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Abstract
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Increasing at an Increasing Rate: The Potential Convexity
of Discrete-Choice Welfare Measures

In the environmental economics literature environmental bdaetions are commonly used
in optimizationframeworks. To facilitate solutions, environmental benefits are usually assumed to
be increasing concave functions of environmental quality (or environmental damages are assumed to
be increasing convex functions of pollutants). In practice, one way to derive an environmental benefit
function is to use the travel cost method to relate the demand for recreation to environmental quality
at specific recreation sites. Use-values for changes in environmental quality can then be obtained from
the recreation demand model. Discrete-choice models such as the random utility model (RUM)
dominate the modern literature on recreation demand. Howevepoortethathasnot to have
receivedmuch attention is thawelfare measures for changessite qualityfrom discrete-choice
models are often convex in site quality.

Here, it is shown that when the indirect utility of recreation sites is specified using the linear
form, individual and aggregate welfare measures based on RUM site-choice moskéle convex
in site quality. Hence, environmental benefit functions derikeed RUM-basednodels will be
convex in site quality henever site utility is linear in quality. The convexity of the benefit function
has nothing to do with the specification of the RUM error terms or the researcher's uncertainty about
the individual RUM welfare measures. Rathibe convexity is a result of the underlying discrete
nature of the choices. The rationalstimightforward: increases in quality at a site yield utility to
current userandto new users who are induced to switch sites. It is the site-substitution effect that
leads to the convexity of theelfare measure. Moreover, it is shown that even if individtifty
functionsfor sites are concave Bite quality, theaggregate welfare measure will be locally convex

whenever the incremental utility to new users offsets the diminishing incremental utility to existing



users. For site utility functions thate logarithmic in qualitythe range of parameters that ensure
concavity is demonstrated.

An empirical example illstrates these effects by specifying indirect utility as linear and non-
linear functions of site quality. Each of the functional forms is applied to data on the site choices for
Great Lakes trout and salmon anglers in Michigan. The catch rate for trout and salmon is used as the
environmental quality variable, and each of the models is estimated as a multinomial logit. Non-
nested statistical tests of model fit provide weak evidence that a logarithmic form (log of catch rates)
is preferred fothe example consideredlhe illustration demonstrates that the resultiveifare
measures for increases and decreases in catch rates are remarkably different depending on the linear
or non-linear forms.

While the model specification issues addressed by the paper have received little attention in
the recreation demand literature, the paper is not just about which functional form fits the data best.
The ultimate point ighat the differing functional forms support opposite policy rules for the general
management of environmental quality, namely whether to concentrate or spieettanges in

environmental quality (Helfand and Rubin).

The Random Utility Model (RUM)

The literdaure contains several expositions of the theory of discrete-choice known as the
random utility model (McFadden, 1981 and 1997; Small and Rosen; Han&ég&and 1983; Train;
Ben-Akiva and Lerman; Morey), and reviews in the recreational demand camn&xiiven by
Freeman; and Bockstael et al., 1984 and 1992. The RUM choice problem can be stated as choosing
the alternative k that maximizes the conditional indirect utility U , that is,

Maxy, U (Y-p, @ ). (1)

By utility maximization, observing the choice of k' implies the following utility inequalitigs: | >U
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for all k=k'. This becomes a "random" utility model by recognizing that not all attributes that affect
utility can be observed by the researcher. Thus, researchers must predict the probability that any
alternative is the best in the choice set as follows:
e = PriU>W . WY WY, L Ul (2)

The choice probabilities serve as thgectedlemand functions for alternatives in the choice set.

The conditional utility function is typically assumed to be

U=V, +¢€, 3)

where V is the deterministic portion of utility to be estimated,aisda stochastic portion known to
individuals but not to researchers. In practice, researchers commonly adopt the lineag form, V. = (Y-
po) +Pa., where p is the marginal utility of income ghds a vector of marginal utilities associated
with a vector of characteristicg q .

To derive an econometric modehe assumes a distribution for the error terms in (3). When
the errors are assumed to be i.i.d. from a type 1 extreme valued{¥pution, the choice
probabilities will have the familiar multinomial logit (MNL) form

eV

(5)

R
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Thus, thern; (expected demands) depend on the prices and qualities of all alternatives.

Welfare Measures in RUMs

Recall that in the RUM, individuals are assumed to choose the site yielding the highest utility
(the best site).The nature of the problem implies that individuady get utility from changes in
guality when they actually use the site where quality changes, i.e ysmlaluesnatter. For any

individual, the value of a change in site quality depends on the difference between the indirect utility



of the old best site and the indirect utility of the rmsgt site. Thus, changes in site quality only have
value when they occur at the best site or when éneyargeenough so that the site where quality
changes becomes the best site. This insight will be useful in establishing the shape of the aggregate
benefits function derived from the RUMSs.

Deriving the RUM welfare measures is complicatedh®fact thatthe error termse, are
unknown to the researcher. We begin by ignoring this uncertainty and focussing on the logic of the
welfare measure. Under certainty and full knowledge of the error tEmmsachindividual,

compensating variation for a change in prices and quality fr8nf (p ,g ) té (p ,q ) would be:

Max_,oU(Y-p’, g’ €) = Max_,U(Y-p"-CV, g", ¢) (6)

From this expression, it is clear that if a policy change does not affect the best site before or the best
site after a change, then the CV for that change will be Zérat is, if a policy change does not affect
sites that are being used, then the policy does not generate use value.

Of course, the preceding assumes:thare known, yet the essence of the RUM is that'the
are not known. Since the utilities in (6) are random variables, the maximum utility is also a random
variable, so the CV itself is a random variable (Hanemann, 1982).w&nt deal with this is to
calculate the expected CV -- typically a complex matter when the errors follow anything other than
extreme values distributions. Here we focus on EV errors, though the results also apply to GEV. With
EV distributions, the expected maximum conditional indirect utility is given by the "inclusive value,"
IV =In(}; €") (Johnson and Kotz; McFadden, 1978je IV function has two convenient properties:
(1) the first derivatives with respect to the deterministic indirectiesilire the estimated probabilities
(McFadden 1981; Hanemann, 1983), and (2) the second derivatetes marginakffects on the

probabilities; that is
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Using the inclusive value notion, if the error terms are EV and income enters V linearly, then

expected CV is given by

IVI-IVO '”( Yo ev”l”) - '”(Zniol ev;;) _ 8

u u

E[cV] =

The above equation has long been utilized as a benefits measuresftioaat demand models based
on the RUM (Hanemann, 1982; Bockstaelakt 1984). The expression providesmeans of
evaluating complex arrays of changes in site quality and prices as well as site closures and additions.

Using (7) and (8), with the linear utility function we have

alv alv
o - M g TR and o=l (9)
J

where [ is the negative of the price parametefarsdthe utility parameter on quality characteristics.
The later term is the marginal welfare measures for a change in resource quality gt site j, q, (Hanemann

1983; McFadden 1981).

The Shape of the Benefits Function

In the literature on recreational site choices, there is little discussion of the basic properties
(the shape) of the RUM welfare measure (Hanemann, 1983, is an exception). The shape is important
in the use of the benefits function for benefit cost analysis and for general policy prescriptions. In this
section, it is demonstrated that the benefits functions derived from discrete choice models are convex

in improvements in quality when the site utility functicare linear in quality.This hasobvious



implications for the use of these models to derive "optimal" levels of environmental quality.
To establish the shape of B, weke use ofhe properties of the IV function given in (9).

Again assuming a linear V, these properties imply the following

3?B(*) _ 2

dg;?

9B() _ Enj>0 if >0 and
g p

= |

th(l—TEj) >0 (10)

Since the probabilities must hen-negative, it is clear that the IV function is increasing infip@.
Moreover, the benefits function is convex in changes in site quality. The first point, that the marginal
benefit of a change in quality is dependent on the probability of ahsisebeen discussed by
Hanemann (1983)This fundamental insight results in policy prescriptions such as an improvement

in quality is more valuable ahore popular sites than d&sspopular sites. Alternatively, when
benefits of environmental quality at various sites are specified as increasing at a decreasing rate, then
the policy prescription would be to allocate given increments of quality to the sites with the lowest
quality (provided the marginal costs are the same).

Figure 1 illustrates the shapetb& benefits Figure 1: Benefits Function with Linear V.
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initial probabilitiesassociated with the two initial quality level$, q afid g . Since the slope of the IV
function is equal tar times the marginal implicit price of quality, the slope of the IV functiorafor

is less for all increments in qualityan is the slope fdr. As the increment of quality change goes to

+ infinity, the slopes of the two benefit functions become ghme, and approach 0 afdy,
respectively. Fronthe diagram,one can see thdbr "large" changes one would expect an
improvement in quality to be much more valuable than the absolute value of an equivalent decrease
in quality.

Of coursefor policy purposes wareinterested in thaggregate benefits functionot the
individual benefit functions. Aggregate benefits are commonly given by the sum of the individuals
benefits functions (a weighted sum could also be used). Since each of the individual benefits
functions is convex in;q, any aggregate benefits function that is a sum of the individual benefits (or
a weighted sum) will also be convex. The next two secti@tass the extent to which the convexity
of B depends on the error terms and the linear indirect utility function.

A Brief Return to Certaintyls the convexity of the benefits function an underlying feature
of the discrete-choickamework, or is it simply anutcome of using expectedelfare measures
(because of the stochastic terms in the indirect utilitgtions)? Consider the welfare measure under
knowledge of the error terms, when the indirect utility functidmesar in the site characteristics. For
all individuals who initially choose | as best, C\Ag;/u. Thus, for initial changes in quality, the
slope of theaggregatebenefits function is the sum of marginal implicit prices for those individuals
that actually choose site j; i.e;$#1 where $ is the number of individuals choosing alternative j. As
g, increases, there will be individudts whom alternative pecomes the best site. Let the total
number of individuals choosing site j under conditighs g be givert bfF& each of these additional
individuals, the marginal benefit is algf. The slope of the aggregate benefits function is therefore

S'p/u at g . With sufficient smoothness ipp S , the aggregate benefits function would be increasing
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at an increasing rate if;'S is increasing;in @his is true even though each individuatiarginal
benefit is constant. When quality improves, it is the increase in the number of individuals choosing
| that leads to the convexity in tlaggregate benefits functiofhis is essentially theame as the
results when one accountsr the uncertainty regarding the error terms becausechioéce
probabilities;r*, should approximateS . Thus, the potential for a convex benefits function is a due
to the underlying discrete choices. In particular, for any other specification of errors (e.g., normal),
the convexity result would remain if the resulting site choice probabilities are increasing in quality.
Therefore, the convexity result is not an artifact of the assumed error distribution.

Relaxing Linear Utility: Theconvexity of aggregate benefdepends in part on the linear
specification of site utility. However, even if the individual utility functi@me all assumed to be
concave in site quality, the aggregate benefit function in@c¢ssarily globally concave. To see this,

consider the case where the individual utility functions are logarithmic in q. Here,

2B P
I j

Thus, the benefits function will be globally concavgs<if.. However, for any initial level af°, there
will be some value df large enough so th#te benefits function is locally convex. Wiik1, for
benefits to be locally concave, one must hgweB-1)/p which leaves little leeway for local concavity.
For example, if=1.25, 1.5, and 2, respectively, thien benefits to be locally concave,” must
exceed 0.2, 0.33, and 0.5, respectively. Of course gaeg to infinity, the probability goes to 1. So
the benefits function would look like the site choice probabilities, initially increasing at an increasing
rate and ultimately increasing at a decreasing rate.

For the cases where indirect utility functiare non-linear with respect to q, sosmple

intuition can be provided regarding the shape of the benefits function. The second derivative of the
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benefits function is composed of two effects. The first is the effect of a change in g on the site choice
probabilityr;. The second is the effect of changes;in q on the marginal utility derived from visits to
site j which is zero in the linear model and negative if the site utility is concaye in q. Thus, whether
the aggregate benefits function is convex or conéavéncreases in glepends on whether the
diminishing effect on utility for site users (the second effeahisugh to offset the increases in utility
accruing to the new users (the first effect). Consequently, concavity of V(q) is not sufficient to insure
global concavity of the aggregate benefits function.

Empirical Evidence in LiteratureThere are some investigations of the effects of functional
form that have appeared in the contingent valuation literature (e.g., Boyle). There is also a literature
on the effects of functional form in single site travel cost studies. However, the issue has received less
attention in the context of the RUM travel cost method. Moreover, the extent to which increments
of improvements in quality are larger than equivalent decrements in quality is largely an empirical
guestion. There are sonstudies that report valuation resufty a range of changes in an
environmental quality variable where one can see evidence of convexity in the estimated
environmental benefits. Space precludes a complete review, but some examples include Jones and
Lupi, and Lupi et al. In another example, Chen et al. compare multinomial probit and logit recreation
demand models and examine a range of quality changes using each model. The welfare measures for

the both models exhibit similar degrees of convexity in the benefits for changes in site quality.

lllustrative Example

Here, a multinomial logit model is estimated using an indirect utility function where quality
enters in a linear and logarithnfmm. The model is a simplified version of one of the site choice
models of Jones and Sung (1993). The illustration uses data for trips that were single-day trout and

salmon fishing trips to Great Lakes sites in Michigan. Sites are defined as counties in Michigan with



Great Lakes shorkne thatare within 250 Table 1: Multinomial Logit Parameters

miles of an angler's home.The sample Variable Linear Log
Travel cost, -u -0.0636 -0.0648
consists of 363anglers, and theaverage (-18.9) (-18.9)
angler's choice set contains 21 sites. Sitgca(CatCh rate)p (3;?%) ?;553)
utility is a function of travel costs for
LogL value -555.07 -551.87

individual i to each site j,;p , and a total catch

rate for trout and salmon species at each site j, q. Site utility takes the linear-in-partomaters
V=-up #f(q). For comparison, the model was estimated with f(g)=q and f(q)=In(q). The model
estimation results are listed in Table 1. The In(g) model has a larger likelihood value. Vuong's test
for non-nested modelsas alsaused to compare the linear to the logarithmic model (Vuong). The
results imply that the In(q) model provides a significantly better fit than the linear moaeld@65.

Thus, there is some very weak support for the log form relative to the linear form.

Two benefit functions are derivébm the above models in order to illustrate #fect of
functional forms on the shape of the benefit function. For the first, catch rates are varied at a single
Lake Michigan county (Allegan). Faéhne second, catch ratase varied at all sites bordering Lake
Michigan (about half of the sites). For each of these, the sample average per-trip values and sample
average choice probabilitiese calculatedor the range of catch rate changéghese results are
presented in Table 2 and are graphed in the accompanying figures.

Notice that unlike the linear model, the In(q) model has the property that as q goes to zero,
m; goes to zero. For catch rates, this is a sensible property since catch rates "near" zero becomes the
same as eliminating the site. Notice from the graphs that there is a striking difference between how
“fast" then; goes to zero for the single county compare to the probability of going to the entire lake.
For the lakewide policy, the choice probabilities do notdfiilintil the reductions in catafates

becomevery close to zero. At a 95% reduction in catch rates at the dakeg the choice
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probabilities have only fallen by 9%. Of course, thedir model performs much worse in this regard.

As shown in the first rows of Table 2, reducing catch rates to zehilnear model beatgtle
resemblance to a site closure. For Allegan Co., reducing catch rates to zero results in a loss about 1/3
that of the site closure. Strikingly, for Lake Michigan, reducing catch rates to zero results in a loss that

is only 5% of the site closure.

Discussion

Space constraints preclude a complete discussion of the results, but a few observations can be
squeezed in.The above results illustrate theffect that functional form can have on estimated
environmental values. While the linear models examined here do not exldhieadegree of
convexity, thesare "per-trip" results that amonditioned on the number Gireat Lakes trout and
salmon fishing trips being held constant. With a participation level that models changes in trips, the
values for the linear model would shémore" convexity, and the valuder the log model would
show "less" concavityThereason is that total trip changes would mitigate some of the losses and
enhance the gains. For example, in Lupi et al. a 50% increase in catch rates is over twice as valuable
as a 50% decrease. As the theory shows, this is a direct result of the substitution effects inherent in
the discrete choice framework. The empirical examples also illustrate the potential hazards of using
the linear form to value extreme changes in site quality.

The possible convexity of the benefits function is a potential corioeusing RUM type
models as part of a cost benefit analysis. As demonstrated above, while the use of concave site utility
function can result in an aggregate benefits function that is concave, concave site utility functions are
not sufficient to guarantee global concavity for the aggregate benefits function. The implications that
the shape of the benefits functions has for environmental policy are discussed more fully in Helfand

and Rubin.
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Per-trip Values: Allegan Co. Lake Mi.

Per-trip Values: Lake Michigan
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Table 2: Some values used to plot the above benefit functions for proportional changes in catch rates.*
Vary catch rates at Allegan Co.
Avg. per-trip value Avg. site probabilities % of baseline prob.
linear log(q) linear log(q) linear log(q)
Site elim. ($1.55) ($1.53) 0 0 0 0
0.0001 ($0.48) ($1.51) 0.061 0.002 72% 2%
0.05 ($0.46) ($1.09) 0.062 0.027 73% 32%
0.1 ($0.44) ($0.94) 0.063 0.036 74% 42%
0.5 ($0.27) ($0.37) 0.072 0.067 85% 78%
1.0 $0.00 $0.00 0.085 0.086 100% 100%
1.5 $0.33 $0.26 0.100 0.098 118% 115%
2.0 $0.73 $0.47 0.118 0.108 138% 126%
3.0 $1.81 $0.80 0.158 0.123 185% 144%
Vary catch rates at all Lake Michigan counties
Avg. per-trip value Avg. lake probabilities % of baseline prob.
linear log(q) linear log(q) linear log(q)
Site elim. ($62.07) ($63.38) 0 0 0 0
0.0001 ($3.47) ($34.33) 0.598 0.426 98% 69%
0.05 ($3.30) ($12.48) 0.599 0.561 98% 91%
0.1 ($3.13) ($9.70) 0.600 0.574 98% 93%
0.5 ($1.76) ($3.00) 0.605 0.605 99% 98%
1.0 $0.00 $0.00 0.613 0.619 100% 100%
1.5 $1.81 $1.79 0.621 0.627 101% 101%
2.0 $3.67 $3.07 0.630 0.633 103% 102%
3.0 $5.60 $4.07 0.638 0.638 104% 103%

* Results are in 1984 dollars and are for site-choice only, i.e., total GL trout & salmon day-trips are held constant at initial level.

12



References

Ben-Akiva, Moshe, and Steven R. Lermdbdiscrete Choice Analysis: Theory and Application to
Travel DemandCambridge: MIT Press, 1985.

Bockstael, Nancy E., Kenneth E. McConnell, and Ivar E. Strand, Jr., "Recreatiddéasuring the
Demand forEnvironmental Quality(Braden, John B., and Charles D. Kolstad, eds.), New
York: North-Holland Publishing, 227-355, 1991.

Bockstael, Nancy E., W. M. Hanemann, and I. E. Strand, "Measuring the Benefits of Water Quality
Improvements Using Recreation Demand Models," Vol. Befefit Analysis Using Indirect
or Imputed Market Method&PA Contract No. CR-811043-01-0, 1984.

Boyle, Kevin J., "Dichotomous-Choic&;ontingent Valuation Questions: Functional Form is
Important"Northeastern Journal of Agricultural and Resource Econorh$éc$25-131, 1990.

Chen, Hend., Frank Lupi, andlohn P. Hoehn, "An Empirical Assessment of Multinomial Probits
and Logit Models of Recreational Demand," forthcoming/ialuing the Environment Using
Recreation Demand Modg(€.L. Kling and J. Herriges, eds.) Edward Elgar Publishing.

Freeman lll, A.Myrick, The Measurement of Environmental and Resource Values: Theory and
Methods Washington, D.C.: Resources for the Future, 1993.

Hanemann, W. M., "Marginal Welfare Measures for Disc(@teice Models,'Economic Letters
13:129-36, 1983.

Hanemann, W. Michael, "Applied Welfare Analysis with QualitafResponse Models," Working
Paper # 241, University of California - Berkeley, October, 1982 .

Helfand, Gloria E, and Jonathan Rubin, "Spreading Versus Concentrating Damages: Environmental
Policy in the Presence of NonconvexitiesJournal of Environmental Economics and
Management27:84-91, 1994.

Johnson, N., and S. Kotjscrete DistributionsNew York: Wiley and Sons, 1969.

Jones, Carol Adair, and Frank Lupi, "The Effect of Modelling Substitute Activities on Recreational
Benefit Estimates: Is More Better?,'Staff Paper 96-92Department of Agricultural
Economics, Michigan State University, 1996.

Jones, Carol Adair, and Yusen D. Sunfpluation of Environmental Quality at Michigan

Recreational Sites: Methodological Issues and Policy Applicatibimsal Report, EPA
Contract No. CR-816247-01-2, September, 1993.

13



Lupi, Frank, John P. Hoehn, Heng Z. Chen @ahéodoreTomasi, "The Michigan Recreational
Angling Demand Model,"Agricultural Economics Staff Paped7-58, Michigan State
University, December, 1997.

McFadden, Daniel, "Computing Willingness-To-Pay in Random Utility Mod&esources and
Energy forthcoming 1997.

McFadden, Daniel, "Econometric ModelsRrfobabilistic Choice Models," ir8tructural Analysis of
Discrete Data with ApplicationgManski, Charles, and Daniel McFadden, eds.), Cambridge:
MIT Press, 1981.

Morey, Edward R.TWO RUMs un CLOAKED: Nested-Logit Models of Site Choice and Nested-
Logit Models of Participation and Site Chojderthcoming in:Valuing the Environment
Using Recreation Demand Modé€@.L. Kling and J. Herriges, eds.) Edward Elgar Publishing.

Poe, Gregory L., and Richard C. Bishop, "Exposure-Based Risk Bensegnd Conditional Damages
and Benefits," Western Regional Research Project W-133, Seventh Interim Rapert,
1994.

Small, Kenneth A., Harvey S. Rosen, "Applied Welfare Economics With Discrete Choice Models,
Econometrica49(1):105-130, January, 1981.

Train, KennethQualitative Choice Analysisd.ondon, England, 1986.

Voung, Q.H. "Likelihood RatioTests for Model Selection and Non-nested Hypothesis,"
Econometrica57:307-333, 1989.

14



