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A QUALTTATIVE-QUANTITATIVE MODEL COF CONSUMER CHGICE
WITH AN APPLICATION TG RECREATION DEMAND

By W. Michael Hanamannl

1. INTRODUCTION

The davelopment of the mulitinomial logit (MaL} model and, subseguently, of
pther types of the quantal choice model has significantly improved the set of
tools available for the empirical analysis of consumer demand.2 With these
models, it becomes possible to analyze purely qualitative data on consumer
choices—e.g., the choice among alternative brands of a commodity. In some
cases, however, it would be usaful to have a model which permits both gualita-
tive and quantitative choices--e.g., a consumer selects one brand of a com-
modity 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 [20]. My concern here 1is with the empirical
formulation and estimation of such models. 1 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
madeis to micro data on the visitation of recreation sites in the Boston area.

The existing literature contains several statistical modals for the analy- .
sis of gqualitative-guantitative or "mixed continuous/discrete” dependent
variables, starting with the Tobit medel and its subseguent geperalization by
Heckman and others (see, for example, [127 and [17]). An important practical
feature of the Yatter modeis is that thair estimation can coften be dascomposed

into two stages, one based on the qualitative choice and the other based on ihe



quantitative choice. However, in these stabistical models the qualitative and
quantitative choices are not integrated in the sense that they do not both
flow from the same underlying utility {(or production) function. Duncan's
recent work [6], which is set in a production context, partially rectifies
this. In his example, the qualitative element is the choice of a location at
wnicnh to produczs, and the gquantitative slement is the lavel of inputs and out-
put at that location; both choices are hased on the same underlying profit
function. One question is still unresolved: how does the qualitative choice
arise or why is the economic agent Ted to a corner scolution for his maximiza-
tion problem In some cases the corner solution is logically necessary be-
cause the gualitative 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 due 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
Puncan’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 subjsct of two
previcus 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 whfchl
may differentiate the sites, and it is not directly consistent with a utility
maximization model.3 In both cases, the fitted demand functions are used to

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



in the pricss of recreation sites dus to the opening of a new site. However,
since the damand functions are not consistent with a utility model, this esti-
mate is not exact. Moreover, since the demand model does not explicitly in-
corporate site gquality, it cannot be ussd tq construct welfare measures for
changes 1in quality rather than price. The demand model estimated in this
paper will remedy both of these defects.

The organization of the paper 1is 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 guantitative 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 [1, 2], and explains its relation to the MNL model, It
turns out that, when slightly reparameterized, Blackburn’s model subsumes the
MNL model and extends it in a natural manner to qualitative-guantitative
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
hypethetical price and quality changes. The resulting estimates of consumer's
surplus per visitor day are feuné to be significantly smaller than those cur-

rently used for recreation planning. In both sections the model 1is contrasted

with an ad hoc demand model, not strictly consistent with a utility maximiza-
tion hypothesis, which is a simplifiad version of the statistical model in
[17]. The latter model is found to fit the data somewhat Tess welil than the

utility-theoretic demand model. The conclusions are summarized in Section 6.
2. GENERAL STRUCTURE OF QUALITATIVE-QUANTITATIVE CHOICE MODELS

In this section I shall discuss how one might formulate qualitative

gquantitative choice models which can be estimated empirically. In these




models 1 assume that the gualitative choice is restricted to the selection of
only ons of the differentiated goods avaitable. This i35 a special case of a
more general corner solution model in which the consumers may select any
subset of the differentiated goods--not necessarily one of them and not
nacessarily all of them. The general corner solution problem is considerably
mors difficult to formulate empirically. 1In [10, pp. 153-1617 1 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 o (pi, o e ay pﬁ), the price of the composite commodity is Pys and the
consumer's income is y. The arguments of the consumer's utility function are
X = (Xl’ . e ey xN), z, and b = (blk’ e e es bﬁK)’ where bjk is the
amount of the kth quality characteristic associated with a unit of consumption
of brand j. Let bi = (bjl’ A, ij) be the vector of characteristics
(attributes) of good j. 1 assume that they enter the utility function through

aggregator functions, ¢, = ¢.(b;). Thus, the utility function may be

3 NS
written compactly as u (x, ¢, z). The choice variables are (x, z), and the
utility function is quasi concave in thess variables; the consumer maximizes
it subject to the budget constraint y = ij xi * P, Z-

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

quantitative ordinary demand functicons which arise as a corner sglution to



this utility maximization problem, it is necessary to introduce a stochastic
elemant into the utility function. In ths models to be presented below, this

will bz done by making the aggregators random functions of their arguments,

%j = ds(bj).é This can be rationalized in three ways, which have dif-
ferent implicaticns for the formulations of the aggregator functions:
(1) Yarying Preferences--each individual has specific tastes, but tastas vary

across consumers. This could be represented by

a~

(1) $.= Iy b

J jk

in which the weights placed on different characteristics vary among consumers

or by

(2) 85 = - o (3 - by)°

which implies that, for every atiribute, there is an “ideal" level of the at-
tribute for each individual, ;k’ which varies among individuals; consumers
seek to minimize the weighted distance between actual and ideal attribute
levels, (i1) Pure Probabilistic Behavior--tastes vary randomly, not only
across individuals but alsa, for a given individual, across alternatives.
(111) Unobserved Attributes of Alternatives—the presence of unmeasured at-
tributes of alternatives induces an element of randomness in ghserved de-
mands. In practice, cases (ii) and (iii) are usually indistinguishabie and

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

w

Combinations of the thres cases are also possible. In the quantal choice

literature, Hausman and Wise [11] present examplas of (1) and (3, bassd on



the multivarizte normal distribution, and McFadden {18, 19] works with (3} and
the extreme value or gsneralized extrems value distributions; (2) appears in
[20] with the uniform distribution and, implicitly, in [15]. Whatever the

specification of the random component in the éj’S, it induces & cumulative

joint distribution function denoted below by F, (tys o v oy tﬁ)-

Assuming that the form of utility function u = u (x, @, z) is such as to
insure a corner solution, one may proceed as follows. Suppose the consumer

selects brand i. Set Xy = 0, j 4 i, and maximize utility subject to the

budget constraint with respect to (x z}. This yields the ordinary demand

1‘3
functions for X and 7z conditional on the choice of brand i. Substitution

into the utility function yields the indirect utility function conditional on

the choice of brand 1, ﬁi = vy {p;» Pys Ei, z). The brand chosen is
that which solves:  max {Gl, . QM} . Denote the value of the
h|

maximized indirect utility function by u*. Let Fu (Ul’ . e ey UN) be

the joint cumulative distribution function (c.d.f.)} of the Gj‘s induced by

F¢(°), and et F; (ui’ e ey uN) be the partial derivative with

respect to the Zth argument. In general, these are functions of (p, b,
i

g (oo u) E P il =, U, <u j 4 i} may be con-

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

P, y). F

bilities are given by

(a1 p' = pr {i chosen) ;,/F F; fu, ..., u) du.
Mote that Fu {u, . . ., u), regarded as a function of a single variable, is

—~ E)
the c.d.f. of u*. Than Fu (u, . . ., u}, the derivative of this functisn



)

(5) uF J/‘ u t Feo{u, «on, u) du

is thas expected wvalus of the maximized indirect utility function. To em-
phasize its dependance on these varizbles, [ will write u* = ¥* (p, b,
P y). This function can be employed to construct monetary measures of the
welfare effacts of a change 1in the prices or gualitiss of tne available
brands. Suppose that prices and qualities change from (pO, bg, pg)
to (pl, bl, pl) . The compensating variation measure of the welfare

z
effects of this changs is the quantity, {, which satisfies

- 1 —
(62) v* (pl, !, Py ¥ - C) = V¥ (?O, o, pg, y),

while the egquivalent variation measure is the quantity, [, which satisfies

{60) v* (;1, bi, p;, ) = V¥ (pg, bQ, pg, y + a .

In order to develop the probability formuilas for the quantitative choices
of the branded and nonbranded goods, one needs to specify further the struc-
turea of the utility function. [ shall discuss two formulations (each unique

up to a monotens-increasing transformation):

(7) u (x, 8, z) =g {Ex;) + I, x, +hz  g" <0, h >0

(8) u(x, 8, z) =1 (28, x5, 2).

By inspection, it can be seen that, when these functions are maximized sub-

ct to the budget constraint, they each have a corner solution in which only

[y

J

one hrand is selacted.?



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

Blackburn's models [1, 2]. It may be rewritten as

i 7Y - N+ htd o ¥ X
u {x, ¢, z}) =g (EXJ} [p 5 i xé]

z
where ;i - Epj/pz - éj/h]. The ;5‘3 can be regarded as ‘“general-
jzed" or "quality corrected" price ratios. If the §j's are all different,

the consumer selects only one brand—-that with the Towest .. Conditional

on the selection of brand i, the ordinary demand function for the branded good

is Qi = gﬁ(h%i) where ¢ = {g‘)“l, and the ordinary demand function for

the composite commodity is z = [y - p; U (h%i)]/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 1its budget share. Define %j = h%j. Let FT (tl’ . e ey

tN) =Pr Ty > b ae s Ty > B s the joint c.d.f. induced by

Fﬁ(‘)’ and let F] be the negative of its partial

T %)
derivative with respect to the <Zth argument, i.e., F% (tl, e e ey

(tl’ R

N) i ?j > tj J 4 1i}. The gualitative choice proba-

bitities in this model are given by

t EPr{ﬂ- -t

(9) pl . _[m FL(t, ..., t) dt.

In order to deriva the gquantitative choice probabilities, continue to regard
FT (t, . . ., t} as a function of a single variable and make the change
of variable from t to Zi5(t).6 The probability density function [p.d.f.)} for

X5 conditional on the choice of brand i, is



fvy = 'Y - % 7 om o= 0 ;0
fx"x, Pr X, o= X, 7 5 . xJ 0 F # i
i z
(10)
T 1, et ol
= Fr ¥ X, e T —& |
Note t’nate@"}“(-} z g'{-). The conditional {and upconditicnal; =xpactation
of the quantity demanded is
(11} E{x.} = f x « £ (x) dx.
i 0 X

The formulas for the Gj's, and their joint c.d.f. will be given in the next
section for a particular specification of g(-).

The utility function (8) is a simplification of the “ruled indifference
syrface” model presented in [20]. Here the function u {tI, tII) is a
standard quasi-concave neoclassical utility function of two arguments. {et

- \ _I
TN TR S R

(Pys Pry» ¥)s and ¥ Py, pygs ¥) b2 the
ordinary demand functions and the indirect utility function associated with
g (*, *). Define ;j = pjlﬁj, If the §j's are all different, the
maximization of (8) leads to the selection of a single brand--that with the

Towest %i' Conditional on the selection of brand i, the ordinary demand

function for the Dbranded good s X; = h{ (wﬁ, P,s y)léi, and the
ordinary demand function for the composite commedity is Z = pll (;i’
Pys y}. In general, these demand functions will exhibift nonzero incoms
elasticities of demand, dapending on the form of v(*]. Let F?T {ﬁl, C e ey
m) =P o{ap > w, .., T > ﬁﬁ} be the joint c.d.f. induced by

F¢(°), and  let Fl (wl, v e s xﬁ) be ths negative of its derivative



this model are given by (9), with F;(-) substituted for F}('}. By
writing the conditional ordinary demand function for the branded good in the
..I (

form ;i = G {ry) = . = h

~
i

s P, Y)lpy, one can make the

change of variable from « to y(s) and obtain the p.d.f. for ii conditional
on the choice of that brand. The fcrmé1a is similar to (10}, with F:(‘)
substituted for F%('). l.ikewise, the formula for the conditional and
unconditional expectations of the demand for the branded good is similar to

{11). The formula for the joint c.d.f. of thes Gj’s, F (*), fis obtained

from Fv(-) by change of wvariable, based on the relation Ei "

v {ris By Y

In order to implement these models, one needs to specify the form of the
random functions 53(bj) which, in turn, invoives picking one of the speci-
fications, (1), (2), or (3). For (7), one also needs to specify the form of
g(=}; and, for (8}, one needs to specify the form of T{*}. Both modeis have
the property that their estimation can be conducted in two stages. In the
first stage one applies the data on gualitative choices to. the gualitative
choica probability formulas, (4) or (9), to obtain estimates of the coeffi-
cients of the 5j(bj) functions. This can be accomplished by using exist-
ing computer routines for the maximum likeTihood or minimum chi-sguared
estimation of qualitative chojce models such as MNL or multinomial probit,
depending on the assumed distribution of the Bj's. In the second stage, one
estimates the ramaining cosefficients of the utility function by applying maxi-
mum 1ikelihood to the guantitative choice probabilities, (10}, or, more sim-
ply, by Jleast-squares estimaticn based on the expected guantity-demanded
formula, (11). Thus, by virtue of the decomposition, thase qualitative-

quantitative choice models can be estimated with existing scftware,7 The



B
(W]
-

estimation procedure is illustrated below for a particular specification of
the utility modal (7). 1t is also being applied to the utility model (8}, but

this will not be reported heare.
3. SPECIFICATION AND ESTIMATION OF BLACKBURN'S MODEL

In this section I describe the estimation of & particuilar version of the
qualitative~quantitative choice model (7] due to Blackburn [1, 21. 1 also
contrast this model with the MNL qualitative choice model which it subsumes
and extends to quantitative cheices. Both the Blackburn and MNL modails employ

specification {3) for the ﬁj(b.} functions, with the Ej’s independently

J
distributed according to the extreme value (EV) distribution with parameters

8

~

(v, «.), uw > 0.° Hence, one can write 5j = a;, * y:(b.) *+ e, where

J 3 j)
£ is EV fu, 0}. It will be shown below that the MNL model is obtained by

L]

omitting the g{*) function from (8). In the Blackburn model, gls) =

s [1+Ins - In s], where & is a positive constant.g At this point, one

can set p, = 1. Thus, Blackburn's utility function 1’5:}“O

(12a) u {x, d, 2) = ij [T +Ine -1In Exj] + hy - ETj X
where

L Fv-g -‘-’: P -b-)—-.-«-‘v,
(12b) T2 hTg = hpy - vylb) - ey~

The unknowns in the model are e, B, the coefficients of the N functions

yj{bj), y, and Bys - - .5 Ty I will define the following terms for
ity s, let k. = w. + v.b.) - hp.: then, T. = - K. - .
future usa L2 <5 55 Y3€DJ; Py en, ?J Ky €
K <



Given that ¢ is EV (u, 0), the joint c.d.f., Fo (t;, . . ., ty) =

: ‘ir‘ + !'{ i
Pr {il >y, o .oy Ty o> byl taxes the form

) (wt-)zﬂ
exp [:Ea 3 .

Eltet!“ exp [-ie

-1
-
——
o
[
-
o+
=
e
il

Thus,

>

t/u].

Accordingly, the qualitative choice probabilities, Pl Z pr {4 chosenl}, are

given by
i = ;i t/ -t/
Pl = ,/ﬂ —e Hoexp [-ae""H] dt
= ~/» r. e téd
0 i
(13)
i
By
exp il+ Yi{b'I) _ hp-i
= Ly ‘Eb ) hu .
o Y . p
L exp [mi TR R . _mﬂ]
11 u 1

To obtain the quantitative choice prcbabilities, note that the conditional
- -T.
ordinary demand function for the branded good is ¢ {Ti} -~ ee | Thus,

wﬁl{x) - Ine - In x. Accordingly, the formula for the p.d.f. of Ei’

conditional on the choice of that brand, corresponding to (10}, is

9”!‘ exp [wiell“ x'lfﬁ}.



e
™2
»

Hence, the expected guantity demanded is

3. olfv =
Eixy} = ——— f I exp [-xet ¥ x4 ax
M 0
) G
115 -5 etE Rel/ r(l-u)

- Hg

It

oT (1 -y) %, 3 {u-1)

where it is reguired, in order for the integral to converge, that u < 1.
Since the EV distribution implies that y > 0, the overall requirement is that

0« u < 1.11

To motivate these sign restrictions, consider the following qualitative
analysis of the demand formulas {(13) and (15). Suppose there is an increase
in the attractivensss of brand 1 aTone~~p1 falls and/or bl rises. This
raises 31 and 7\, but not Kj, j > 2. 8y (13), this raises P1 and 15wers
Pj, i > 2. Furthermore, by (15), since u > 0, it raises the expected con-
sumption of brand 1, E{xl}; and, since u < 1, it lowers the expected con-
sumption of other brands, E{xj} j > 2. However, the fall in the consumption
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, IE {xj} = B
{1 - u) 2%, rises. A1l 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 the EV distribution. This is the In-
dependence of Irrelevant Alternatives Property: the ratio E{xi}fi{xj} =

plypd - “ii,f‘;i is independent of (p,, by), 2 4 1, i.
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In order to derive the unconditional expected value of the indirect util-

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

tional ordinary demand function into_(12) to obtain the conditional indirect

utility function,

1

) T,

uy = hy + oe = hy *+ & - 55,

say. 12 Note that

FQ {s} = Pr {Qj < s}t = exp [-%, 5“1/“}. Then,

i

-
g
=
“
.

-
ol
—

f

- hy
. J
Qj e

. -1/
exp [:T'(Ewéwﬁgi %] .

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

obtains

(16)

u* =

It

J(wéwim (hy + o] o (Fd /u exp {mlm"lf“] dus
0

hy + of (1 - y) 3%

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

tions, (6a, 6b).

Su

ppose that the prices and attributes of the set of branded

goods change from (pD, bo) 1o (cl, bl). Then

c-E-2 (- [ -G ]

I R
= Zexp u ’ t =0, 1.
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The egquality of the compensating and equivalent variations should causes no
surprise since it was noted above that the conditional ordinary demand func-
ticns for the branded goods impliad by the general utility modal {7} all have
zers  income elasticities of demand. Hence, the ordinary and compensated
demand curves caincide. This also imp}ieé that the welfare measures can be
reprasented as areas ynder ordinary demand curves. For simplicity, suppose

that the price and attributes of only good 1 change from (p?, b?)

to (p%, b% ) . Let :(1) = x - 11. Thus, El changes  from
2? to E%, while 3(1\ stays constant.  From {17) and (15}, one
chtains
',;O u EI u
C=F=-2-T (1 -y (e1+i )——(e1+1‘ )
T T ThT ¥ (1) (1)
- {3 - -
S ¥ _ u—-1 K N
{18) - f 1.%](1(1“”}{91”(1)] elciscl
v
1
-0
- R RONCRIN
=R 1 IR RN
1

At this point, it is convenient to contrast the Blackburn model with the
MNL qualitative choice model. The essential difference 1is the omission of
gl*) froem (12} since it influences only the quantitative choices. In addi-
tion, one restricts the xj‘s sa that they take only the values 0 or 1. Ac—
cordingly, the utility function underlying the MNL model can be represanted

as

{(19) u(x, ¢, z) = hy - 57, x. T. = —Kj - g, X, =0, 1,



15.

The reason for retaining the term [hy) in {19) is to provide a basis for
welfare measures of price and quality change, as explained below. The maximi-
zation of (18) with € ~ EV (u, 0) leads to the gualitative choice probabili-
ties given by {13). The only difference between (13) and the conventional
formula for the ML qualitative choice probabilities, e.g., 15, page 597, is
the appearance of pu, wnich is the scale parameter of the EV distribution., It
is clear that, from (13) alone, one cannot obtain a separate estimate of q.
Suppose  that yj(bj) = Iy v by, and et Ej = oslu, Y =
Yk/y, and b = hfu. If one works only with data on qualitative choices and
{13), one can only obtain estimates of the Ej‘s, the . 's, and [
this context, it would be natural to set y = 1, which is how the MNL model is
usually presented. As noted abave, for the Blackburn model one requires that
v < 1, and one can obtain a separate estimate of u from the quantitative
demand formulas, (14} or (15). Since, in the empirical section of this paper,
I will contrast predictions based on the Blackburn model with those derived
from a pure MNL model, it is convenient to set down the formulas for the
welfare measures associated with the latter medel. The development is the

same as that leading up to (16} and (17) except that it is based on (19) with

€~ EV (1, 0), i.e., it is based on the standard form of the MNL model. Ffor

~

this model, the conditional indirect utility function 1is u; = hy - ?1.
Hence,
N (PN u) = exp [-ae ~(u_hy)]’
and
- o i AT
u* = ./ﬂ uie (u-hy) exp [-aeY hj)] du
(z0y



. 1
Therefore, for a changa from (p@, 50) to {p!, b1y, 14

0
(21) € =€ = o Tn| 2], ltzzexpEj+Yj(b§)-hp§] t-0, 1.

A J

As was notad above, tne MNL model plays & rol2 in the {wo-stage estimation
of the Blackburn model. For simplicity, continue to assume that yj(bj) =

Iy in the first stage, one applies the MNL model to the qualitative

K bjk'
choice data, based on (13), which yields estimates of the Ej, the %k*s,
and h. This leaves p and e to be estimated in the second stage--the estimate
of u combined with the first-stage estimates yields estimates of the aj’s,
the yk's, and h., There are several options with respect to the second-stags
estimation. (i} It can be based on {14} and the maximum likelihood method or
on (15) and the regression method; the latter is considerably simpler and will
be followed here. {i7) 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. 1 shall refer fo 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, namely, his consumption
levels of all brands (N - 1 which are zero). I shall refer to this as the
“full sample® case. (ii11) The regression can be based on a variety of proba-

bility distributions. For example, s an approximation, cone might postulate



17.

- w
X = Exxi} e

or
{1} @

(22) X, = for (1 - %, 20 e

where ;i is the observed consumption of brand 1 and w is independently
~ identical distributed N (O, 02). The two coefficients to be estimated in
{22} are an exponent, corresponding to {u - 1), and a constant term, corres-
ponding to [e? (1 - u)i, from which an estimate of e can be derived. In the
partial sample case, one can take the logarithm of both sides of (22} and

15 In the full sample case, the lcgarithmic transform cannot be

apply OLS.
applied, and ong must estimate (22} directly by noniinear least squares,
There is notning in this regression which constrains the dependent variable to
be an integer. An alternative appreach, which incorporates this constraint,
is to postulate that the observed demands, X5, are distributed according fo
the Ppisson distribution, with their mean given by {(15). For the full sample
case, the Poisson model can be estimated by weighted Teast squares, as set
down in [7] and [147. For the partial sample case, one must employ the

truncated Poisson distribution which omits the zero class. This requires

maximum Tikelinood estimation, which is the procedure employed in [2].
4, AN 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 data come from two surveys, both conducted in 1974 and described in
more detait o ia [10): a survey in their homes of a stratified random sample of

452 househalds in the Boston S¥MSA to ascertain which sites they had visited



during the summer of 1974 for swimming and beach recreation activites and the
frequency of their visitation; and a survey of 33 major recreation sites in
the area to inventory their facilities and collect water samples for chami-
cal analysis. Most of the households visited more than one site, but 106
households visited only one site. (f these ﬁouseho]ds, there were 83 who,
among them, visitad 20 sites and who form the sample for the present appiica-

15 These sites, which are listed in the Appendix, include most of the

tion.
important beaches 1in the Boston area. Each household is conceived of as
selacting 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 & househcld 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 PHOS; another measures nonwater aspects of

17 The fourth variable, SITE TYPE, is a dummy vari-

site quality, NUISANCE.
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 Bosten area, an unusually high percentage of visitors are from
certain ethnic or racial groups. This phenomenon is handlad here by creating
a dummy 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 bj. Following the custom in recreation demand

studies, tne price variable, p is taken to has the travel cost, definad as

js
estimated road distance from the housshold's home to the recreation site
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multiplied by an estimated travel cost of 7 cents per mile {(in 1874
prices}.ig In formulating the model, 1 adopt an entirely “generic" speci-

fication for the ;i's, setting a; = 0 all j, and writing

(23) yj(bj) = Yy cop + \ PHOS + Y3 SITE TYPE +-74 NUISANCE + Yo MINORITY ATT.

My prior expectation is thnat Y1s Yoo and Yy < 0, Ty > 0, and Y3 > G
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 dinvestigated tha possibility that households' responses to

e"EDUC; this implies

price vary with their educatien by writing h = hG .
that the impedance effect of higher traval costs diminishes as EDUC rises. 1
also allowed household attributes to influence the freguency of site visi-
tation by making the coefficient e @& function of thase wvariables.
Specifically,

1

B
(24} o = EBUC exp {BZ SWIMPOGOL + 84 AUTO + By # KIDS + g # ADULTS].

0
My prior expectation is that Bys By, and B > 0, B, < 0, and
By > Or < 0 depending upon whether access to an automobile increases or
dacreases a household's use of public beaches as opposed to other types of
recreation.
As formulated, the model*s coefficients are Yis You Y3. Ygo o Ygo
. . . 3 - a sti-
h (or %0}, Hy Bgr Bys Bpa B3, By, and B- The first-stage esti
mation, consisting of the maximum Vikelihood estimation of (13) applied to the
gualitative choice data, yi2lds estimates of §k = ykfu, k=1, . . ., 5;

and h = hfy {or ho = hofg). The results are presented in Table 2, The

signs of these coefficients conform with my expectations, and there appears to
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TABLE 2

First~Stage Estimates of the Coefficlents of the Blackburn Model

Coefficient Eztimatesa

"«}"1 - 0.0292 - 0.0286
(3.38) (3.34)

?2 ~16.786 ~15.52
(3.16) {3.04)

¥3 - 2.134 - 2.0163
(4.13) (3.70)

?24 - 0.5313 - 0.3201
(1.63) (0.99)

?S 1.565 1.576
(2.41) (2.34)

h 1.369 45.877
(6.52) (5.77)

In L ~199.68 -199.66

Azc

R 0.197 0.197

a . . . .
The number in brackets is the absolute value of the t statistic.

bEstimate of hO‘

®pseudo 8% statistie [5, p. 123].
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be a2 distinct prefersnce for saliwater sites as against freshwatsr sites. The
specification with & varizhlzs h leads to a slight increase in the goodnass of
fit; thus, there is weak evidence that households with & higher education are
detarred less by higher travel costs,

The copefficient estimates in the first column of Table 2 are usad to form

estimates of ;1’ e ., X and x, which are inputs to the second stage of

N’
the estimation procedure. Here this is based on the Tlognormal regression
modal, (22), since initial experiments with the Poisson model yielded a poorer
fit. Three versions of the lcognormal model were estimated--the first two
based on the partial sample and the third based on the full sample. The re-
sults are shown in Table 3. The first column shows the resulis of applying
OLS to the logarithmic transform of (22). The signs of the ceefficient con-
form with my expectations. Frequent usags of a private swimming pool and
access to an automeobils both reduce visitation of public beaches. Housshold
education and size both increase visitation of public beaches. Household com-
position is important, too, since the number of adults in the household af-

fects beach wvisitation more than the number of children.lg

The a_priori
restriction that 0 < ¢ < 1 was not explicitly imposed in the estimation of the
equation; it is satisfied anyway, although the estimate is not statistically
significant. As a means of incorporating fhe restriction_exp]icit1y, I re-
estimated the equation using the Theii-Goldherger {22] mixed estimation
procedure for combining prior information on a ceefficient with sample in-

formation., In this cease the prior information is that u Tlies in ths unit

interval, This can be represented as a situation of incomplete extranecus

Loy

information invoiving a linear rastriction, namely, a prior point estimate of
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TABLE 3

Second~Stage Estimates of the Coafficients of the Blackburn Model

Blackburn Model™ Ad Hoc Model

Estimation Methodb

OLS Mixed - HNeonlinear
Coefficient OLS Regression L5 OLs
1 2 3 &
81 0.7245 0.7235 2.0968 0.1740
{1.44) (1.46) (7.70) (0.51)
52 -1.0190 -1.0196 -1.0295 -0. 6608
{2.31) {(2.33) (2.13) (2.18)
83 ~1.0440 ~1.0434 -{}.5583 0.3329
{2.13) (2.1%) {(3.33) (1.00)
84 0.16586 0.1655 ~0.1603 G.0%00
(1.32) {1.33) {2.47) (1.04)
BS G. 3405 0.5401 0.5392 0.4295
(3.24) {3.29) (12.71) {3.74)
ol 0. 0804 0.0865 0.5129 s
(0.26) {(0.43) (2.18)
Constant 2.7780 2.4480 0.4180 0.42385
(3.28) (3.25) (1.78) (0.74)
SSR 168.31 168.31 81.08
A 7 A A
R? 1752 175% .158% L1347
L2127 .215% .199°
F 3.278 3.521 1822.6 3.826

aﬁsing equation (1), Table 2, supra, p. 21, for the first-stage estimates.

-
I3

“Number in parentheses is the absolute value of the t statistic.

z
Kot applicable.

Square of simple correlation coefficient between actual and predicted number
of visits.

e . . cs o .
Square of simple correlatico coefficient between actual and predicted number
of visits but using log of number of wisics,




v = 0.5, together with some standard error. Theil and Goldberger suggest a
standard error of 0,25, which is used hera. The resulting coefficient esti-
mates are shown in the second column of Table 3, They are very similar to ths
coafficients in the first column; the eétz’ma‘te of uw is slightly higher but
st1il not statistically ségni-%’icant.zg

The constant term in the first two columns of Table 3 is an estimate of
In [9{}? {1 - u)}]. However, Goldberger [8] and Heien [13] have pointed out
that, if one takes the exponential of this estimate, e.g., ez'ﬂ'% = 11.5626
from the second column, it yields a biased estimate of [90_ r(l - )i, Ac-
cordingly, 1 employed Goldberger's correction factor, which was computed to be

2.2605.%"

Therefore, I take 11.5625 x 2.2605 = 26.1375 as my estimate of
[@G r{l - p)l. Given the estimate of y = 0.0865, the impliad estimate of
9, is 24.7058.22 Using the same estimate of 4, one can obtain estimates
of the parameters y, and h from the formulas y, = vy, * w and h =h v
where ;tk and h are the first-stage estimates presented in the first column
of Table 2. The resulting final coefficient estimates are shown in the first
column of Table 4.23

The third column of Table 3 contains estimates of (22) based on nonlinear
Teast squares applied to the full sample. The coefficient estimates are
qualitatively similar to those in the first two columns of the table, except
that the estimate of By is now negative. The estimate of u is 0.5129 and is
statistically significant. The estimate of the constant term, which here
represents [90 'l - )3, is 0.418. Taxing u = 0.5129, this implies an
gstimate of 0.2299. For ©q> the impliad estimates of Ty and h are shown

in the sacond column of Table &.zg



TABLE 4

Final Estimates of the Coefficients of the Blackburn Model

Estimatesa

. b e
Coefficient Model 1 Model 2
Yl - 0.0023 - 0.015
(0.41) (1.85)

Y2 - 1.4513 - B.6093
(0.41) (1.80)

Y3 ~ 00,1845 - 1.0945
(0.42) (1.96)

Yé - 0.0459 - 0.2725
(0.36) {1.25)

YS 0.1353 0.8027
(0.40) {1.59}

h 0.1184 0.7022
(0.43) (2.14)

e'o 247058 0.2299

“The number in parentheses is the absolute value of the t

statistic.

Based on equation (2) of Table 3, supra, p. 23; the estimates
of the other coefficients of the model are given in that table.

c . .
Based on equation (3) of Table 3, supra, p. 23; the estimates
of the other coefficients of the model are given in that table.



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 sample
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 far tne model in the first column of Tabla 4 and 0.433 for the medel in
the second column. The sguare of the simple correlation coafficient betwesn
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 mode}. By these criteria, the second model--estimated from the full
sample-—is to be preferred; it will be wused for the consumer's surplus
calculations presented in the next section.

Suppose one did not know of the qualitative-quantitative choice models
such as (7) and (8). How else might one have analyzed the beach visitation
data I shatl briefly describe an alternative ad hoc demand model, not de-
rived from any utility maximization hypothesis, which cne might think of em-
ploying in these circumstances. I will compare its predictive power with that
of the two models estimated above. As before, let x. he the number of

1

visits by a household to site i. The model is

E{x,} = Pr {household selects site i}
(25)

* E {total number of recreation trips by housshold}.
The model is superficially similar to {15) and (22), but thare are important
differences, The first term on the right-hand side of (25) is eguivalent to
PW, as given by (13}, and can be estimated by applying MNL to the gualita-

tive choice data. The sacond term on the right-hand side of (25) comes from a
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regression of the total number of recreation trips by the household on various
exnlanatory variabizss and can be formulated exactly as in the right-hand side
of (24). Thus, (25) differs from (22) by the omission of the term 3¥.2°
For the qualitative choice probabhilities, I use the coefficient estimates in
the first coiumn of Table 2; i.e., | use the MNL model in standard form, with
a = 1, hassd on the gsnaeric specification {(Z3). For the szcond part of the
model, I regress the total number of recreation trips by each househoid on the
right-hand side of (24}, taking the logarithm of both sides and applying OLS.

26 Then, using (25), 1

The results are shown in the last column of Table 3.
predict the number of trips by each household to each site and sum this over
ail houssholds. The square of the simple correlation coefficient betwsen the
actual and predicted total number of visits to each site is 0.413. The sguare
of the simple corrvelation ccefficient between the actual and predicted number
of visits by each household to the particular site which it actually selected
is 0.088. By these criteria, one may conclude that this ad hoc demand modal

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

model in the second column of Table 4.
5. BEMEFIT ESTIMATION

In this section the fitted quailitative-quantitative choice model in the
second column of Table 4 will be used to calculate two sets of benefit meas-
uras, The first set deals with the benefits from improving water quality. 1
simulated the effects of reducing either COD or PHOS at each site taken
separataly; 1 considared both a 10 percent and a 50 percent reduction in these
variablas. The benafit to each housshold was calculated from formula (17).

Since households vary in their location and sociceconomic characteristics,
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they do not receive the same bensfit from a given reduction in C0D or PHOS at
a particulzr site. To save space, only tha average benefits per household are
presented in Tasle 5, Thus, the first entry states that the average bensfit
par househoid from a 10 percent reduction in COD at site 1 is 12.3 cents. In
fact, the minimum benefit to a household is 0.7 cents, and the maximum is
%1.57--the standard deviation is Z1 cents, A similar variation underiizs tha
other entriss in the table. HNote that thess numbers 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 (17). WNote, also, that the benefits from a 50 percent reduction in
poilutants are generally more than five times the benefits from a 10 percent
reducticn; this reflects the nonlinearity of the underiying demand modal,

In addition fo generating estimates of the benefits from a change in site
quality, the qualitative-quantiative choice model can be used to gensrate an
estimate of the consumer’s surpius from each site, i.e., the benefit from 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 household, 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
from the existence of the site as the benefit of a price change from the
zarp-visitation leval to the actual level for that household, using {17).
There is one qualification: in the Blackburn model a price of infinity woujd

be reguired to drive a household's expected demand for a site to zero—in

T

effect, the demand curve is asympiotic to the vertical axis. Therefore, [ use

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



TABLE 5

Average Benefit Per Household from a 10 Percent and 50 Percent Reductiion
in Water Pollutants Based on the Blackburn Modal®

Benefit from 10 Percent . Benefit from 50 Parcent
Reduction in: Reduction in:
Site COD PHOS CaD PHOS
cents

1 12.3 9.7 72.1 54.9
2 11.9 4.6 83.6 26.1
3 g.1 8.2 54.7 48.1
4 5.4 8.4 32.7 57.2
5 8.6 8.2 53.1 50.4
6 2.6 7.0 16.1 60.2
7 3.5 2.2 29.9 15.0
& 6.7 6.2 49.4 44.3
G 1%.5 13.2 128.3 79.6
10 6.0 6.4 38.8 42.5
11 1.2 3.8 7.7 36.4
12 b 13.7 D 77.1
13 2.0 1.8 11.7 10.2
14 3.8 1.4 22.6 .3
15 2.4 0.5 17.2 2.5
16 1.5 1.2 9.8 7.1
17 6.9 0.4 5.6 2.5
18 1.0 2.0 5.7 13.8
19 0.8 1.2 4.2 .3
20 b 1.6 b .3

“Based on Modal 2, Table &, supra, p. 23.

1
“No benefit since COD already is zero at the site.
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falls to an arbitrarily small (buf nonzero) !evei.zy The 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 consumer's surplus from site 1 is $1.45 per household, The mini-
mum For this site for any household is 7.6 cents, and the maximum is $18.94;
the standard deviation is $2.46. The mean consumer's surplus per househnld
over all the sites is about 54 cents., HNote that these figures are consumer's
surpius per summer recreation season. Most previous estimates of the con-
sumer's surplus from recreation sites have been couched in terms of the hene-
fit per household visit or per visitor day. In order to compare my results
with thess 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 househald visits at each site predicted by the model and survey data on the
average number of persons in each housshold'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.28

Finally, suppose that one had employed the ad hoc demand model, (25}, in-
stead of (12)}. How might one calculate benefit measures from price or quality
changes with this model The logic of the model is that price or guality
changes infiuence site selection probabilities--~the first term of the right-
hand side of (25)}--but not total housshold recreation activity-——the second
term in (25)., Consider, first, the effects of a change in the quality of a
site, Each time & household selects a recreation site, i.e., each time it
makas a vecrzation trip, it reaps some bensefit from the change; this benefit

is given by formula {21). Over the entire summer recreakbion season, the fotal
g >



TABLE 6

Average Consumer's Surplus Per Household and Per Visitor Day
For Sites in the Boston Area

Blackbura Model” _ Ad Hoc Modelb
Consumer's Surplus Per: Consumer's Surplus Per:
Site Household Visitor Day Household Vigitor Day

dollars cents dollars cents

1 1.45 17.7 0.89 18.8
2 0.686 i7.2 0.41 17.8
3 0.95 17.0 0.59% 17.6
4 0.51 16.6 0.34 16.7
5 0.79 17.5 6.57 17.1
6 0.24 18.5 0.15 17.3
7 0.13 16.4 .09 15.4
8 0.34 17.2 0.23 16.1
9 1.32 20,4 0.87 19.4
10 0.45 17.9 0.33 16.4
11 0.11 : i7.1 0.09 i5.7
12 2.17 21.5 2.22 25.1
13 0.25 17.6 0.14 18.2
14 G.40 17.6 0.21 18.6
15 0.13 16.46 G.07 17.1
i6 0.10 19.9 0.11 20.9
17 0.05 18.5 0.06 19.2
18 .12 14.1 0.06 15.3
19 0.34 12.9 0.16 14.8
20 0.18 15.6 G.09 14.2

“Based on Model 2, Table 4, supra, p. 25.
L, , . A
For explanatiocn, see r77z, p. 372.
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benefit to the household is obtained by multiplying this benefit per site
choice by the hgusehold's total number of recrealion trips for the season., A
similar procedure may be employsd for calculating the consumer's surplus fram
a site defined, as above, as the houssholid's benefit from a hypothetical price
change from the zero-visitation level to the actual level for that househoid.
Again, [ use a cutoff price such that the housenhold's probaoility 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 houssholds. The
average household's consumer surplus for each site is tzbulated in the third
column of Table 6. The first entry in the column shows 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 fis 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
averaga consumer's surplus over all sites is 17.6 cents per visitor day.

Thus, although the ad hoc demand modal is conceptually distinct from the
Blackburn model, it yields similar estimates of consumer's surplus per visitor
29

day. It is fimpnssible tc make a precise comparison of thase estimates

[at]
i

with the other estimates which have appeared in ths recreation demand liter

tim

143
[N

ture because of differences in in and geographical location of the
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study, the type of water-based recreation activity encompassed, ang the
methodology used for modeling demand and estimating consumer's surplius.
Howaver, a rough comparison may be made, Tha project evaluation quideliness
promulgated by the Water Resources Council in 1973 specify a range of values
of 75 cents to $2.25 per visitor day for general water-based recreation [23].
This range is broadly consistent with the findings of recreation demand stud-
jes reported in the literature. In [10], 11 studies are summarized, conducted
ﬁain%y in the 1960s and early 1870s, 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 heen to describe some empirical demand
models which can be applied when a consumer makes both a gqualitative 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 system, cannot do Justice to the gualitative nature of these
choices, Quantal choice models, such as MNL, cannot accommodate their quanti-
tative aspact. The Tobit modsl and its generalizations capture both features
but do not integrate them into a common utility maximization framework.
Therefore, the demand models described here fill a gap in the literature.
Moreover, by deriving these models from an explicit uvtility maximization prob-

tem, from the fitted demand functions 1 can construct exact welfare measures



for changes in the prices or qualities of the items in the choice set, The
Blackburn model on which I focus in the smpirical sections of the paper s
restrictive in that it implies zero income elasticities of demand for the
branded items. In this particular application, howsver, this may not be an
unreasonable restriction: the results in [4], as well as my own data, provide
strong evidence that the demands for individual recresation sites zare not re-

0 The othar demand model dascribad in this

sponsive to household income.3
paper avnids 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 estimates of consumer's surplus which,
if they can be extrapolated to other urban areas, imply strongly that the

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

gexcessive,

University of Cailifornia, Berkelay



APPENDIX

The sites included in the empirical analysis {and their location) ares:

1. Lynn Beach {Lynn}.

2. Nahant Beach (Nahant).

3. Revere Beach (Revere).

4. Constitution Beach/Qrient Heights (Boston).
5. Castle Island (Boston).

6. City Point (Boston).

7. L&M Street Beaches {Boston}.

8. Carson Beach (Boston).

9, Malibu Beach/Savin Hill {Boston}.
10. Tenean Beach (Boston).

11. Wollaston Beach {Quincy).

12. MNantucket Beach {Hull).

13. Wingaersheek Beach (Gloucester).
14. (rane's Island {Ipswich}.

15. Plum Island (Newberry).

16, Duxbury Beach (Duxbury).

17. White Horse Beach {Plymouth).

18. Wright's Pond {Medford).

19. Walden Pond (Concord).

20. Cochituate State Park (Natick).

The last three are freshwater beaches; the othars are all saltwater ocean

beaches,
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11 wish tn thank Professors Dale Jorgenson and Robert Dorfman for their

generous assistance in supervising the dissertation on which this paper is
based. [ am grateful to the U. S. Environmental Protection Agency for funding
the collection of the data usad in the empirical portion of the paper.

ZFor an excellent survey of quantal choica models, see [18].

30n the latter point, see [16].

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

SAnother utility function with the same property 1is

u {x, 3, 2y = 2% (2 x.)S - g, 8(x.), s(s)
J 3o =0 if s =0

which appears as a numerical example in [20].

6The domain of @{+)} depends on the spescification of g(+}; its range is
(G, =).

7It should be noted that the decomposition does not apply to the general
"ruled indifference surface” model presented in [20] in which Ej = Bj
(bj’ z).

8

That is, ?r{Ej <sp o= exp {~exp [-{s - a;)/ul}.

gin (1], the function g{+) itself contains a stochastic term and is de-
fined by é{s) =5 [1+1Ine- s - 1In s7. In [2], the random coefficient g is

eliminated. [ shall focus on ths Tatter model.
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Igﬁlackburn never explicitly presents this fermula for his utility func-

tion; instead he gives a formula for %3 similar to (12zb)} and a formula for
W *} frem which gl{*) can be obtainad by integration. There are some small
differences between Blackburn's implicit utjlity function and (12): his
yj(bj) is the negative of mine, and he makes h and e functions of charac-
teristics of the individual consumer, Tne latter modification is introduced
in the next section.

Weompare (13) and (15) with equations (3.17) and (3.14) of [2], noting

that (i) Blackburn's Cj carresponds tao my wj; {ii1) his x corresponds to my
n; (ii1i) he writes y = h/E, where £ is the coefficient to be estimated; and
(iv) his yj(bj) is the negative of mine. Hote that he actually writes the
gamma term in (15) as T[{n/g)} - 1] instead of T[1 - (h/£)], which appears to
be an error.

lg?he guestion of welfare measures for price or quantity changes is not

addressed in [1, 2]. Note that, in the present case, the rangs of U, fis

]
(hy, =}.
12

An additional normalization is required in estimating (13} since it is

invariant to multiplication of both the numerator and denominator by b

, for
an arbitrary constant s. An appropriate normaiization would be to set oy =
0 for onz index j.

Fil
1rTh‘ls can be shown to be eguivalent to equation {4.103) in [5].

lSThis procadure yisids Diased estimates of the constant term; this bias

and the method of correcting it are discusssad in the next section.
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16The 106 househnlds visitsd 30 sites altogether, Eight relatively less

important sites had to be omitted because [ had no data on their water
quality, which left 22 sites. The TROLL program for estimating the MNL model
which I wused could onlty handle N < 20. Therefore, two more sites were
omitted.

170ther water and nonwater quality attributes were tested but were found

to be highly collinear with these variables. Details of these tests and of
other estimation results not described here are provided in {10, chapter 7].

18Un}ike some recreation demand studies, I did not include a time com-

ponent in travel cost. The data do not indicate how many adults or children
were in the party visiting the site, nor whether the trips were made on week-
days or the weekend., It seems impossible to derive any reasonable estimate of

the shadow price of the time spent visiting the sites.

19The hypothesis that the coefficients 8, and By are equal could be
rejected at the .9 Jevel but not at the .95 lavei.

ZOThe hypothesis that the prior and sample information are mutually con-

sistent was tested using Thail's [21] compatability statistic and could not be

rejected at the (.9 level.

GO

21 2.2146, mo0 . 0.2558,

In terms of Goldberger's notation, here 52

i}

cw = 0.82408, and v = 76.

Zzsince this estimate is a highly nonlinear function of the estimates of
y and the other coefficients, I have not aitempied to approximate an estimate

of its variance.
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23Yhe variances of these estimates and, hence, the t statistics are

calculated from Goodman's [9] formula: Vixy) = Eg(x) Viy) + Ez(y) Vix) +
Vix) V(v). The formula is applicable only if the estimates of ?k or h and y
are stochastically independent; this is not strictly true since the estimates
of T and h are inputs to the estimation of w. Nevertheless, it seems
reasonahle as an approximation. The large variance of the estimate of u 13

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

24The t statistics are calculated in the same way as for the first column

of the table.

ZSApart from the fact that there ara 20 alternatives (sites) instead of

2, this model 1is a special case of the general limited dependent variable
model presented in [17, p. 358]. In the notation of that paper, I am assuming
that 31 = 32, which results from the generic specification of site demand,

and 01€ = 026 = Q.

26For tne same reasons as befora, the estimate of the constant term in
the table must be adjusted by Goldberger's correction factor. In this case,
52 = 1.0068, mgg = 0.31212, cw = 0.36692, and v = 76; the correction fac-

tor is computed to be 1.4403.

270 yse a cutoff probability of 0.0008, which is the smallest value in
the matrix of predicted site visitation probabilities. The results are not
very sensitive to this choice of & cutoff probability; some experiments show
that reducing it by a factor of 10 changes the average consumer's surplus for
a site by well under 1 cent.
ngor some sites, the estimated consumer’s surplus per ﬁ@usehoéd is less
than the consumer's surplus per visitor day. This cccurs hecause the model

predicts & total season demand of less than one visitor day for these sites.
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2“The simple correlation coafficient betwsen the first and third columns

of Table 6 is 0.951; that betwsen the second and fourth columns is 0.843.
30This is after taking family size into account, which is correlated with

household income,
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