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A QUALITATIVE-QCA!iTITnnTI' iE !.\03EL OF CONSUME2 CtiOICE 
WITH AX ,APPLICATION TO RECREATION DEHAND 

By W .  Michael ~anemannl 

The development of the muitinomial logit (MNL) model and, subsequently, of 

other types of the quanta1 choice model has significantly improved the set of 

tools available for the empirical analysis of consumer demand.' With these 

modsls, it becoqes possible to analyze purely qualitative data on consumer 

choices-e.g., the choice among alternative brands of a comodity. In some 

cases, however, it would be useful to have a model which permits both qualita- 

tive and quantitative choices--e.g., a consumer selects one brand of a com- 

rodity and has to decide both which brand and how much of the brand to buy. 

This type of choice has appeared in recent theoretical work by Lancaster [15] 

and Novshek and Sonnenschein [ZD]. My concern here is with the empirical 

formulation and estimation of such models. I shall describe two general 

utility models which are consistent with this type of qualitative-quantitative 

choice and which can be estimated empirically, and I shall apply one of these 

modcls to micro data on the visitation of recreation sites in the Boston area. 

The existing literature contains several statistical modeli for the analy- 

sis of qualitative-quantitative or "mixed continuo~sldiscrete" dependent 

variables, starting with the Tobit model and its subsequznt ge~eralization by 

E ~ r k n a n  and others (see, for example, [I?] and fi .71).  An inportant practical 

feattiire of the lattev models i s  that thcir estimation can often be decorposed 

in?a L ,>vo stages, oce bas23 on the qualitative ckoice and the other based on t b ?  



quantitative choice. Nwdever, in these statistical models the qualitative and 

qu3ntitative choices are not integrated in the sense that they do not both 

flox from the same underlying utility (or production) function. Duncan's 

recent [6], which is set in a production context, partially rectifies 

this. In his example, the qualitative element' is the choice of a location at 

'tihicn to produce, and the quantitative element is the lsvel of inputs and out- 

put at that location; both choices are based on the same underlying profit 

function. One question is still unresolved: how does the qualitative choice 

arise or why is the economic agent led to a corner solution for his maximiza- 

tion problem In some cases the corner solution is logically necessary be- 

cause the qualitative choices are mutually inconsistent (e.g., to join or not 

join a union). In other cases this is not so. Why could a firm not choose to 

produce at both locations or a consumer choose to buy both brands of a good? - 
If a corner solution occurs in these cases, it must be diie to the special 

nature of the underlying production technology or consumer preferences. This 

feature is built into the utility models which are presented below; unlike 

Duncan's production model, they are explicitly structured in such a way as to 

preclude interior solutions. 

The empirical analysis of recreation demand has been the subject of two 

previous papers in this journal: by Burt and Brewer [3] and by Cicchetti, 

Fisher, and Smith [4]. Both papers estimate a set of linear ordinary demand 

functions for alternative recreation sites. This type of demand model can be 

criticized because it does not explicitly incorporate quality variables which 

may differentiate the sites, and it is not directly consistent with a utility 

maxinization In both cases, the fitted dmand flinctions are used to 

construct an estimate of the change in consumer's surplus arising from changes 



in the prices of recreation sites due to the opening of a new site. However, 

since the d-nand functions ?re not consistent with a utility model, this esti- 

mate is not exact. Moreover, since the demand model does not explicitly in- 

ccrporate site qcility, it cannot be used to construct welfare measures for 

changes in quality rather than price. The demand model estimated in this 

papar will remedy both of these defects. 

The organization of the paper is as follows. Section 2 describes two 

general qualitative-quantitative choice models; in both models the estimation 

can be conducted in two stages, one using the qualitative choice data and the 

other using the quantitative choice data. Section 3 describes in detail the 

specification and estimation of a version of one of these models, based on the 

work of Blackburn [l, 21, and explains its relation to the MNL model. It 

turns out that, when slightly reparameterized, Blackburn's model subsumes the 

MN: model and extends it in a natural manner to qzalitative-quantitative 

choices. In Section 4 the model is applied to the recreation demand data, and 

the fitted model is employed in Section 5 to calculate welfare measures for 

hypothetical price and quality changes. The resulting estimates of consumer's 

surplus per visitor day are found to be significantly smaller than those cur- 

rently used for recreation planning. In both sections the model is contrasted 

with an ad k c  demand model, not strictly consistent with a utility maximiza- 

tion hypothesis, which is a simplified version of the statistical model in 

[17] .  The latter model is found to fit the data somewhat less well than the 

utility-theoretic demand model. The concliisions are su,marized in Section 6. 

2 .  tEpiE2fiL STRUCTURE OF OUfiLIT4TiVE-QlJAbJTITATIVE CHOICE MODELS 

In this section I shall discuss how one m:ght formulate qualitative 

quin3tative choice models which can be estimated enpirically. In these 



~odels I assune that the qualitative ch~ice is restricted to the selection of 

orily one of the differentiated goods available. This is a special czie of a 

more general corner solution model in which the consumers nay select - any 

subset of the differentiated goods--not necessarily one of them and not 

necessarily all of them. The general corner solution problem is considerably 

more difficult to formulate empirfcally. In r10, pp. 153-1611 I have developed 

a demand model for this case, but it can be implemented only when the number 

of brands is very small; this will not be discussed here. The general set-up 

and notation are as follows. A consumer chooses among N different brands of a 

commodity. He has to decide which brand to select--say, brand i--how much of 

it to consume, xi, and how much to spend on other goods. For simplicity, I 

assume that the other goods are not differentiated and can be aggregated into 

a single commodity denoted by z. The prices of the differentiated goods are 

p = (pl, . . ., pN), the price of the composite commodity is pZ, and the 

consumer's income is y. The arguments of the consumer's utility function are 

x = (xl, . . ., xN), Z, and b = (bll, . . ., bNK), where b. is the J k 
amount of the kth quality characteristic associated with a unit of consumption 

of brand j. Let b. = (b. . . ., b. ) be the vector of characteristics 
J 51' JK 

(attributes) of good j. I assume that they enter the utility function through 

aggregator functions, 6 .  = 6 . ) .  Thus, the utility function may be 
J J 3 

written compactly as u (x, 6 ,  z). The choice variables are ( x ,  z), and the 

utility function is quasi concave in these variables; the consumer maximizes 

it subject to the budget constraint y = Cp. x .  + pZ z. 
J J  

In order to provide a statistical framework for estimating the qgalitative- 

qu~ntitative ordinary demand functions which arise as a corner s31ution to 



this utility maxjmizatign problem, it is necessary to introduce a stochastic 

element into the utility iunztion. In the  models to b? prejentzd b,$iow, this 

will be done by making the aggrsgators random functions of their arguments, 
- - 
6 .  = ~ , $ . ( b . ) . ~  This can be ratianalized, in three ways, which ha$s dif- 

J J J 

ferent implications for the formulations of the aggregator functions: 

(i) Ifaryirg fiefzrs~czs--each individual has specific tastes, b u t  tzstes v i r y  

across consumers. This could be represented by 

in which the weights placed on different characteristics vary among consumers 

or by 

which implies that, for every attribute, there is an "ideal" level of the at- 
- 

tribute for each individual, a k ,  which varies among individuals; consiiners 

seek to minimize the weighted distance between actual and ideal attribute 

levels. (ii) Pxre ProbabIbiZistic Br"hD~~io~--tastes vary randomly, not only 

across individuals but also, for a given individual, across alternatives. 

(iii) Urabjemad Bttribxtes of AZternativss-the presence of unmeasured at- 

tributes of alternatives induces an element of randomness in observed de- 

mands. In practice, cases (ii) and ( i i i )  are usually iqdistinguish3ble and 

are vodeled in the same way, e.g., by writing 

Ccnbinations of the th-ee cases are also possible. In the quanta1 cboice 

l itnr~ture, Piusi;an and Siise [Il l  przjent exv~ples of !I)  and ( 3 ) ,  b~ied on 



the nultivarizte normal distribution, and McFadden [ l a ,  193 w r k s  'with (3) and 

the extremn ~3132 or g?nerz:ized extreme value distributions; (2) appears in 

[20 ]  kitn the uniform distribution and, implicitly, in [ls:. Iy'9atever the 
- 

specification of the random component in the $.Is, it induces a cuvulative 
J 

joivt distriSution function denoted below by Fd (t,, . . .. tq). - 
Assuming that the form of utility fonction ; = u (x, 4, z )  is such as to 

insure a corner solution, one may proceed as follows. Suppose the consumer 

selects brand i. Set x .  = 0, j i, and maximize utility subject to the 
J 

budget constraint wirh respect to (xi, z). This yields the ordinary demand 

functions for xi and z conditional on the choice of brand i. Substitution 

into the utility function yields the indirect utility function conditional on 
- - 

the choice of brand i, ui = v. (p. 
1 

,, p,, 4 ,  z). The brand chosen is 
- 

that which solves: max , . . ., uN} . Denote the value of the 
j 

maximized indirect utility function by ;*. Let Fu (ul, . . ., uN) be 

the joint cumulative distribution function (c.d.f.) of the ;.'s induced by 
J 

F ) ,  and let F A  (ui . . ., 
u ~ )  be the partial derivative with 

respect to the ith argument. In general, these are functions of (p, b, 
- 

pZ, Y). F: (u, . . . u Pr { = u, r i .  i u  j i] may be con- 
1 J - 

sidered as a function of a single variable, u. The qualitative choice proba- 

bilities are given by 

(4) P' Pr {i chosen) = 
i Fu (u, ..., U) du. 

Mote that Fu (u, . . ., u), regarded as a function of a single variable, is 

the c.d.i. of u*. Then F: ( u ,  . . . u), the derivative of this function 

with respect to the single a r ~ ~ r ~ e n t ,  is the p.d.f. of ;*. T h ~ s ,  



is the expected valiie o f  tbe rnaxinized indirect utility function. To em- 
- 

phasizc its dependence on theswariz5les, I will write G* = v* (p, b, 

p,, y). This function can be ezployed to construct monetary measures of the 

weifare effects of a change in the prices or qua1 itils of tne ~ ~ 2 j l a b l e  

brands. Suppose that prices and qualities change from jpO, bO, p:) 

. The compensating variation measure of the welfare 

effects of this change i s  the quantity, C ,  which satisfies 

while the equivalent variation measure is the quantity, E, which satisfies 

In order to develop the probability formulas for the quantitative choices 

of the branded and nonbranded goods, one needs to specify further the struc- 

ture of the utility function. I shall discuss two formulations (each unique 

up to a monotone-increasing transformation): 

- 
(8) u ( x ,  6 ,  Z) = T i  ( C  $3. x . ,  z ) .  

J 3 

By inspection, i t  can be seen that, when these functior;~ are mdximized sub- 

j x t  to the budget constraint, they each have a corner solution in which only 

ore brand is selected. 5 



The utility function (7) is a generalization of the one which underlies 

Blackbdrn's models 11, 21. I t  may be rewritten as 

- 
khere " j = [pj/pz - 6j/n]. i?e n . ' ~  can be regaroed ai llgeneraj- 

J - 
ized" or "quality corrected" price ratios. If the nj's are all different, 

- 
the consumer selects only one brand-that with the lowest ni. Conditional 

on the selection of brand i, the ordinary demand function for the branded good - -1 
is x .  = $I (hiii) where J, E (g') , and the ordinary demand furiction for 

1 

the composite commodity is z = [y - pi J, (hiii)]/pz. An important impli- 

cation is that all of the branded goods have a zero income elasticity of de- 

mand, while the composite commodity's income elasticity of demand is equal to 
- 

the inverse of its budget share. Define T .  = ha.. Let Fi (tl, . . ., 
J J - - 

tN) - Pr g1 > tl, . . ., T~ > t ~ l  be the joint c.d.f. induced by 

i Fm(.), and let FT (tl, . . ., tN) be the negative of its partial 

derivative with respect to the ith argument, i.e., F: (tl,. . ., 
- - 

t ) Z P r  {Ti = ti, Tj > t .  j & i } .  The qualitative choice proba- N J 

bilities in this model are given by 

( 9 )  P i = J a i  -_ F~ (t, ..., t) dt. 

In order to derjve the quantitative choice probabilities, continue to regard 

i FT (t, . . . t) as a function of a single variable and make the c h a ~ g e  

of va-iable from t to ?$(t).6 The probability density function ip.d.f.\ fcr 

x .  conditional on the choice of brznd i, is 
1' 



- i Note thaz + ( . )  f g ' ! -  j .  The conditiiaclal (and unc3nditional; x p a c t 3 : i s n  

of the quantity demanded is 

(11) E{xi} = J x . f ( x )  dx. 
0 

X. 
1 

The formulas for the ;.Is, and their joint c.d.f. will be given in the next 
J 

section for a particular specification of g(.). 

The utility function (8) is a simplification of the "ruled indifference 
- 

surface" mods7 presented in [ Z O l .  Here the function u (tI, tII) is a 

standard quasi-concave neoclassical utility function of two arguments. Let 

-I 511 
h (pI, pI17 Y), p I I ,  Y), and !pI, p I I ,  Y) be the 

ordinary demand functions and the indirect utility function associated with 
- - 

6 ( '). Define " j = p . .  If the n.'s are all different, the 
J J J 

maximization of (8) leads to the selection of a single brand--that with the 

lowest i.. Conditional on the selection of brand i, the ordinary demand 
1 - - I  - 

function for the branded good is x. = h (n., pZ,  1 ,  and the 
1 1 - -11 - 

ordinary demand function for the composite commodity is z = h (ni, 

p,, yj. In general, these demand functions will exhibit ncnzero income 

elasticities of demand, dspending on the form of F('!. Let F ( T ~ ,  . . ., 
n 

- 
Pr { f l  > TI, . . . TI > x N I  be the join0.d.f. indsced b:+ 

i; 
i F g ( - ) ,  2nd l e t  F _ ( r l ,  . . . nN) be th3 negativ? of its d e r i v a t i - n  

. . ,  w i i n  res??ct to t h?  i t h  argunant. Th2 quantitative c h ~ i c e  probabilities for 



i i this iiiodsl 2re givefi by ( G ) ,  with F ( - )  substituted for F+(.). By 
n 

writing the conditional ordinary dcmand function for tht branded good in the 
- - - - 

- - I  - form xi = $ ( T ~ )  - "i - h , p,. y)lpi, one can make the 

change of variable from ii to $ ( r )  and obtain the p.d.f. for *i conditional 

on the choice of that brand. The formila is similar to ( l o ) ,  with F~(.) 
R 

i subsiitirteo for FT(s ) . Likewise, tne formula for t h ?  condi tional and 

unconditional expectations of the demand for the branded good is similar to 

(11). The formula for the joint c.d.f. of the ;.IS, FU(.), is obtained 
J - 

from F ( . )  by change of variable, based on the relation u .  = 
TI 1 - - 

v (?ri, P,, Y). 

In order to implement these models, one needs to specify the form of the 

random functions $.(b.) which, in turn, involves picking one of the speci- 
J J 

ficatians, (I), ( Z ) ,  or (3). For ( 7 ) ,  one also needs to specify the form of 

g(.); and, for (B), one needs to specify the form of E( ' ) .  Both models have 

the property that their estimation can be conducted in two stages. In the 

first stage one applies the data on qualitative choices to the qualitative 

choice probability formulas, (4) or (9),  to obtain estimates of the coeffi- 

cients of the ( b . )  functions. This can be accomplished by using exist- 
J J  

ing computer routines for the maximum likelihood or minimum chi-squared 

estimation of qualitative choice models such as M?lL or multinomial probit, 

depending on the assumed distribution of the 3.1s. In the second stage, one 
J 

estimates the remaining coefficients of the utility function by applying maxi- 

mum likelihood to the quantitative c'loice probabilities, ( l o ) ,  or, more sim- 

ply, by least-sqdares estination based ov the expected quantity-deilanded 

fornla, ( 1 .  Thus, b] v~rtue of the deconposi t ion, thess qu~litztive- 

quantitative chsice models can be estimated witn ex~sting s~ftware.~ The 



esti:?atior prclcedure is illustrated telon for a particular specification of 

the utiiity -ode1 (7). It is also being appiied to the utility nodei (8), b g t  

this will not be rzported here. 

3.  SPECIFICATION AND ESTIVATION OF BLACKBURN'S MODE! 

In this section I describe the estimation of a particular versicln of the 

qualitative-quantitative choice model ( 7 )  due to Blackburn [l, 21. I zlso 

contrast this model with the MNL qualitative choice model which it subsumes 

and extends to quantitative choices. Both the Slackburn and MML models employ 

specification (3) for the b )  functions, with the ;.Is iqdependantly 
J J  J 

distributed according to the extreme value ( E V )  distribution with parameters 
- 

(+J, a j )  u > 0.8 Hence, one can write 8 .  = a + y j ( b j )  + E ,  where 
J 3 

Z is E V  ( u ,  O \ .  It will be shown below that the MNL model is obtained by 

omitting the g( ' )  furction from (8). In the Blackburn model, gis) = 

s [l  + In a - In s], where a is a positive constant.' A t  this point, one 

can set pZ = 1. Thus, Blackburn's utility function is: 10 

- 
(12a) u (x, $, z) = E X .  J [I + In e - In C X . ]  J + hy - CT. X .  

J J 

where 

(125) 

The unknowns in the model are a ,  h, the coefficients of the FI functions 

y.(b.) .. and a 1, . . . ,  eN-  I will define the following terms for 
J J '  " - - futare u s .  Let . = " j + ~ . j b . )  - hpj; then, T .  = - K .  - E. 

J J J  J J 



- 
Gi'ien that E is E V  ( 2 ,  0), tbc. joint c.d.f., F T  (tl, . . ., t N \ = - 
- - 

Pr I T i  > tl, . . ., TN > tr4], taces the forq 

Thus, 

Accordingly, the qualitative choice probabilities, P' - Pr i chosen}, are 

given by 

a. 1 yi(bi) 
exp - + - - bpi] 

- - - U U li 

e x  F + 
(b 1 h 
11 11 

y~ j 

To obtain the quantitative choice probabilities, note that the conditional - - -r 
ordinary demand function for the branded good is ji (Ti) = ee i. Thus, 

,.-I (x) = I n  a -  In x .  Accordingly, the formula for the p.d.f. of i .  1 '  

conditional on the choice of that brand, corresponding to (lo), is 



Hznce, the expected quantity demanded is 

where it is requ:red, in order for the integral to converge, that < 1. 

Since the EV distribution implies that u > 0, the overall requirement is that 

To motivate these sign restrictions, consider thefollowing qualitative 

analysis of the demand formulas (13) and (15). Suppose there i s  an increase 

in the attractiveless of brand 1 alone--pl falls andjor bl rises. This 

raises il and 3 ,  but not i .  j 1 2. By (13), this raises P' and lowers 
J 

pJ, j 2 2 .  Furthermore, by ( 1 5 ) ,  since > 0, it raises the expected con- 

sumption of brand 1, E {xl ]; and, since ,, < 1, it lowers the expected con- 

sumption of other brands, ~ f x . 1  j 2. However, the fall in the consumption 
J 

of the other brands is more than offset by the increase in the consumption of 

brand 1 since the expected total consumption of all brands, Z E  ( x j }  = e 

r t l  - U )  xu, rises. All of this is intuitively plausible. But there is one 

possibly undesirable feature of (13) and (15) which also arises in the MNL 

model and results from the use of tne EV distribution. This is the In- 

dependent? of Irrelevant Alternatives Property: the ratio E{xi}/EIx.l = 
J 

i j 
P / P  = *./'i. is independent of (pE, ba),e i i, j. 

1 . l  



In ord-r to derive the unconditional expected value of the indirect util- 

ity function on which the welfare measures are based, substitute the condi- 

tisnal ordinary demand function into - (12 )  to obtain the conditional indirect 
- -Ti - 

utility function, ui = hy + ee z hy + e . qi, say. l2 Note that 

F (s)- Pr[Qj( s l =  exp [-X. S-"'I. Then, 9, 1 

Making a change of variable from u to w = (u - hy)le and applying ( 5 ) ,  one 

obtains 

One can now apply the formulas for the compensating and equivalent varia- 

tions, (5a, 6b). Suppose that the prices and attributes of the set of branded 

goods change from bO) to (pl, b l ) .  Then 

( 1 7 )  

where 



Tke zqliaiity of the compensating and equivalent variations should cause no 

sucprise s i x ?  it w a s  not23 kbore that the conditional ordinary demand func- 

ticns for the brdndzd goods inplied by the gerierzl utility model ( 7 )  all have 

zero income elzsticiti~s of demand. Hence, the ordinary and compenssted 

demand curves coincide, This also implies thzt the welfare measures can be 

rsnrsjented 1s  d re2s  ~ n d e r  3 r d i n 3 r y  demand cur,tes. For simplicity, suppose 

that the price and attributes of only good 1 change from ( bp) 

to (pi, bi ) . Let 
- - - - 
X(l) = A - x ~ .  Thus, K changes from 

- 1 - 
FO to K1, 1 while x stays constant. From (17) and (15) ,  one 

obtains 

At this point, i t  is convenient to contrast the Blackburn model with the 

MNL qualitative choice model. The essential difference is the omission of 

gl.) from (12) since it influences only the quantitative choices. In addi- 

tion, one restricts the x . ' s  so that they take only the values O or I. Ac- 
J 

c~rdingly, the uttlity fiincti~n underlying th? PNL mods1 can be represented 

as 



The reason f o r  r e t a i n i r l g  the  term fhy )  i n  (19) i s  t o  prov ide a  b l s i s  f o r  

we l f3 re  i r? lsures o f  p r i c e  and q b a l i t y  change, as exp la ined below. The maximi- 
- 

z a t i o n  o f  (19) w i t h  E EV ( p ,  0)  leads t o  the q u a l i t a t i v e  choice p r o b a b i l i -  

t i e s  g i ven  by (13) .  The o n l y  d i f f e r e n c e  between (13)  and the  con\/ent iona? 

formula f o r  t h e  MIlL q u a l i t a t i v e  cho ice  p r o b a b i l i t i e s ,  e.g., j5, page 691, i s  

tne  appearance o f  u, which i s  t h e  sca le  parameter o f  t h e  EV d i s t r i b u t i o n .  I t  

i s  c l e a r  t h a t ,  f rom (13) alone, one cannot o b t a i n  a  separate est imate of ,,. 
- - Suppose t h a t  y j (b j )  = c k  yk b .  

3k' 
and l e t  e j  = a j l u ,  yk = 

- 
yk lu ,  and h  = h/p.  I f  one works o n l y  w i t h  da ta  on q u a l i t a t i v e  choices and 

- 
(13),  one can o n l y  o b t a i n  es t imates  o f  t h e  ajis, t h e  ;kl~, and - h. l3 1n 

t h i s  contex t ,  i t  would be n a t u r a l  t o  s e t  p = 1, which i s  how t h e  MNL model i s  

u s u a l l y  presented. As noted above, f o r  t h e  Blackburn model one requ i res  t h a t  

p < 1, and one can o b t a i n  a  separate e s t i n a t e  o f  p f rom t h e  q u a n t i t a t i v e  

demand formulas, (14 )  o r  ( 1 5 ) .  Since, i n  t h e  emp i r i ca l  s e c t i o n  o f  t h i s  paper, 

I w i l l  c o n t r a s t  p r e d i c t i o n s  based on t h e  Blackburn mode? w i t h  t b o j e  de r i ved  

from a  pu re  MNL model, i t  i s  convenient t o  s e t  down t h e  formulas f o r  t h e  

we l fa re  measures associated w i t h  t h e  l a t t e r  model. The development i s  t h e  

same as t h a t  lead ing  up t o  (16)  and (17) except t h a t  i t  i s  based on (19) w i t h  
- 
E % EV (1, 0 ) ,  i.e., i t  i s  based on the  standard form o f  t h e  MNL model. For  

- 
t h i s  model, t h e  c o n d i t i o n a l  i n d i r e c t  u t i l i t y  f u n c t i o n  i s  ;. = h y  - Ti. 

1 

Hence, 

and 

( 2 3 )  
= h j  + I T  x + 0.522 . . . i F u l ~ - ' s  cons tant ) .  



Tilarefore, for a ch2rqe from 5 0 )  to ip! ,  bl),!G 

b 5 1 (21) C = E = - ln 
h ( ,  

2 = j exp 
+ yj 

- h p a  t = 0, 1. 

As was n o k d  ab?v;, tne X:!L moeei plays a rola in t n e  two-stage estinati3n 

of the Blackburn model. For simplicity, continue to assume that Y.(b.) = 
J 3 

Zyk bjk. In the first stage, one applies the MNL model to t'7e qualitative 

choice data, based on (13) ,  which yields estimates of the Z . ,  the Yk1s, 
J 

and h. This leaves and e to be estimated in the second stage--the estimate 

of u combined with the first-stage estimates yields estimates of the =.Is, 
J 

the yk8s, and h. There are several options with respect to the second-stage 

estimation. (i) It can be based on (14) and the maximum likelihood zethod or 

on (15) and the regression method; the latter is considerably simpler aad will 

be followed here. (ii) Assuming the estimation is based on (15), this can be 

regarded as a formula for the conditional or the unconditional expectation of 

the quantity demanded. Under the first interpretation, as the expected demand 

conditional on the selection of that brand, the regression model is based just 

on the brand selected-there is one observation per consumer, namely, the 

amount consumed of the brand he actually selects. I shall refer to this as 

the "partial sample" case. Under the second interpretation, as the uncondi- 

tional expected demand, the regression model can be applied to all of the 

brands--there are N observations for each consumer, nar:ely, his consumption 

levels of all brands ( 8  - 1 which are zero). I shall refer to this as the 

"full sanple" case. ( i i i )  The regression can be based on a variety of proba- 

bility dlstrin~tio~s. For eiarnpl-, as an approximation, one might postulate 

t+e lognornal regressieq lmodel 



- 
where x i  is the observed consumption of brand i and w is independently 

2 identical distributed N (0, 5 ). The two coefficients to be estimated in 

(22) are an exponent, corresponding to ( u  - 11, and a constant term, corres- 

ponding to [er (1 - u ) ] ,  from which an estimate of 0 can be derived. In the 

partial sample case, one can take the logarithm of both sides of (22) and 

apply OLS. l5 In the full sample case, the logarithmic transform cannot be 

applled, and one must estimate (22) directly by nonlinear least squares. 

There is notnl+g in this regression which constrains the dependent variable to 

be an integer. An alternative dpproach, which incorporates this constraint, 

is to postulate that the observed delilands, xj, are distributed according to 

the Poisson distribution, with their mean given by (15).  For the full saqple 

case, the Poisson model can be estimated by weighted least squares, as set 

down in [ 7 ]  and [ 1 4 ] .  For the partial sample case, one must employ th? 

truncated Poisson distribution which omits the zero class. This requires 

maximum likelihood estimation, which is the procedure employed in [2]. 

4. A N  APPLICATION TO RECREATION DEMAND 

The purpose of this section is to illustrate the Blackburn model by apply- 

ing  it to data on the demand for water-based recreation sites in the Boston 

area. The dati come from two surveys, both conducted in 1574 and described in 

nr?re d?:ai 1 in [lo]: a surve- 

462 households in tho Boston SYSA to aicertain which 



dgricg the sunmer o f  1974 f o r  s..iisming and beash recreation activites and the 

freqaency of their visitation; and a survey of 33 major recreation sites in 

th. are: to inventory their facilities and collect water sanples for chemi- 

cal arialysis. Kost of the households visited more thin one site, but 105 

households visited only one site. Of these households, there were 83 who, 

, , -;ii.ong hem, viii t ?d  20 sites and .inn t'rx the sanp;e f n r  cne present 3291 !:z- 

tion. l6 These sites, which are listed in the Appendix, include most of the 

important beaches in the Boston area. Each household is conceived of as 

selecting one of the 20 sites and making some number of visits to the site 

over the summer. In the sample, the number of visits by a household ranged 

from 1 to 100, with a median of about 5. 

The utility model is (12). The variables selected for this application 

are described in Table 1. I shall use five measures of site quality. Two are 

measures of water quality, COD and PHGS; another measures nonwater aspects of 

site quality, NUISANCE. l7 The fourth variable, SITE TYPE, is a dumny vari- 

able for freshwater as opposed to ocean sites, since there may be district 

preferences for the two types of site. The fifth variable, MINORITY ATT, is 

intended to pick up racial segmentation in recreation behavior: at certain 

sites in the Boston area, an unusually high percentage of visitors are from 

certain ethnic or racial groups. This phenomenon is handled here by creating 

a d u m y  variable which takes the value 1 if the household is from a racial 

minority group and the site is one of those identified as having a special 

attractiveness to minority groups, and O otherwise. These five variables con- 

stitute the components of b. Folloning the custom in recreation demand 
J '  

sttidi~s, the price v?.riaSle, pj, is taken to b s  th? travel cost, defined as 

estimzttzd road distance fron t$e household's home to the recreation site 
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mu?tiplied by an estimated travel cost of 7 cents per mile (in 1974 

prices). In foc~ulating the msdel, 1 adspt an entirely "genericu speci- 
- 

fication for the - 's, setting a .  = O all j ,  and writing 
#' J J 

( 2 3 )  y.(b.) = COD + y2 PHOS + y3 SITE TYPE + y4 NUISARCE + y5 MINORITY ATT. 
3 J 

Gy p r i ~ r  expectation is that yi, y2, and y4 < 0, y5 > 0, and > 0 3 

or < 0, depending on whether there is a preference for or against freshwater 

sites. In addition to the formulation in (12), where the price coefficient h 

is a constant, I investigated the possibility that households' responses to 

price vary with their education by writing h = h . e 0 this implies 

that the impedance effect of higher travel costs diminishes as EDUC rises. I 

also allowed household attributes to influence the frequency of site visi- 

tation by making the coefficient e a function of t h a e  variables. 

Specifically, 

(24) e = 6 EDUC 1 
0 exp [ 0 2  SWIMPOOL + B 3  AUTO + B4 B KIDS + B5  # ADULTS]. 

My prior expectation is that ol, a4, and B5 > 0, B 2  < 0 ,  and " > or < 0 depending upon whether access to an automobile incr- oases or 

decreases a household's use of public beaches as opposed to other types of 

recreation. 

As formulated, the model's coefficients are r2, 13, ~ 4 ,  ~ 5 ,  

h (or ho), u ,  Q0, 82, B3, B 4 ,  and B 5 -  The first-stage ejti- 

n?tion, consisting of the ~ a x i n u n  likelihood estimation of (13) applied to th? 
- 

qzlitative choice data, yillds estimates of yk = y k f U ,  k = 1, . . . 5;  
- - 

and h = hiu (or ho = h0/u). The resiilis are presented in Table 2. The 

s i ~ m  of thsse coefficients coqforn with JP:? expectatims, and there appears to 



TABLE 2 

Fi rs t -Stage  Est imates oi t h e  C o e f f i c i e n t s  of t h e  Blackburn Xodel 

Coef f i c i en t  ~ s t i i n a t e s "  

a 
The number i n  b racke t s  i s  t h e  a b s o l u t e  va lue  of t h e  t s t a t i s t i c .  

C Pseudo R' s t a t i s t i c  [5, p .  1231, 



be a  d i s t i n c t  p r e f e r e n c e  f o r  sa ! twa t? r  s i t e s  as a g 3 i n s t  f r e s h w a t e r  s i t e s .  The 

s p e c i f i c a t i o n  x i t h  a  v z r i a b l ?  h  1%Js t o  a s l i g h t  i n c r e a s e  i n  t h e  goodness o f  

f i t ;  thus ,  t h e r e  i s  wdak ev idence  t h a t  h o u s e i o l d s  w i t h  a  h i g h e r  e d d c a t i o n  a r e  

d e t e r r e d  l o s s  by  h i g h e r  t r a v e l  c o s t s .  

The c o e f F i c i e n t  e s t i m a t e s  i n  t h e  f i r s t  colurnn o f  Tab le  2 a r e  used t o  f o r m  
- - 

e s t i m a t e s  o f  il, . . ., i and x, which  a r e  i n p u t s  t o  t h e  second s t a g s  o f  N' 

t h e  e s t i m a t i o n  p rocedure .  Here t h i s  i s  based on t h e  lognormal  r e g r e s s i o n  

model, (22), s i n c e  i n i t i a l  e x p e r i m e n t s  w i t h  t h e  Po isson model y i e l d e d  a  p o o r e r  

f i t .  Three  v e r s i o n s  o f  t h e  lognorma l  model were es t imated- - the f i r s t  two 

based on  t h e  p a r t i a l  sample and t h o  t h i r d  based on t h e  f u l l  sample. The r e -  

s u l t s  a r e  shown i n  T a b l e  3. The f i r s t  column shows t h e  r e s u l t s  o f  a p p l y i n g  

OLS t o  t h e  l o g a r i t h m i c  t r a n s f o r m  o f  ( 2 2 ) .  The s i g n s  o f  t h e  c o e f f i c i e n t  con- 

f o r m  w i t h  my e x p e c t a t i o n s .  F requen t  usage o f  a  p r i v a t e  swimming p o o l  and 

access t o  an automobi l .? b o t h  r e d u c e  v i s i t a t i o n  o f  p u b l i c  beaches. Household 

e d u c a t i o n  and s i z e  b o t h  i n c r e a s e  v i s i t a t i o n  o f  p u b l i c  beaches. Household com- 

p o s i t i o n  i s  i m p o r t a n t ,  too ,  s i n c e  t h e  number o f  a d u l t s  i n  t h e  household  a f -  

f e c t s  beach v i s i t a t i o n  more t h a n  t h e  number o f  c h i l d r e n .  The a  p r i o r i  

r e s t r i c t i o n  t h a t  0 < p < 1 was n o t  e x p l i c i t l y  imposed i n  t h e  e s t i m a t i o n  o f  t h e  

e q u a t i o n ;  i t  i s  s a t i s f i e d  anyway, a l t h o u g h  t h e  e s t i m a t e  i s  n o t  s t a t i s t i c a l l y  

s i g n i f i c a n t .  As a  means o f  i n c o r p o r a t i n g  t h e  r e s t r i c t i o n  e x p l i c i t l y ,  I r e -  

e s t i m a t e d  t h e  e q u a t i o n  u s i n g  t h e  T h e i l - G o l d b e r g e r  [22] mixed  e s t i m a t i o n  

p r o c e d u r e  f o r  comb in ing  p r i o r  i n f o r m a t i o n  on  a  c o e f f i c i e n t  w i t h  sample i n -  

f a r m a t i o n .  I n  t h i s  case t h e  p r i o r  i n f o r m a t i o n  i s  t h a t  p l i e s  i n  t h e  u n i t  

i n t e - v a l .  T h i s  can b e  r e p r e s e n t e d  as a  s i t u a t i g n  o f  i n c o m p l e t e  ex t raneous  

i n f o m a t i a n  i n v o i v i n g  a l i n e a r  r e s t r i c t i o n ,  nzae ly ,  a  p r i g r  p o i n t  e s t i x t e  cF 



TABLE 3 

Second-Stage E s t i n a t e s  of t h e  C o e f f i c i e n t s  of t h e  Blackburn Model 

- - 

a Blackburn Model Ad Hoc Xodel 

E s t i o a t i o n  Method 
b 

OLS Mixed . Nonlinear 
C o e f f i c i e n t  OLS Regression LS OLS 

Constant  2.7780 
(3.28) 

SSR 168.31 168.31 81.08 

G 
Using equat ion  ( I ) ,  Table 2 ,  sxpra,  p.  21, f o r  t h e  f i r s t - s t a g e  e s t i n a t e s .  

2 
Kunber i n  parentheses  is  t h e  abso lu te  va lue  of the  t s t a t i s t i c .  

C 
Kot a p p l i c a b l e .  

d 
Square of s imple c o r r e l a t i o n  c o e f f i c i e n t  between a c t u a l  and p red ic t ed  nunber 
of v i s i t s .  

C 
Square of s imple c o r r e l a t i s n  c o e f f i c i e n t  between a c t u a l  c~nd  p red ic t ed  number 
of v i s i t s  but  us ing  log  o f  nunber of v i s i t s .  



1, = 0.5, together with some standard error. Theil a!?d Goidberger susgest a 

standard error of 0.25, which is used here. The resulting coefficient esti- 

m3tes are shown in the second column of Table 3. They are very similar to the 

coefficients in the first column; t$e estimate of p is slightly higher but 

still not statistically significant. 2: 

The constant term in the first two colilmns of Table 3 is an estimate of 

In [eo I' (1 - , ) I .  However, Goldberger [8] and Heien [13]  have pointed out 

that, if one takes the exponential of this estimate, e-g., e 2.448 = 11.5626 

from the second column, it yields a biased estimate of [eg f(l - u , ] .  Ac- 

cordingly, I employed Goldberger's correction factor, which was computed to be 

2.2605." Therefore, I take 11.5625 x 2.2605 = 26.1375 ss my estimate of 

[eO T(1 - U ) ] .  Given the estimate of u = 0.0865, the implied estimate of 

eo is 24.7058.~~ Using the same estimate of r, one can obtain estimates 
- - 

of the parameters y and h from the formulas yk = yk - u and h = h . ,, k 

where ;k and 6 are the first-stage estimates presented in the first colum 

of Table 2. The resulting final coefficient estimates are shown in the first 

column of Table 4. 2 3 

The third column of Table 3 contains estimates of (22) based on nonlinear 

least squares applied to the full sample. The coefficient estimates are 

qualitatively similar to those in the first two coluinns of the table, except 

that the estimate of a4 is now negative. The estimate of u is 0.5129 and is 

statistically significant. The estimate of the constant term, which here 

represents [a0 f (1 - , ,)I ,  is 0.418. Taking u = 0.5129, this implies an 

?stinate G F  0.2299. For o the iilplied estimates of -,, and h ?re sho.in 0' 

in the second column of Tab!? 4. 24 



TABLE 4 

F ina l  Est imates of t h e  C o e f f i c i e n t s  of t h e  Blackburn Model 

a 
Estimates 

Coef f i c i en t  Model 1 b 
Model 2C 

a 
The number i n  parentheses  i s  t h e  abso lu te  va lue  of t h e  t 
s t a t i s t i c .  

b 
Based on equat ion  (2) of Table 3, s t ,  p. 23; t h e  e s t in i a t e s  
of t h e  o t h e r  c o e f f i c i e n t s  of th* model a r e  g iven  i n  t h a t  t a b l e .  

C 
Based on equat ion  (3)  o f  Table 3, ;kTra, p. 23; t h e  e s t i m a t e s  
of t h e  o t h e r  c o e f f i c i e n t s  of t h e  model a r e  given i n  t h a t  t a b l e .  



The overall fit of these two models can be assessed by computing the 

predicted total number of visits to each site by the households in the sanple 

and comparing this with the actual total. The square of the simple correla- 

tion coefficient between the actual and predicted totals for the 20 sites is 

0.407 S3r ti. ?ode1 in tie first c9lumn o f  Tab!? 4 and g.433 for tk node: in 

the second column. The square of the simple correlation coefficient between 

the actual and predicted number of visits by each household to the particular 

site which it actually selected is 0.175 for the first model and 0.365 for the 

second model. By these criteria, the second model--estimated from the full 

sample-is to be preferred; it will be used for the consumer's surplus 

calculations presented in the next section. 

Suppose one did not knor of the qualitative-quantitative choice models 

such as (7) and (8). How else might one have analyzed the beach visitation 

data I shs11 briefly describe an alternative ad hoc demand model, not de- 

rived from any utility maximization hypothesis, which one might think of em- 

ploying in tnese circumstances. I will compare its predictive power with that 

of the two models estimated above. As before, let xi be the number of 

visits by a household to site i ,  The model is 

~{:~i = Pr {household selects site i} 

( 2 5 )  
E {total number of recreation trips by household?. 

The model is superficially similar to (15) and (22), but there are important 

differences. The first term on the right-hand side of (25) is equivalent to 

i P , as gi-4% by (131, and c2n be estimated by +plying I t N L  to the qualita- 

tive choice data. The second term on the right-hand side of (25) comes from a 



regrsssion of the total number of recreation trips by the household on various 

explng3tory variables and can be formul?it?d exactly as in the right-hand side 

of (24). Thus, (25) differs from (22) by the omission of the term 

For the qualitative choice probabilities, I use the coefficient estimates in 

the first column of Table 2; i.e., I use the MliL model in standard form, with 

ii -; ;, ~ased on the g2neric specification ( 2 3 ) .  For t5e szcand part of the 

model, I regress the total number of recreation trips by each household on the 

right-hand side of (24) ,  taking the logarithm of both sides and applying OLS. 

The results are shown in the last column of Table 3.26 Then, using (25), I 

predict the number of trips by each household to each site and sum this over 

all households. The square of the simple correlation coefficient between the 

actual and predicted total number of visits to each site is 0.413. The square 

of the simple correlation coefficient between the actual and predicted nunber 

of visits by each household to the particular site which it actually selected 

is 0.068. By these criteria, one may conclude that this ad hoc demand mods1 

is inferior in its predictive power to the qualitative-quantitative choice 

model in the second column of Table 4. 

5. BENEFIT ESTIMATION 

In this section the fitted qualitative-quantitative choice model in the 

second column of Table 4 will be used to calculate two sets of benefit meas- 

ur2s. The first set deals with the benefits from improving water quality. I 

simulated the effects of reducing eitber COD or PHOS at each site taken 

separately; I considered both a 10 pxrent and a 550 percent reductian in these 

vsri3oles. Tne benefit to each household was calculated from formula (17). 

S i ~ c e  households vary in thoir location aqd socioeconomic characteristics, 



they do not rec?ive the srae henzfit f r w  a given reduction in COD or 2F0S at 

a particuiir site. To savz space, only the zvzrege benefits per household are 

presented in Table 5. Thus, the first entry states that the average ben%fit 

pat bo,~sehoi,3 fron a 10 percent reduction in COD at site i is 12.3 cents. In 

fact, the minimum benefit to a household is 0.7 cent;, and the maximum is 

$1.57--the standard deviation is 2 i  cents. A sinilar vdriati~n underii-s t h ?  

other entries in the table. Note that these nurnhers are not the benefit per 

visit but the total benefit over the whole summer recreation season-the num- 

ber of visits by each household to the recreation site is already incorporated 

in formula i17). Note, also, that th. benefits from a 50 percent reduction in 

pollutants are generally more than five times the benefits from a 10 percent 

reduction; this reflects the nonlinearity of the under-lying demand model. 

In addition to generating estimates o f  the benefits from a change in site 

quality, th? qualitative-quantiativc choice mi;del can be used to generate an 

estimate of the consumer's surplus from each site, i.e., the benefit frcm the 

mere existence of the site analogous to the Marshallian triangle under a de- 

mand curve. The idea behind this calculation is that, if a site were to be- 

come unavailable to a house+old, this would be equivalent to an increase in 

its price from the current level to a level at which the household's demand 

for the site would fall to zero. One measures the benefit to the household 

fro% the existence of the sit? as the benefit of a price change from the 

zero-visitation level to the actual level for that household, usiog [IT). 

There is one qualification: in the Blackburn model a price of infinity would 

be reqiiirzd to +ivc a hoiisehold's expected demand for a site to zc-o--in 

effect, the demand curve is asyrnptcitic to th? vertical axis. Therefore, I use 

a cut-off price such that each household's probability of visiting the site 



Average Benef i t  Per  Household from a 10 Percent  and 50 Percent  Reduction 
i n  h-ater P o l l u t a n t s  Based on t h e  Blackburn ~ o d e l "  

Bene f i t  from 10  Percent  Bene f i t  from 50 Percent  
Reduction in :  Reduction i n :  

S i t e  COD PHOS COD PHOS 

c e n t s  

a 
Based on Zfodel 2 ,  Table 4 ,  S;i;Fz,  p .  2 5 .  

b 
KO b e n e f i t  s i n c e  COD a l r eady  i s  zero a t  t h e  s i t e .  



falls to an arbitrarily s.zal1 (but noozero! level. 27 Tile results are shown 

in the first column of Table 6. These figures are the average consumer's sur- 

plus per household from each site. The first entry in the table states that 

the average consbner's surplus from site 1 is $1.45 per household, The mini- 

. . 
-I , -?  ,,,.,, f?r  this s ; ~ e  far my house'?ol3 is 7.6 cznts, 2nd the maxi~um is 318.94; 

the standard deviation is $2.46. The mean consumer's surplus per hoiusehold 

over all the sites is about 54 cents. Note that these figures are consumer's 

surplus per summer recreation season. Most previous estimates of the con- 

sumer's surplus from recreation sites have been couched in terms of the bene- 

fit per household visit or per visitor day. In order to compare my results 

with these estimates, I divided the total consumer's surplus for each site by 

the predicted total number of visitor days at the site, using the total number 

of household visits at each site predicted by the model and survey data on the 

average number of persons in each household's party when it visits a site. 

The results are shown in the second column of Table 6. The average over all 

sites is 17.4 cents per visitor day. 26 

Finally, suppose that one had employed the ad hoc demand model, ( 2 5 ) ,  in- 

stead of (12 ) .  How might one calculate benefit measures from price or quality 

changes with this model The logic of the mode? is that price or quality 

changes influence site selection probabilities--the first term of the right- 

hand side of (25)--but not total household recreation activity--the second 

term in (25). Consider, first, the effects of a change in the quality of a 

site. Each t i ~ e  a household selects a recreation site, i.e., each time it 

n:?Ges a recreation trip, it reaps s o w  benefit fron the change; this benefit 

is given by formula (21). Ovzr the entire siimer recreation szason, th? total 



Averags Consmer ' s  Surplus  P e r  Household and Per V i s i 3 r  Day 
For S i t e s  i n  t h e  Boston Area 

. . - - - -. --- -- - 
Blackburn 310dels Ad Hoc l$odelb 

Consumer's Surplus  Per:  Consumer's Surplus Per:  

S i t e  Household V i s i t o r  Day Household V i s i t o r  Day 

d o l l a r s  c e n t s  d o l l a r s  c e n t s  

- 
"5ased on Model 2 ,  Table 4 ,  sx;;rs, p. 25. 

b 
For explanat ion ,  s e e  <n:ro, p .  32. 



bsnefit to the ho:seiold is obt2ined by rliltiplying this benefit per site 

choice by the h3useholl's total n u ~ b n r  of recreatian trips for the seasofi. A 

similar procedure may be employed for calculating the consumer's surplus from 

a site defined, as above, as the househ31dis benefit frcm a hypothetical price 

change from the zero-visitation level to the actual level for that household. 

Again, I use a cutoif price sucn that cc.2 h3uszholu's probabiiity of visiting 

the site falls to an arbitrarily small but nonzero level. Application of 

formula (21) yields the consumer's surplus per site choice, and multiplication 

by the household's total number of recreation trips yields the total 

consumer's surplus over the summer recreation season. This exercise was 

performed using the coefficient estimates in the first column of Table 2 and 

the actual total number of recreation trips by each of the 83  households. The 

average household's consumer surplus for e3ch site is tabulated in the third 

colgmn of Table 6. The first entry in the calumn shors that the average 

consumer's surplus from site 1, using the ad hoc demand model, is 89 cents per 

household. The average over all the sites is about 38 cents per household. 

These figures may be converted to a per visitor day basis by dividing the 

total consumer's surplus for each site by the actual total number of visitor 

days at the site. The results are shown in the last column of Table 6; the 

average consumer's surplus over all sites is 17.6 cents per visitor day. 

Thus, although the ad hoc demand model is conceptually distinct fro* the 

Blackburn model, it yields siailar estimates of consumer's surplus per visitcr 

d-y. 29 It  is izpnssible to make a precise comparison of these estiwites 

with the other esti3ates which have appeared in the recreation demand litera- 

td- b ? c z j r e  O F  diffetscce~ i r r  th? ti-e and geo~riphic31 location of t h ?  



study, the type of water-based recreation activity enconipassed, and the 

rnsthodology used for modeling d?rnand and estimating consumer's surplus. 

Ho+isvtir, a rough comparison may be made, The project e;.altiation guidslines 

promulgated by the Water Resources Council in, 1973 specify a range of values 

of 75 cents to 82.25 per visitor day for general water-based recreation [23]. 

This range is broadly consistent with the findings of recreation demand stud- 

ies reported in the literature. In [lo], 11 studies are summarized, conducted 

mainly in the 1960s and early 19708, which generally yielded consumer's sur- 

plus estimates either in this range or higher. In particular, Burt and 

Brewer's [3] estimate of consumer's surplus for three hypothetical reservoirs 

near St. Louis comes to $2.43 per visitor day. If my results for the Boston 

area can be extrapolated elsewhere, they would suggest that the values per 

visitor day now widely used for recreation benefit evaluations are signifi- 

cantly exaggerated. 

6. CONCLUSIONS 

The purpose of this paper has been to describe some empirical demand 

models which can be applied when a consumer makes both a qualitative choice- 

which one of N items to select--and a quantitative choice--how much of the 

chosen item to buy. Standard quantitative demand models, such as the linear 

expenditure systsm, cannot do justice to the qualitative nature of these 

choices. Quanta1 choice models, such as Wii ,  cannot accommodate their qiia~ti- 

tative aspect. The Tobit model and its generalizations capture both features 

but da not integrate them into a common utility maximizatioii framework. 

Therefore, th.e demand mod?ls described here fill a gap in the literature. 

N5reover, by deriving these models froa an explicit utility maximization prob- 

lzn, fron the fitted demand functions I can ccnstruct exact keliars me3sures 



for changes in ths prices or qualities of the items in the choice set. The 

Blackbtirn m l e l  on which I f-cus in the eqirical sections of the paper is 

restrictive in th3t it i~plies zero income elasticities of demand for the 

bra!ided items. In this partic-ulzr application, ho'*~ever, this may not be an 

unreasonable restriction: the results in [4], as well as my own data, provide 

strong evidence that the demands f o r  individual recreatinn sites are n a t  re- 

sponsive to ho~sehold income. The other demand model described in this 

paper avoids this restriction, but it is more complicated to estimate. The 

main substantive results of the empirical application are the finding that 

certain aspects of water and beach quality at recreation sites significantly 

influence recreation choices, and the estinates of consumer's surplus which, 

if they can be extrapolated to other urban areas, imply strongly that the 

Water Resources Council's guidelines for valuing a general recreation day are 

excessive. 

University of California, Berkeley 



The sites included in th? empirical analysis (and their location) arc: 

Lynn Beach (Lynn). 

Nahant Beach (Nahant). 

Revere Beach (Revere). 

Constitution Beach/Orient Heights (Boston) 

Castle Island (Boston). 

City Point (Boston). 

L&M Street Beaches (Boston). 

Carson Beach (Boston). 

Malibu Beach/Savin Hill (Boston). 

Tenean Beach (Boston). 

Wollaston Beach (Quincy). 

Nantucket Beach (Hull). 

Wingaersheek Beach (Sloucester). 

Crane's Island (Ipswich). 

Plum Island (Newberry). 

Duxbury Beach (Duxbury). 

White Horse Beach (Plymouth). 

Wright's Pond (Medford). 

Walden pond (Concord). 

Cochituate State Park (Hatick). 

The ldst thrsci are freshxater beaches; th? others are all saltwater ocean 

beaches. 



1 I wish to thank Professors n ? ? a  Jor~erscr and Robert Dorfnan for their 

generous assistance in supervising the dissertation on which this paper is 

based. I an grateful to the U. S. Environrental Protection Agency for fiinding 

the collection of the ddta used in thn expirical portion of the paper. 

 or an excellznt survey of quanta1 choice models, see [18]. 
30n the latter point, see [16]. 

4~ tilde will be used to denote a random variable or function. 

 nothe her utility function with the sane property is 

which appears as a numerical example in [ 2 0 ] .  

%he domain of + ( . )  depends on the specification of g(.); its range is 

(0, 4. 

7 ~ t  should be noted that the decomposition does - not apply to the general 
- 

"ruled indifference surface" model presented in [ 2 0 ]  in which ;. = 6 .  
J J 

(bj, 2 ) .  

- 
8 ~ h a t  is, Pr;c j  5 s) = erp 1-?xp [ - ( s  - n.)/~]]-. 

J 

'in [I],  the function g(') itselF contains a stochastic term and i s  de- 
- -. - 

finnd by g ( s )  = s [l + In e - $ - In sj. In [2], the random coefficient a is 

elininated. I shall focus on ths lztter model. 



"'Blackburn never explicitly presents this fop;.ula for his utility func- 

tion; instead he gives a formula for similar to ( 1 2 h )  and a formula for 
j 

$!(') frcn which c j l " )  can  be obt3ined by iritegration. There are some sn-11 

differences between Slackburn's implicit utility function and (12): his 

y . ( b . )  is the negative of mine, and he makes h and e functions of charac- 
J J  

teristics of the individual consumer. Tne latter modification is introduced 

in the next section. 

'l~ompare (13) and (15) with equations (3.17) and (3 .14)  of [2], noting 

that (i) Blackburii's C. corresponds to my n.; ( i i )  his x corresponds to my 
J J 

h; ( i i i )  he writes u = h/S, where 5 is the coefficient to be estimated; and 

(iv) his r.(b.) i s  the negative of mine. Note that he actually writes the 
J J  

g a m a  term in (15) as r[(h/~) - 11 instead of ??[1 - (h/S)], which appears to 

he an error. 

'?The question of welfare measures for price or quantity changes i s  not 

addressed in [1, 21. Note that, in the present case, tht range of u. is 
1 

(hy, m )  - 
13 An additional normalization is required in estimating (13) since it is 

invariant to multiplication of both the nirmnrator and denominator by e5, for 

an arbitrary constant 6 .  An appropriate normalization would be to set a. = 
J 

0 for one index j. 

lL'~his can be s h w n  to be equivalent to equation (4,103) in 151. 

15 This procedure yields biased estimates of the constant term; this bias 

and the method of correcting it are discussed in the next sectioo. 



16~i . ie 106 househo lds  v i s i t e d  30 s i t e s  a l t o g e t h e r .  E i g h t  r e l a t i v e l y  l e s s  

i a p o r t a n t  s i t e s  had t o  be o s i t t e d  because I had fio d a t a  on the i r '  w a t e r  

q u a l i t y ,  wh ich  l e f t  22 s i t e s .  The TROLL program f o r  e s t i m a t i n g  t h e  MNL model 

w h i c h  I used c o u l d  o n l y  h a n d l e  Fi - i 20. T h e r ? f o r e ,  two more s i t e s  were 

o in i t t ed .  

1 7 0 t h e r  w a t e r  and nonwater  q u a l i t y  a t t r i b u t e s  were t e s t e d  b u t  were f o u n d  

t o  be h i g h l y  c o l l i n e a r  w i t h  t h e s e  v a r i a b l e s .  D e t a i l s  o f  t h e s e  t e s t s  and o f  

o t h e r  e s t i m a t i o n  r e s u l t s  n o t  d e s c r i b e d  h e r e  a r e  p r o v i d e d  i n  [lo, c h a p t e r  73. 

l a u n l i k e  some r e c r e a t i o n  demartd s tud ies ,  I d i d  n o t  i n c l u d e  a  t i m e  com- 

ponen t  i n  t r a v e l  c o s t .  The d a t a  do n o t  i n d i c a t e  how many a d u l t s  o r  c h i l d r e n  

were i n  t h e  p a r t y  v i s i t i n g  t h e  s i t e ,  n o r  whe the r  t h e  t r i p s  were made on week- 

days o r  t h e  weekend. I t  seems i m p o s s i b l e  t o  d e r i v e  any reasonab le  e s t i m a t e  o f  

t h e  shadow p r i c e  o f  t h e  t i m e  spen t  v i s i t i n g  t h e  s i t e s .  

1 9 ~ h e  h y p o t h e s i s  t h a t  t h e  c o e f f i c i e n t s  and B~ a r e  equa l  c o u l d  b e  

r e j e c t e d  a t  t h e  .9 l e v e l  b u t  n o t  a t  t h e  .95 l e v e l .  

2 0 ~ h e  h y p o t h e s i s  t h a t  t h e  p r i o r  and sample i n f o r m a t i o n  a r e  m u t u a l l y  con- 

s i s t e n t  was t e s t e d  u s i n g  T h p i l ' s  1211 c o m p a t a b i l i t y  s t a t i s t i c  and c o u l d  n o t  be 

r e j e c t e d  a t  t h e  0.9 l e v e l .  

00 2 1 ~ n  t e r m s  o f  G o l d b e r g e r ' s  n o t a t i o n ,  h e r e  s2 = 2.2146, rn = 0.2558, 

cw = 0.82408, and v  = 76. 

" ~ i n c e  t h i s  e s t i m a t e  i s  a  h i g h l y  n o n l i n e a r  f u n c t i o n  o f  t h e  e s t i m a t e s  o f  

u and t h e  o t h e r  c o e f f i c i e n t s ,  I have n o t  a t tempted  t o  a p p r o x i n a t e  an e s t i m a t e  

o f  i t s  v a r i a n c e .  



23~he variances of these estimates z n d ,  hi.nce, the t ststistics are 

2 calculated froin Goodman's [ 9 ]  formula: Li(xy) = E ( x )  V(y) + E'!~) Vjx) + 

- 
Vix) V(y). The formula is applicable only if the estimates of ;k or h and p 

are stochastically independent; this is not strictly true since the estimates 
- 

of 7 . h are inputs to the estimation of p .  Nevertheless, it seems 
' X  

reasonable as an approximation. The large variance of the estimate of i s  

responsible for the relatively low t statistics appearing in the table. 

24~he t statistics are calculated i n  the same way as for the first column 

of the table. 

25~part from the fact that there are 20 alternatives (sites) instead of 

2, this model is a special case of the general limited dependent variable 

model presented in [17,  p. 3581. In the notation of that paper, I am assuming 

that = e2, which results from the generic specification of site demand, 

and a l e  = u = 0 .  2 E 

26~or the same reasons as before, the estimate of the constant term in 

the table must be adjusted by Goldberger's correction factor. In this case, 

s2 = 1.0668, moo = 0.31212, cw = 0.36692, and :, = 76; the correction fac- 

tor is computed to be 1.4408. 

2 7 ~  use a cutoff probability of 0.0008, which is the smallest value in 

the matrix o f  predicted site visitation probabilities. The results are not 

very sensitive to this choice of a cbtoff probability; some experiments show 

that reducing it by a factor of 10 changes the average consumer's surplus for 

a site by well u d e r  1 cent. 

2 3 For some sites, the estimated consumer's s~rplus per household is less 

than th? consuiner's surpliii per visitor diy. This occurs bzcause the model 

predicts a total season deiiidnd of less t h m  o9.e visitor day for these sit?s. 



40 .  

29~he s i r p i c  correlation coefficient Setscisen the first and third colsmns 

of T a b l e  6 i s  0.951; that te?.,!ien the  second and fourth colunns i s  0.843. 

30~his is after taking family size into account, which i s  correlated with 

hogsehold income. 
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