students who
watch a lot of television. Some tend to
listen to a lot of popular radio. They
are average in the amount of reading for
pleasure, their attendance at performing
arts, and in the frequency of listening
to classical music at home.

2 62 12.4 Educated professionals, primarily.
Their cultural interests and activities
are relatively homogeneous with the rest
of the population.

3 34 6.8 Average socio-economic group, with typical
family structures and cultural interests
and rates of participation except for an
apparent above-average dislike of
classical music.

4 82 16.4 Perhaps the most typical group. Average
and relatively uniform cultural interests
and rates of participation. Slightly more
smaller families and two-income families
than in most other groups.

5 41 8.2 A diverse group of respondents in terms
of age, marital status, and household
size. They are alike in a shared interest
in playing sports, watching television
frequently and an apparent lack of interest
in popular radio.

6 76 15.2 Another group of average individuals.
These are distinguished by an apparent
dislike for televised sports and by a strong
preference for listening to music on records
and tapes.

7 37 7.4 Homemakers and non-professional heads of
households. They read more than average.
They are quite diverse in terms of interests
in listening to classical music and in attend-
ing performing arts.

8 62 12.4 A generally average, and uniform set
of respondents who are unusual only in
that they report watching very little,
if any, television.
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10

11

12

32

47

9.4

1.0

Older, married people with average
cultural interests, except for below
average viewing of educational television.
A few also report frequently listening to
records and tapes.

A diverse group socially, who are alike
in that they listen to the radio more
than they do anything else.

A small group of primarily homemakers and
non-professional workers, with below
average educations, who do not read much,
but spend a lot of time watching educational
relevision and listening to classical music.

A small, highly diverse group. They tend

to be older, retired people. They generally
read little, but go to performing arts
frequently and watch televised sports
regularly.




Table 5: Distribution of "Attendances" at
Each Cultural Activity by Cluster

% Z % 3 % %

Classical Popular Otl;er Art
Cluster Theatre Music Music Music Galleries
1 1.2 3.0 4.7 0.0 0.6
2 21.1 25.8 18.3 21.1 20.5
3 15.8 16.7 9.9 9.9 20.5
4 14.6 12.9 16.0 23.9 4.6
5 4.1 6.1 4.7 4.2 4.6
6 5.3 4.5 4.2 7.0 3.4
7 5.8 8.3 19.2 9.9 8.6
8 8.2 3.8 6.1 7.0 8.0
9 5.3 3.8 3.8 5.6 2.3
10 6.4 3.0 2.8 7.0 8.0
11 0.6 0.0 0.0 2.8 0.6
12 11.7 12.1 8.9 1.4 18.3
1007 1007% 100% 1007% 1007%
Total
Actual
Attendances 171 132 213 71 175
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Table 6: Cultural Elasticities

Classical Popular Other Art
Cluster Theatre Music Music Music Galleries

1 .012 .030 .047 .000 .006
2 .211 .258 .183 .211 .205
3 .158 .167 .099 .099 .205
4 .146 .129 .160 .239 .046
5 .041 .061 .047 .042 .046
6 .053 .045 .042 .070 .034
7 .058 .083 .192 .099 .086
8 .082 .038 .061 .070 .080
9 .053 .038 .038 .056 .023
10 .064 .030 .028 .070 .080
11 .006 .000 .000 .028 .183
12 .117 .121 .089 .014 .183
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