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Abstract

Quasi-Experimental Evidence in Valuing Nonmarket/Public Goods: Consistency
and Behavior of Intertemporal Bids in Contingent Valuation Techniques

by
Douglas D. Ofiara

Advisor: Michael Grossman

The purpose of this investigation is to examine the behavior of CV (Contingent Valuation)
bids over multiple time periods through repeated surveys (i.e., repeated games). Standard
consumer choice models assume that consumers make informed. rational decisions in
arriving at their mix of purchased goods and services subject to their household budget
constraint. This decision process, a major premise of economic theory, is based on
consumer experience and information acquired over a period of time. If this fundamental
premise holds in contingent markets, and for the CV method. then. it is reasonable to
expect that economic values (i.e.. bids) produced from contingent markets can change over
time or bidding periods. Some researchers in fact wonder if bids based on contingent

markets will converge to some “true” value over time.

This the first study to rigorously examine whether individuals participating in contingent
markets via CV surveys revise their bids if given a long time horizon. and whether
individuals® behavior in contingent markets corresponds to that in standard consumer
choice theory by using a variety of methods from statistical inference to econometrics and
time series techniques. It is also the first study to examine if experimental economics
techniques can be used in real-life settings (e.g., experiments of active users of a particular
resource/activity based on repeated games), and if the resulting evidence can provide usetul
information in understanding agents’ behavior in contingent markets. and in tuture
advancements of the CV method. Evidence based on quasi-experimental data (repeated
games of sport fishermen over a season involving up to 3 repeated surveys/games euach
corresponding to 2 month, yielding 5 bidding periods) suggests that experienced. active

recreational participants do revise their CV bids over multiple time periods. This could be
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v
due to their familiarity with the CV game over time, changes in their tastes and in repeated

thinking about their true preferences, and in their success or failure in a particular month.
Such findings suggest profound effects on future work in CV methods and in experimental

methods that elicit preferences for nonmarket/public type goods.
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Chapter 1 - Qutline of Investigation

1.1. Introduction

A variety of goods possess characteristics similar to public goods, namely that one cannot
prevent others from using the good, any individuals’ consumption does not reduce the
quantity available for others, and the good is provided at nominal or zero marginal cost,
i.e., the characteristics of nonrivalry, nonexcludability, and public good pricing. Examples
of such goods are public education, fire protection, clean air and water, and recreational
activities involving consumptive activities (e.g., fishing, hunting) and nonconsumptive
activities (bird watching, boating). Such environmental and recreational goods and
services have been referred to as nonmarket goods. Both public goods and nonmarket
goods share an additional characteristic in that these goods are not sold in any market
setting creating a problem regarding their relative economic importance and value. Without
price and quantity data normally used to assess the economic benefits and value of
marketed goods using welfare techniques, one is left without techniques and approaches to

assess public and nonmarket goods.

Economists in the areas of public economics and in experimental economics as well as in
the applied fields of agricultural and resource economics have made great strides in the past
three decades in their ability to assess monetary values for resources. activities. and
environmental degradation that are normally not traded in tormal markets (i.e.. nonmarket
goods) and/or share public good attributes. This is partly due to advances in theoretical and
applied research concerning welfare measures (Freeman 1979. 1993. Johansson 1987,
Randall and Stoll 1980, Willig 1976), partly due to the development and refinement of
techniques that can be used to assess public/nonmarket goods (Cummings er «f. 1986a.
1986b, Davis and Holt 1993. Freeman 1979. 1993. Mitchell and Carson 1989. Mueller
1989. Myles 1993, Smith 1979). and partly due to advances in experimental economic
techniques (Davis and Holt 1993, Smith 1979. 1980. 1982. 1986). For example. policies
designed to manage fishery resources now usually include a recreational component and the

value associated with recreational fishing in decisions about catch allocation. Damages to
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2
recreational activities attributable to air and water pollution are now factored in
environmental policy decisions. And damages to species not commercially important from
spills of oil and hazardous substances have been recently considered in compensation
litigation. Were it not for the effort involved in developing nonmarket valuation techniques
many nonmarket goods and activities, such as sport fishing and species not commercially

important, might still be zero-valued in public policy decisions.

Nonmarket good valuation techniques can be classified as direct or indirect methods and are
based on observed market behavior, unobserved market behavior. or hypothetical behavior;
the travel cost method and hedonic price approach are examples of direct approaches. the
contingent valuation (CV) method is an indirect approach (Cummings et al. 1986a,
Freeman 1979, 1993, Johansson 1993, Mitchell and Carson 1989). Although these
techniques have been around for some time and have been continually refined. the CV
method, remains controversial. This controversy is associated with the following
characteristics of the CV method: 1) the method assesses values based on hypothetical
data/responses, 2) the method obtains ex ante welfare measures rather than ex post weltare
measures, and 3) the CV method is claimed to be the only method available to obtain
nonuse values (Cummings e al. 1986b. Diamond and Hausman 1994, Freeman 1993.
Hausman 1993. Mitchell and Carson 1989, U.S. DOC, NOAA 1993). [n attempts to gain
credibility for the CV method among peers. numerous research was conducted to examine
limitations of the CV method. and comparisons with alternative valuation methods
(Cummings er al. 1986b, Mitchell and Carson 1989). In addition. several conterences and

workshops were convened to critically assess the current state ot the CV method.

Researchers now acknowledge that there were faults with early comparison studies
(Mitchell and Carson 1989). Comparison studies were developed to provide support of the
validity and hence. credibility of the CV method. This early research proceeded on the
notion that estimates of economic value from alternative nonmarket valuation methods were
comparable and theoretically equal. [t was reasoned that if estimates of economic value

from the CV method were similar (statistically different) to estimates from alternative
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3
nonmarket valuation methods, this then provided evidence to support the validity of the CV

method. Researchers subsequently learned that none of the alternative nonmarket valuation
methods results in a superior measure of the theoretical construct (monetary value of
preferences), and that researchers were often confused with the concept of validity. If one
nonmarket valuation method resulted in a superior measure of the construct, then a basis
for comparisons would exist, and one could examine how close alternative nonmarket
valuation methods would be to the method that results in a superior measure. In early
comparison studies, correspondence between CV methods and alternative valuation
methods was interpreted as evidence of validity in the truest sense. criterion validity (i.e..
whereby measures of economic value from alternative nonmarket valuation methods are
neither a truer measure of the theoretical construct (monetary value of preferences) than one
another), with that of convergent validity (i.e., correspondence between economic value
estimates from alternative nonmarket valuation methods), a weak form of validity. Hence.
one can only establish credibility of the CV method in the sense of convergent validity.
This realization weakens efforts to establish credibility of the CV method via comparison

studies.

The U.S. Environmental Protection Agency (EPA) commissioned a state-ot-the-art
assessment and conference of the CV method in 1983-84: the overall conclusion reached
was that the CV method shows promise. but faces some real challenges (Cummings ez /.
1986b). In 1992, prompted by the Exxon Valdez oil spill and the Oil Pollution Act of
1990, the National Oceanic and Atmospheric Administration (NOAA) was directed to
assemble an expert panel to provide advice to NOAA and conduct a current assessment of
the CV method with particular attention to nonuse values (specifically to assess whether the
CV method is capable of providing estimates of lost nonuse values “that are reliable
enough™ for natural resource damage assessments [Portney 1994: 8]). The NOAA panel
concluded that the CV method “can produce estimates reliable enough to be the starting
point of a judicial process of damage assessment. including lost passive nonuse values
(Ibid: 8. U.S. DOC, NOAA 1993). In addition. Exxon convened its’ own conference and

team of economists to provide a critical assessment of the CV method in 1992. with the
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4
conclusion that the CV method should not be used to assess environmental damages or in

Cost-Benefit Analyses (Hausman 1993, Diamond and Hausman 1994). Then in (994, the
Department of Energy and U.S. EPA co-sponsored a workshop on the CV method to
address its status on assessments of nonuse values and to develop a research agenda for
future CV research (Bjornstad and Kahn 1996).

In recent times the Exxon Valdez oil spill, federal rules and procedures pertaining to
Natural Resource Damage Assessments via CERCLA (Comprehensive Environmental
Response, Compensation, and Liability Act of 1980 and 1986) and the Qil Pollution Act of
1990 have reopened the status of the CV method and created added controversies among
the public, environmentalists, and economists (see Ofiara and Seneca 1998 for a summary
of federal rulemaking). Legal proceedings concerning economic assessments of the
environmental damage challenged economists to critically evaluate the CV method. and at
the same time resulted in a split in the profession concerning the use and credibility of the
CV method and its’ value estimates (see Hausman 1993, Portney 1994, Diamond and
Hausman 1994, 1993, Carson er al. 1996b, 1996¢). The current debate involves two polar
views; those that advocate the CV method and those that do not. While most of the
criticism involves using the CV method for nonuse values. Diamond and Hausman do not
recommend the CV method for use in Cost-Benefit Analysis. hence. the CV method is also

suspect in estimating use values (see Hausman 1993).

The above progress, concerns. and controversy suggest the need for further
experimentation and refinement of the CV method to provide a more rigorous and thorough
assessment of the underlying principles of the CV method and properties of resulting CV
bids. Although field research can contribute to this etfort. it is telt that more insight could
be gained from experimental economic techniques. These techniques could assist in efforts
to explore the behavior of contingent markets. CV bids. and the CV method in general in
order to refine and advance the CV method. As Mitchell and Carson (1989) note. most CV
research has involved field applications (usually involving a one-time survev. and

sometimes based on statistical experimental designs. e.g.. split samples testing different
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5
payment vehicles or information) versus experiments conducted in laboratory-type settings

as in experimental economic studies.

1.2. Introduction to the Contingent Valuation Literature

1.2.1. Overview of the Literature

The roots of the contingent valuation approach (CVA) can be traced to public choice theory
(Mueller 1979, Freeman 1979). One aspect of public choice theory deals with the issue of
what levels of public goods should be provided in order to achieve a socially acceptable
criteria. Because public goods are not produced and sold in a market. researchers faced a
problem in terms of evaluating present and proposed levels of public goods. As a result. a
number of methods were developed to induce individuals to reveal their preferences
towards public goods, (i.e., preference revelaticn). Freeman (1979) describes three basic
approaches: 1) voting on referendums. 2) revealed preferences of the quantity of public
goods, and 3) revealed preferences of the money value of public goods. Of these. the CVA
falls under the third case. It involves directly asking individuals to state their
willingness~to—pay (WTP) for a given amount. or given change in the amount of the public

good.

The CVA has been applied to assess the benefits of preserving and improving air quality
and water quality. and in valuing recreational activities such as sport tishing. hunting, visits
to natural areas. and in assessing values for natural environments and regional estuaries
such as the Chesapeake Bay. An extensive literature dating to 1974 exists and is reviewed
in Mitchell and Carson (1989). other reviews are in Cummings er /. (1986b). Hausman

(1993), Bjornstad and Kahn (1996), Willis and Corkindale (1996).
The CVA has evolved into a much more sophisticated technique. however. than simply

asking WTP questions. The first level of CV studies basically asked WTP questions. e.g..

what is the maximum dollar amount you would be willing to pay for a speciftic good?
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6
(Bohm 1972, Davis 1963, 1964, Hammack and Brown 1974, Knetsch and Davis 1966,

McConnell 1977). The next level of CV studies began a series of methodological
developments concerning various aspects of the CVA, for example variations in question
formats (iterative bidding questions, closed-ended question, use of payment card), more
descriptive definitions of the hypothetical good (involving photographs), variations in
payment vehicles (donations, taxes, utility fees), variations in information, variations in
sequencing of questions and information (Brookshire er al. 1976, 1979, 1981, 1982,
Loehman 1984, Loehman er al. 1981, 1982, Mitchell and Carson 1984, Randall er al.
1974. 1978, 1983, Rowe eral. 1980, Schulze er al. 1981. Schulze and Brookshire 1983.
Thayer 1981).

Randall er al. (1974) is credited with advancing the iterative bidding question and
Brookshire er al. (1976), Rowe er al. (1980) were early contributors to this effort. The
work of Hanemann (1983, 1984a. 1984b, 1983) is credited with advancing the use of the
closed-ended question format and use of referendum type CV models. The combined work
of Brookshire er al. (1976, 1979, 1981. 1982), Loehman (1984). Loehman er al. (1981,
1982), Mitchell and Carson (1981, 1984) Randall er al. (1978. 1983), Rowe er al. (1980),
Schulze er al. (1981), Schulze and Brookshire (1983) and Thayer (1981) has contributed to
refinements in descriptions of the hypothetical good. payment vehicle, and relative

importance of inherent biases associated with the CVA.

Another level of CV studies examined and compared the CVA with other nonmarket
valuation approaches and with experimental economic techniques and assessment methods
(Bishop and Heberlein 1979, 1986. Bishop er al. 1983, Brookshire eral. 1979. 1982,
Coursey eral. 1987, Coursey and Schulze 1986, Desvousges er al. 1983. 1988. Knetsch
and Sinden 1984, Loehman [984. Schulze er al. 1981. Seller er ul. 1985). The
experimental economic studies involving CV are useful to note because some found
evidence of convergence between WTP and WTA (Coursey er al. 1987). and that the CVA
compared favorably with alternative methods (Brookshire er al. 1979, 1981, 1982,

Cummings er a/. 1986b. Randall er al. 1983. Schulze et /. 1981. Seller er al. 19835).
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The present level of CV studies involves numerous comparisons, tests, refinements to
reexamine many of the earlier concerns, biases, and subsequent concerns (Adamowicz et
al. 1993, Boyle er al. 1994, 1996, Carson er al. 1996a, Cameron 1992, Desvousges et al.
1993, 1996, Diamond er al. 1993, Randall and Hoehn 1996, Ready er al. 1996, Schulze er
al. 1996, Smith and Osborne 1996, Whitehead er al. 1995), to rebut claims that the CV
method has no basis in measuring nonuse values or in CBA (Diamond and Hausman 1993,
1994), and to rebut some recommendations from a NOAA Panel on CVA (U.S. DOC,
NOAA 1993) (see Carson eral. 1996b, 1996c, Bjornstad and Kahn 1996. Willis and

Corkindale 19935 for recent summaries).

The major assumption of the CVA is that individuals can reveal their willingness~to—pay
for nonmarket goods contingent on a hypothetical market transaction (Freeman 1979,
1993). The mechanics of the approach are as follows. The CVA is based on the premise
of a realistically designed, though hypothetical market setting. An individual is asked to
reveal his/her preference via a survey in the form of a bid (e.g.. maximum amount willing
to pay. minimum amount willing to accept) contingent on the availability of the good in
question. Thus, it is as if an individual faces an experimental market and reacts in terms of

consumption behavior to the changes specified by the researcher.

The basic types of valuation questions that have been used and currently are in use are
referred to as open-ended CV questions. closed-ended CV questions. and iterative bidding
CV questions. In open-ended CV questions the individual is asked for their maximum
WTP and/or minimum WTA (willingness—to—accept) associated with a specitic level of the
hypothetical good. [terative bidding CV questions start from a preset price and ask for
these values (i.e.. max WTP or min WTA) corresponding to a specific level of the good in
an iterative manner. If the individual responds yes to the initial price. the price is increased
by some increment and the question repeated. This process is repeated in an iterative
manner until a no response is reached and the process is stopped. The last ves-response is

taken to be the max-WTP or min-WTA amount. Closed-ended questions (or referendum or
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discrete CV questions as they are also known as) were first based on asking individuals to

reveal their preference by voting (yes-no) for a specific level of the good if available at a
predetermined price (Hanemann 1984a). Later versions involved splitting the sample into
several equal parts, assigning a different random price for each group and then asking the
individual to vote (yes-no) for a specific level of the good at the stated price, where all
individuals faced the same quantity of the good but with different prices. This was an
attempt to introduce price variation into closed-ended or reterendum tormats. The closed-
ended or referendum data is evaluated using a number of discrete-choice models because
the responses follow binary data (1,0 for yes,no responses). The work of Hanemann
(1983, 1984a, 1984b, 1985) developed procedures for estimating welfare measures from
discrete-choice models and was a major factor in the popularity of the referendum CV
method. Issues that remain unresolved concern the superiority of open-ended question
formats versus closed-ended question formats (Boyle er al. 1996. Loomis 1990. Willis

1995).

Advantages of the CVA are that it is the most versatile of the nonmarket valuation
techniques in assessing the value of a wide range of goods. [t allows for flexibility in the
good to be valued. and it can be used to assess nonuse values (i.e.. existence values). The
CVA has been used in a wide range of applications. for example it has been used to value
improvements in environmental quality (clean air. clean water), aesthetic goods (visibility.
scenic views), recreational activities and experiences (sportfishing. recreational beach use.
boating), protection of endangered species, preservation of unique habitats and
environments. public pest control. and health—risk issues (Cummings er al. 1986a,
Mitchell and Carson 1989, Schulze er al. 1981, Bjornstad and Kahn 1996). In contrast.
other nonmarket good valuation techniques, the Travel Cost Approach (TCA) and
Household Production Approach (HPA) have been confined to value recreational activities
and experiences. while the HPA has been used chietly to value changes in environmental
quality. and housing characteristics. The CV A then. is the most tlexible of the techniques
in its application and the only technique capable of assessing nonuse values such as

existence values.
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Disadvantages and shortcomings of the CVA regard its basic premise and the difficulties of
obtaining valid responses. The major weakness of the approach, as previously mentioned,
is whether values based on expected behavior can (ever) accurately reflect true behavior.
(That is, can ex—ante values represent values of actual behavior — ex—post values?) This
concern involves two separate issues — strategic bias and hypothetical bias. The first
involves whether respondents will try to influence the outcome of survey results by not
stating their "true” preferences. Individuals can understate or overstate their "true”
preferences if they believe the response they give will actually influence the price they will
have to pay, or if they believe whatever their response is they give will not have to pay for
the good. The second concern. hypothetical bias results from the contention that because
willingness~to—pay or willingness—to—accept amounts are not actually paid. but are
hypothetical, individuals lack incentives to determine and reveal their "true” preferences.
Research has shown that for both of these possible biases, if care is taken in designing the
market, the good, and valuation questions so the survey is realistic and credible. these
biases can be minimized. This will increase the likelihood that the revealed preferences

(3

obtained via such surveys will approach individuals’ "true” preferences (Cummings er al.

1986b, Mitchell and Carson 1989. Randall ¢r «l. 1983, Schulze er al. 1981).

Other shortcomings of the CVA concern questions related to aspects of the survey design
such as the framing of questions. payment mode, information, starting bids (i.e.. initial
preset prices). and interviewer biases. Again, research has shown that well designed
surveys can minimize the effects of these problems on survey results (Cummings er al.

1986b, Mitchell and Carson 1989. Randall er al. 1983. Schulze er «l. 1981).

In response to the major concern of the hypothetical nature of the CVA, research has
compared the economic value estimates obtained by the CVA with those obtained from the
indirect valuation methods. namely the TCA and HPA. Evidence shows that under
appropriate applications the CV A produces economic values that compare well with the

economic values obtained trom indirect valuation methods (see Cummings er ul. 1986b for
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a thorough discussion). However, as Mitchell and Carson (1989) realized in their

assessment of the CVA, early comparison studies were at fault and researchers often
confused various validity criteria measures. Present research that involves comparisons
and tests of validity attempt to address the shortcomings of previous research. In addition,
present concerns with the CVA involve whether revealed bids will vary over time given

experience and familiarity with the CVA and public good in question.

1.2.2. CV Literature: Implications for Convergence over Time -
Intertemporal Consistency

Research that has examined CV bids over time has been in the context of what is known as
“test-retest” criteria and more recently “temporal reliability.” The approaches are similar in
that the former involves administering the same questionnaire to the same group of
individuals at two different time periods (Mitchell and Carson 1989), and the latter to a
different group of individuals (Reiling er al. 1990, Carson et al. 1993). In both approaches
the difference between responses is claimed to be attributable to the true variance plus
noise from the questionnaire, although the latter test appears to be a more valid test of the

survey instrument.

Loomis (1989) conducted the first study that used the test-retest approach on the same
group of individuals that spanned a one year period. The first survey was administered
during April-May 1986, the second survey January-March 1987. Results found that the
direction of change in mean CV bids over time between those surveyed (general population
versus users) were contradictory; tor the former group mean CV bids increased. while for
users mean CV bids decreased over time. WTP bid equations were estimated over the two
periods of the form WTP .| = 8¢ + B1(WTPy), essentially an AR(1) process. Results were

consistent with convergent behavior for the group of users (i.c.. By<l; estimated

coefficients ranged trom 0.502 t0 0.6769). and with random walk behavior tor the general

population group (i.e.. Bj=1: estimated coefficients ranged from 0.801 to 1.004). A
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further issue from this study is if groups of users of a particular resource provide different

and more accurate expressions of monetary values than do groups of the general

population.

Stevens et al. (1994) followed the test-retest approach of Loomis in a study of existence
values for wildlife over two points in time that spanned a three year period (spring 1989 -
1992). They found that the average CV bid increased over time. An AR(l) model was

also estimated and findings were consistent with convergent behavior (i.e.. 8 <l: estimated

coefficient was 0.61).

Other research has examined the temporal reliability version of the test, but cannot offer any
evidence about CV bid revision behavior because different individuals were surveyed over
time, and AR(1) type equations were not estinated (Reiling er al. 1990, Carson er ul.
1995). Reiling eral. (1990) examined changes in WTP bids from two surveys separated
by a two month period and found that mean WTP bids increased. Carson er al. (1995)
administered a survey over two points in time that spanned a two year period. Findings
based on one set of questions showed no significant change in mean WTP (852.80 vs.
$52.81), and based on a series of questions that involved a range of stated prices again
showed no significant change (S54.23 vs. $54.02). However, each of these studies relied
on samples of different individuals over the two time periods and little can be concluded
about CV bid revision behavior. In general. it would appear that studies based on temporal

reliability have little to offer regarding CV bid behavior over time.

Early studies that have examined temporal stability via the test-retest approach were based
on correlation statistics and did not indicate the direction of change between periods (Jones-
Lee er al. 1985, Loehman and Du 1982). Jones-Lee er al. (1985) examined the value of
safety and administered the survey to a subset of the same respondents one month after the
original survey. Results based on a matched-pair. signed-rank test did not indicate a
significant difference over both time periods. Loehman and De (1982) readministered their

mail survey to the same individuals (a small sample as a test. N=47) after a three week
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period. Correlations estimated between both periods ranged from 0.82 to 0.95; because

correlations were published with positive signs it is assumed that bids increased over time.

Lastly, in another study (Kealy er al. 1988, 1990) conducted a resurvey of students after a
two week period concerning a controlled-laboratory experiment involving a private good
(Cadbury candy bar) and a public good (deacidification program for lakes in the New York
Adirondacks). Two separate analyses examined “stability” over time. The first analysis
involved the private good only and found that both open-ended and referendum question
formats resulted in no significant difference in paired-differences over the two time periods,
suggesting that responses were stable over time (Kealy er a/. 1988). The second analysis
involved a test of the equality of the regression model (estimated probit model) over both
time periods and examination of the correlation over time tor both goods. Findings
showed that the probit models were not significantly different over time for both goods.
Results of the second test yielded correlations of 0.70 for the private good and 0.66 tor the
public good, and the researchers concluded that the results indicated a “high level of

reliability™ but that the nature of the good did not matter (Kealy er al. 1990: 256).

[n sum, the inherent design of the test-retest approach can only yield limited information
about the process of CV bid revisions over time. and general conclusions based on these
types of studies cannot be made. The test-retest approach implicitly assumes all other
factors such as tastes and experience with the contingent market remain constant over time,
an assumption that is at odds with the standard consumer choice theory. Another problem
is that only two time periods are considered and it generally takes more than three data
points to produce some evidence of trend. Hence, it remains unknown if individuals
would continue to revise their CV bids given a longer time horizon as evident in laboratory-
type experiments. and if this process of revision would yield an individual's “true”™

preferences.
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1.2.3. CV Literature: Implications for Differences Between WTP and WTA

Measures

An observation from early applied research has been that a large and significant difference
between WTP and WTA measures exist. A number of studies have replicated this finding
(Adamowicz er al. 1993, Banford er al. 1977, Bishop and Heberlein 1979, Coursey ez al.
1987, Coursey and Schulze 1986, Cummings et al. 1986b, Gordon and Knetsch 1979,
Hammack and Brown 1974, Knetsch 1989, Knetsch and Sinden 1984, Mitchell and
Carson 1989, Schulze er al. 1981, Shogren er al. 1994, Sinclair 1976). Both field-
applications and laboratory experiments have confirmed this result (Coursey er al. 1987,
Mitchell and Carson 1989, Schulze er al. 1981, Shogren er al. 1994). This result has in
turn become a concern among researchers and with the CV A, because standard economic
theory predicts that WTP and WTA measures should coincide given small income effects;
with zero income effects ordinary (Marshallian) demand curves and compensated
(Hicksian) demand curves will coincide (Just er al.1982, Layard and Walters 1978, Randall
and Stoll 1980, Willig 1976).

From early research findings of empirical discr.epancies between WTP and WTA indicated
WTA was from 3 to 5 times larger than WTP (see Cummings er al. 1986b for a summary).
Hammack and Brown (1974) tirst showed empirical differences between mean values of
WTP and WTA of a four fold difference for duck hunting (WTP-5247 vs. WTA-S1044).
Banford er al. (1977) found differences in means of almost three times for recreational
fishing and over tour times for postal services (WTP-543 vs. WTA-S120: WTP-S22 vs.
WTA-S93). Another early study found that median values differed by a factor of 20
(WTP-S35 vs. WTA-S700) for recreational fishing (Sinclair 1976). Brookshire er al.
(1980) in a study of elk hunting found a difference of 2.6 times between mean values
(WTP-S54 vs. WTA-S142). Bishop and Heberlein (1979) and Bishop ez al. (1983) in a

study of goose hunting found a difference of almost five times (WTP-S21 vs. WTA-S101).

[mplications of such differences have caused some to recommend that WTP estimates be

adjusted upwards or that WTA be adjusted downwards. and that tield applications should
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concentrate on WTP measures even though in some cases WTA measures are theoretically

correct. Following these early studies that noted differences, advancements in research
considered techniques that could either account for such differences or could test whether
WTP and WTA measures might converge given repeated CV trials. One of the first tests of
convergence involved an experimental economic technique used by Coursey et al. (1987) in
a laboratory setting of a bitter tasting good. The study used an open-ended CV question as
the starting point, then an iterative bidding CV question, followed by a question based on a
Vickery auction mechanism. Results indicated initial mean WTP and WTA bids were
significantly different as well as for mean values for the iterative bidding part, but for mean
bids from the Vickery auction differences were not significant (however this tinding of no
significance was found to be sensitive to data outliers, specifically inclusion of an outlier).
Hence, Coursey eral. (1987) conclude that WTP and WTA bids converged over repeated
trials, and that a factor in this convergence was repeated trials which caused the

respondents to become familiar and learn from the experiment.

Brookshire and Coursey (1987) follow this general theme in a study to examine it WTP
and WTA will converge if similar techniques are applied in the tield to the general public as
opposed to a laboratory setting that typically involves students. They repeatedly emphasize
that the process of repetition in a CV experiment can induce leaming behavior and that bids
could change as individuals become more familiar with the CV technique and experiment.
The field application involved a CV question with a payment card that established the
starting point. tollowed by an iterative bidding CV question to allow tor revisions in CV
bids. A Smith auction was also used in a separate field application and in a laboratory
experiment for comparison purposes. The public good was a local park. Results tound
that differences remained significant for the CV technique, that an auction mechanism
repeated twice also produced significant differences, and that the auction instrument in the
laboratory with 5 trials (or repetitions) produced differences that were smaller in
magnitude. The researchers conclude that repetitions can induce learning behavior but may

be more ditficult in field settings.
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In two recent papers, Adamowicz et al. (1993) and Shogren et al. (1994) examine and

empirically test plausible reasons for discrepancies in WTP and WTA measures following
research of Hanemann (1991) and Randall and Stoll (1980). Hanemann (1991) argued that
due to the degree of substitutability between goods, differences will occur between WTP
and WTA measures. Where a good has many substitutes, WTP and WTA should coincide,
and where few substitutes exist differences should result even in the absence of income
effects. Adamowicz er al. (1993) conducted two laboratory experiments involving
students. The first involved a movie ticket as the good and used open-ended CV questions.
Results found that WTA and WTP were significantly different from each other. The
second experiment involved a hockey ticket as the good and used closed-ended CV
questions. Results indicated that differences between WTP and WTA remained significant,
but that when a substitute-alternative good, i.e., viewing/listening event of the hockey
game, was included differences between WTP and WTA became smaller although still
significant: that is, the presence of a substitute caused differences to decrease. Although
both experiments showed differences in WTP and WTA to be present and significant. the
researchers attribute the presence of a substitute to the good to account for differences to

become smaller and provides some evidence in faver of Hanemann's hypothesis.

Shogren eral (1994) conducted three experiments for three different goods. a brand-name
candy bar, a lunch with a typical probability of being contaminated with one of five
common pathogens versus a screened lunch. and a cotfee mug. An auction mechanism
(Vickery auction) was used in all experiments involving repeated trials to allow for
learning. Results of the candy bar experiment representing a private good with many
substitutes indicated that mean differences between WTP and WTA were not significant
after 5 repetitions and that mean values were quite similar with all the adjustment from the
WTA measure; differences were significant in the initial trial. For the second experiment,
the contaminated lunch representing a nonmarket good with little substitution. Mean
differences between WTP and WTA were significant in the initial trial and remained
significant even after 17-20 repetitions. Even after elimination of outliers. mean WTA was

2 1o 6 times larger than WTP. In a third experiment. a cotfee mug served us the good (a
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good with many substitutes) and 10 repetitions were conducted. Findings indicated that

differences were present in the initial trial but decreased over time, whereby differences
were not significant over repeated trials; this result occurred with the full data and without
outliers. The overall conclusion is that for a good with many substitutes, mean WTP and
WTA converged and differences became negligible and insignificant. and for a good with
few or little substitutes, differences in WTP and WTA persisted over many repetitions and
remained significantly different. These results provide support for Hanemann (1991)

hypothesis regarding the role of substitution effects in WTP and WTA differences.

Overall research that has examined differences in WTP and WTA has evolved from the
early studies that merely noted empirical differences to examination of possible reasons
why differences occur. General findings from this research suggest that learning may form
a critical part of the explanation and repeated trials can foster this process. As one becomes
more familiar with the valuation technique and good, individuals should revise CV bids.
Whether or not convergence between WTP and WTA results may depend on the degree of
substitutability of the good as proposed by Hanemann (1991) and firmly supported by
Shogren er al.’s research but weakly supported by Adamowicz et al.’s research. Hence, it
is suspected that convergence may be achieved tor goods with many substitutes versus tew
substitutes, but more research is necessary to confirm such a finding. [mplications for the
present investigation concern the issue of convergence given repeated trials over time. and

differences between WTP and WTA measures.

1.2.4. CV Literature: Implications for Treatment of S0 Bids, Outliers, and
Influential Observations

Researchers involved with CV studies have noted for some time that CV data can exhibit
noise and variability and may require some type of adjustment and/or treatment { Rowe er ul.
1980. Desvousges er al. 1983. Desvousges et al. 1987. 1996. Mitchell and Carson 1989).
At the same time CV bids can be sensitive to truncation and/or data adjustment (Coursey er

al. 1987. Gregory and Furby 1987, Hausman 1993, Desvousges er al. 1996. Mitchell and
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Carson 1989, Schulze er al. 1996).

A variety of techniques to adjust the data were suggested in early research, from removing
observations that were 10 standard deviations beyond the mean value on both sides of the
range or distribution, to other ad hoc techniques (Rowe er al. 1980, Desvousges et al.
1983, Smith and Desvousges 1986). Jones-Lee eral. (1985) for example in a study of the
value of safety, removed upper-tail responses and estimated “trimmed means™ for WTP
measures. Even recent research has continued to use fairly ad hoc treatment methods.
Loehman er al (1994) noted the potential problem of SO bids. nonvarying bids. and other
protest bids: these problematic bids were removed tor analysis. Shogren er al (1994)
examined differences between WTP and WTA and eliminated the highest and lowest bids.
Adamowicz er al. (1993) removed outliers that were more than 2 standard deviations from
mean values. Whitehead er al. (1993) eliminated non-responses and the highest bids both
classified as outliers in addition to SO protest bids in a study of use of an estuary in North

Carolina.

Desvousges er al. (1983) was the first study to use and advocate the use of a statistical
technique to identify influential observations, which includes extreme value observations
(i.e., outliers or aberrant observations) and observations that exert an unusually large
amount of influence on estimated regression equations. but are not extreme values.
developed by Belsley er al. (1980). The technique developed by Belsley er af. (1980) is
based on studentized residual measures from early research on statistical outliers and a new
measure to examine the relative influence each observation has on estimated parameters in a
regression model. Influential observations tound by Desvousges er al. (1983) ranged from
extreme value observations (outliers) including extremely high bids and extremely low bids
and SO bids along with observations throughout this range (see Smith and Desvousges
1986: 101). This technique was also suggested by Mitchell and Carson (1989) to use in
CV studies. In addition, Mitchell and Carson (1989) also suggest the use of robust

regression techniques. a suggestion that has not been commonly applied in CV studies.
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The Belsley er al. (1980) influential diagnostic technique has seen use in recent studies. In

a study of moose hunting Boyle er al (1996) removed protest bids, bids in excess of 25%
of income, and outliers identified by the Belsley et al. (1980) technique. Boyle er al.
(1994) in a study of waterfow! protection also used the method of Belsley eral. (1980) to

remove outliers from analysis.

Implications from treatment of outliers and data adjustments for the current investigation
include examination of a variety of subsets of outliers and/or suspect observations to
determine whether results are robust over such subsets. For example, responses of SO
bids, bids that exhibit noise (i.e., bids that oscillate between zero and nonzero bids over
time), extreme value bids (both high and low bids), and bids identified as influential bids

via the Belsley er al. technique are all of potential concern in this investigation.

1.3. Rationale of Investigation

The basis for this research follows. Standard consumer choice models assume that
consumers make informed, rational decisions in arriving at their mix of purchased goods
and services subject to their household budget constraint. This decision process. a major
premise of economic theory, is based on consumer experience and information acquired
over a period of time (e.g., evaluating alternatives. comparison shopping. advice from
others, changes in tastes, prices, incomes. etc.). [f this fundamental premise holds in
contingent markets and for the CV method. then it is reasonable to expect that economic
values (i.e., CV bids) produced from contingent markets can change over time or bidding
periods. Some researchers in fact wonder if bids based on contingent markets will

converge to some ““true” value over time (Cummings et al. 1986b).

In the case of public-type goods most (if not all) individuals seldom go through an exercise
of thinking about their preferences expressed in monetary terms. Such a process for
private goods involves an extensive learning process. Components of this process are: 1)

an understanding of the market and in some cases market conditions (e.g.. availability of
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some large durable goods -- cars, houses -- i.e., supply conditions) can influence choice;

2) an understanding of quality and various attributes (e.g., durability, warranties) can
influence preferences and choice; and 3) an understanding of competitive products and
pricing behavior can also influence choice. This process is learned, revised, and developed
over a period of time. A CV experiment essentially asks an individual to go through a
similar process, possibly for the first time for public type goods, usually as a one-time
process, and in an incredibly short amount of time (e.g., Mitchell and Carson 1989 note
that the detail and description required in a CV question can range from 10 to 30 minutes to
ask in a CV survey [compared to 1 to 2 minutes for a public opinion question version,
118]). This can introduce many problems, among which the most important is that the
respondent may not have revealed his/her true preferences. As a result, it is possible that
there are some issues that may have been overlooked or not treated adequately in past
research concerning the CV method. Oaly recently has research begun to notice and
emphasize the importance of learning through multiple repetitions in CV applications

(Adamowicz er al. 1993. Brookshire and Coursey 1987, Shogren et al. 1994).

Research that has examined CV bids over time has been in the context of what is known as
“test-retest” criteria and more recently “temporal reliability.” To date. two studies have
used the test-retest approach on the same group of individuals over time (Loomis 1989,
Stevens eral. 1994). Loomis (1989) found that the direction of change in mean CV bids
over time between those surveyed (general population vs. users) were contradictory: tor the
former group mean CV bids increased, while for users mean CV bids decreased over time.
From an estimated AR(i) type WTP bid equations over both periods, results were
contradictory again; results were consistent with convergent behavior for users. and with
random walk behavior tor the general population group. Stevens er al. (1994) followed a
similar approach and found that mean bids of existence value were revised upwards over
two time periods, and from an estimated AR(1) type WTP bid equation results suggested

that WTP bids exhibited convergence behavior over time.

[n general, the inherent design of the test-retest approach can only vield limited information
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about the process of CV bid revisions over time, and general conclusions based on these

types of studies cannot be made. The test-retest approach implicitly assumes all other
factors such as tastes and experience with the contingent market remain constant over time,
an assumption that is at odds with the standard consumer choice theory. Another problem
is that only two time periods are considered, and it generally takes more than three data
points to produce some evidence of trend. Hence, it remains unknown if individuals
would continue to revise their CV bids given a longer time horizon as evident in laboratory-
type experiments, and if this process of revision would yield an individual's “true”

preferences.

The proposed investigation is unique in several ways. It will rigorously examine whether
individuals participating in contingent markets via CV surveys revise their bids over time if
given a long time horizon. It also will examine if experimental economics techniques can
be used in field settings (e.g.. experiments of active users of a particular resource/activity
based on repeated games), and if the resulting evidence can provide useful information in
understanding agents’ behavior in contingent markets, and in future advancements of the
CV method. A study of this nature can have critical implications for future CV studies.
both field and experimental, and could initiate further investigations into the CV method

and its theoretical basis.

1.4. Research Objectives
This investigation uses quasi-experimental economics research techniques involving
repeated surveys (i.e., repeated games) over multiple time periods to examine various
aspects of the CV method and resulting CV bids (WTP and WTA). Specific objectives will
examine:

1) if agents” behavior in contingent markets corresponds to agents” behavior from
which standard consumer choice theory is based on by using a variety of methods from
statistical inference to econometrics and time series techniques as follows:

1.1) to determine if mean values of CV bids are statistically ditferent over multiple
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time periods;

1.2) to apply time series techniques to panel data to determine if CV bids converge
over time (i.e., if the process describing CV bids converges), diverge or follows a random
walk;

1.3) to examine the empirical effect of subsets of outliers and suspect observations
on convergence results using Chow tests, and whether results are robust to these subsets;
and

1.4) to determine if WTP bids and WTA bids converge towards one another.

This research will contribute to efforts involved with 1) consistently/ reliability and
behavior of intertemporal CV bids, 2) treatment of outliers and SO bids over multiple time
periods, 3) discrepancy between WTP and WTA bids. and 4) the use of time-series

techniques in panel level data.
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Chapter 2 - Overview of the Nonmarket Experiment and Research Methods

2.1. Introduction

In this Chapter a description of the quasi-experiment is discussed and the research

methods.

2.2. Description of the Experiment

The data this investigation is based on comes from repeated surveys of about 200 active
recreational fishermen that voluntarily agreed to participate in a unique study of the value of
recreational fishing and of sport caught fish throughout the 1990 fishing season in New
Jersey. The study was conducted by a joint project between the New Jersey Marine
Fisheries Administration (NJMFA) and Rutgers University. The main purpose of this
study was to obtain bids of WTP and WTA in open-ended and close-ended contingent
valuation question formats over multiple time periods. A time period was to represent a

month.

Meetings took place with most of the recreational tishermen prior to the survey process. to
explain the study and their involvement in the study. The survey technique used in this
study was based on mail survey techniques, and questionnaires were sent out on a monthly
basis beginning in April-May and ending in November collecting data on their fishing
activity in the previous month. Up to five repeated surveys (i.c.. repeated games) were
completed for any one individual resulting in up to 5 bidding periods. Questions regarding
the marginal valuation of a specific fishing trip (e.g.. shark trip. bluefin tuna trip, striped
bass trip, etc.) and that of a specitic fish caught (e.g., striped bass. bluetish. fluke. mako
shark. yellowfin tuna. etc.) tollowed various formats for several commonly targeted fish
(i.e., fluke. bluefish. striped bass. yellowtin tuna. and mako shark): open-ended questions
of WTP, WTA: open-ended questions based on different types ot information: closed-

ended questions where dollar amounts specitied were randomly varied over five groups
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within each month (the closed-ended questions pertained to a specific fishing trip, a specific

fish caught, and specific fish caught based on various size dimensions).

Responses to the economic value questions depended on whether the angler took a targeted
trip for any one of the five commonly targeted fish during the month in question. If the
angler did take such a targeted trip during a month, then they proceeded onto the valuation
questions and entered responses for WTP and/or WTA. It was hoped that anglers would
revise their bids over time when they became more familiar with the questions. contingent

valuation technique. and fishing behavior.

2.3 Research Methods

2.3.1. Tests of Convergence - Statistical Inference Methods

Statistical inferences involved tests of hypotheses based on paired t-tests and Duncan’s
multiple range tests. Hypotheses were developed to examine: 1) the equality of the
variances over CV bids that contained zeros (full data set) and CV bids without zeros
(subset of data without SQ's); 2) the equality of paired means across the full data and the
subset of data without SO bids ; 3) the equality of paired means (i.e.. mean CV bids across
any two successive months) and the equality of means over all time periods. These types

of statistical inferences can provide preliminary evidence regarding convergence over time.

For tests of the equality of variances over the tull data and a subset of data without SO bids.

the following test was used:

Ho: sz = 0'53. versus not. The test statistic is:
F = s¢2 / ss=. and the decision criteria is to reject Hg
it F < F(a/2) (ng-1. ng-1) or it F > F(1-a/2) (n¢-1. ng-1). where the

f-subscript refers to the tull data set and the s-subscript the data subset without SO's.

Paired t-tests of the equality over the tull data and a subset of data without SO bids were as
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follows:

Ho: g = U, versus not. The test statistic with unequal variances over both data

sets is:

t=(Xr- Xs) / (se2/ng + s¢2/np) /2 | and the decision criteria is to reject Hg
ift>1SMT |, where SMT = (wits + wsts) / (Wr + wg), where wy= s¢2/ng

and wg = 552/[1(, and tf = t(l-w2j(ne-1) and tg = t(l-a/2)(ng-1).

Similar tests over successive time periods follow where the subscripts t.s are replaced with

t, t+1.

Formal tests of the equality of the regression model across the full data and subset ot data
were also examined based on tests similar to tests of structural change of the data (Greene
1993) and Fomby er al. (1984). These tests are sometimes reterred to as Chow-tests
following Chow (1969) and examine whether or not the subset of data without SO bids

should be pooled and treated as a full data set. The formal tests are of the form:
F = [(SSE; - SSEy)/k] / [SSEy/(n] + na - 2K)] . where

SSE; = sum of squared error for the pooled or restricted model (i.e.. model for full data
set), SSE, = sum of squared error for the unrestricted model (SSE,; = SSE| + SSEa). k is

the number of estimated parameters (including a intercept term if necessary). n is the
number of observations, and the subscripts refer to the st data subset - 1. and the 2nd data

subset - 2. In the test of the subset of SO bids. n| is the number of observations for the set

without SO bids, ny the subset with SO bids, and both sum to the full data set. The decision
criteria is to reject the null hypothesis that the subsets are equal if F > F(¢) (k. n| +na -

2k), and conclude do not pool the data (the subsets are significantly different). [n the case

where insufficient observations exist (i.e.. k>ny). the following test is based on Fisher
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(1970):

F = [(SSE; - SSE,)/n;] / [SSEW/(n> - k)], where

SSE, is now the sum of squared error for the model associated with the second data set

(i.e., SSE, = SSEj). The decision criteria is to reject the null hypothesis that the subsets
are equal if F > F(at) (ny, n2 - k), and conclude do not pool the data (the subsets are

significantly different).

2.3.2. Convergence in Time-Series Techniques

Methods based on time series techniques are more sophisticated and can provide more
insight and perhaps more conclusive evidence regarding convergence. Various
autoregressive (AR) models were estimated to determine if CV bids (i.e.. WTP amounts
and WTA amounts) in previous time periods are good predictors of bids in current periods
and in future periods. and if CV bids converge over time (that is. if the process describing

CV bids over time converges, etc.). Such models are as follows:

(1.1) AR(l) model: BID(t) = B;BID(t-1) + e(t).

(1.2) AR(2) model: BID(t) = B;BID(t-1) + B2BID(t-2) + e(t),

(1.3) AR(3) model: BID(t) = 3;BID(t-1) + 32BID(t-2) + B3BID(t-3) + e(1).

(1.4) AR(4) model: BID(t) = 8;BID(t-1) + B2BID(t-2) + B3BID(t-3) + B:BID(t-4) +

eft),

where BID refers to CV bids (WTP or WTA) associated with a specific time period. the 8's
are the parameter estimates, and e(t) is the error term assumed to be white noise (1.e.. mean
of zero, finite variance, with error terms uncorrelated across time periods). As specified.

these AR models do not contain a drift term. i.e.. a constant coefficient. This investigation
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examines the above AR models as well as AR models with drift and trend terms where

appropriate.

Regarding the AR(1) model, evidence in favor of convergence is if I8 |l < 1, evidence of a
random walk is if 18l = 1, and if the process diverges I8l > I(Hamilton 1994, Judge er al.

1988). Higher order AR processes become more complicated quickly; for the AR(2)
process and above the condition for convergence is if the roots (i.e., characteristic roots) of
the polynomial equation associated with the appropriate AR model lie inside the unit circle;
specifically if the length or modulus of the roots are within the unit circle, i.e., less than

one. For example in the following AR(2) model:

(2.1) yr=a+Byr-| +Biye-2 + eg, expressed in lag notation as

(2.2) (1-mL- nsz)y'[ = a + e, where L is the lag operator.

The condition for convergence of the AR(2) process is met if the roots of

(2.3) (1 -myz-mz2)=0 lie outside the unit circle,

or if the roots of the polynomial (or characteristic equation) obtained trom factoring the

AR(2) model expressed in lag operator form, i.e.:

(2.4) (A2 -0 -02)=0 lic inside the unit circle.

For the purposes of this investigation the criteria for convergence will reter to the roots of
the polynomial equation associated with the appropriate AR model. e.g.. equation (2.4).
and if all of the roots lie inside the unit circle the process is said to converge. To determine
and express the polynomial or characteristic equation associated with a given difference

equation is easier then it seems. Following Shone (1997). tor a difference equation of the
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form, i.e., homogeneous difference equation:

(3.1) y(@)=ay(t-1) + by(t-2), or
(3.2) y(v) - ay(t-1) - by(t-2) =0,

the associated characteristic equation can be expressed as:

(3.3) x%2-ax-b=0,ie.,inthe formofa quadratic equation. [n general we have:

(3.4) y(t) =ay(t-1) + by(t-2) + cy(t-3) + ... + ny(t-n), or

(3.5) y(t) - ay(t-1) - by(t-2) - cy(t-3) - ... - ny(t-n)= 0,

(3.6) xM-axn-l-bxt-2- - (n-n+l)x0-0+lopn=0.

For AR models that contain a drift term (i.e.. a constant or intercept). a non-homogeneous
difference equation. Shone (1997) emphasizes that one can only determine the characteristic
roots associated with the homogeneous part. Consider the following AR(2) model. a non-

homogeneous difference equation:

(3.7) y(t) =ay(t-1) + by(t-2) +c.or

(3.8) w(t) -ay(t-1) - by(t-2) =c.

The homogeneous part of the above AR(2) model refers to all but the constant term (c).
i.e., the part on the left-hand of equation (3.8). Finding the characteristic roots associated

with an AR(2) model with drift then becomes similar to the process for an AR(2) model

without drift where the drift term is ignored.
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Using mathematical computational software packages such as Maple or Mathematica it

becomes a straightforward process to solve the characteristic equation and find all the roots.

In the case that all roots are real, the issue becomes trivial. but in the case of real and
complex roots, i.e., z = a + bi, where i=(-1)!/2 one must examine the unit circle in real and

imaginary space, usually graphed with the real part of the root a on the x-axis and the
imaginary part of the root b on the y-axis, and determine whether the complex root lies
within the unit circle. This is accomplished as follows, the length of the vector from the

origin to the x.y coordinate of the root is determined from by the length of the hypotenuse
from the Pythagoras theorem, that is Izi = (a> + b2)!/2, where Izl denotes the length of the

vector of the root. Iflzl is <l the root lies within the unit circle.

2.3.3. Treatment of Subsets of Suspect Observations and Detection of
Influential Observations

In general the treatment of subsets of observations with suspect CV bids, e.g.. SO bids,
extreme value CV bids (both large and small bids). and intluential observations will be
examined based on the tests outlined on structurai change. This involves tests of the
equality of the regression model associated with a specific data subset to determine if the
data should be pooled or not. The previous discussion in Section 2.3.1. has already

covered these tests in detail.

The technique of Belsley er al. (1980) consists of up to five diagnostic statistics: 1)
DFBETA, a measure of the strength each observation has on estimated parameters of the
regression model: 2) DFFIT. a measure of the strength each observation has on the

predictions of the regression model: 3) h;. a measure of leverage of each observation on the

regressors: 4) COVRATIO, a measure of the influence of each observation on the variance-

covariance matrix; and 5) RSTUDENT, a measure of the influence of each observations’
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residual. The central approach in all these measures is to isolate the ith observation and

reestimate the regression model to examine the observations’ influence. This is sometimes
examined as a ratio of a measure without the ith observation to the measure based on the
full data, whereby the observation will have weak effects/influence if the ratio is close to
one, and significant influence if different than one (e.g., the measures of COVRATIO,
etc.). In addition, in some cases these ratios are weighted or scaled by a measure of
variance. This is relevant for DFBETA. and DFFITS. The following discussion treats

these diagnostic statistics in detail.

Leverage
A statistic that becomes important in many of the diagnostic statistics that follow comes

from the least-squares projection matrix, commonly referred to as the hat matrix:

4.1) H=XXX)"IX".

The usefulness of the hat matrix is in determining the fitted or predicted values from least-
squares, i.e., y = Xb = Hy. The statistic based on this hat matrix represents the diagonal

elements of the hat matrix and is defined as:

1.2) hj = (X' X) lxq,

where x; represents the ith observation or row of the X matrix ( a vector of Ixk

dimension). This statistic serves as a measure of leverage. the influence of the ith
observation on the regressors (i.e., independent variables). The hat statistic will become
large for observations that are very different or removed trom the values of the bulk of the
data that pertain to the independent observations (i.e.. the X-data). Belsley er «l. (1980)
recommend values of leverage that exceed 2(K/T) (k is the number of parameters and T

observations), that is observations where
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4.3) hj > 2(k/T),

are indicative of leverage points and these observations should be examined in more detail
to determine whether the observation is questionable and influential. The diagnostic

statistics that follow aid in this decision.

Studentized Residuals

Residuals have long been a traditional means to examine the data and regression model.
The traditional popularity of the residual in the detection of outliers comes from the desire
to consider observations that result in large errors, the same is true with statistical measures
designed to detect large errors. The problems of heteroscedasticity and autoregression have
been detected from residuals. Scatter plots have also been used. However, both methods
suffer from a lack of statistical rigor in determining limits that observations must exceed to
qualify as outliers. traditionally these methods were used in a somewhat ad hoc manner.
Similar comments hold concerning the problems of heteroscedasticity and autoregression,
and research has produced superior statistical measures and tests to detect these conditions.
The development and advancement of diagnostic statistical measures such as those statistics
refined by Belsley er al. (1980) brings to the detection and identification of influential
observations the statistical rigor that was lacking in earlier approaches and fills a void in

this area.

Judge er al. (1988) emphasize that residuals of the OLS (ordinary least squares) model are
not always a good means of identifving observations with large error terms because the
OLS procedure weights extreme errors heavily which can vield residuals moderately large
in absolute value. Such a problem can be overcome by considering the ith residual of the
OLS model, that is the residual of of the OLS model with the ith observation deleted. The
use of standardized residuals has been suggested by researchers (Belsley er «/. 1980). that

is a ratio of the residual without the ith observation divided or standardized by its variance

var(ej) = 62(1 - hj). The standardized residual becomes:
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44)es=¢e;/[o(l - hpl2].

Belsley et al. (1980) recommend using s(i) the estimated standard deviation of the OLS

model without the ith observation giving the studentized residual:

4.5) e =¢; / [s()(L - hp 2 or [yi-xib(d)]/ {s@)[L - xi(X X)) xi" T2},

Belsley er al. (1980) suggest that values of e;” where

4.5.a)le;*I> 2 is of potential concern.

DFBETA

DFBETA represents a measure of the strength each observation has on estimated
parameters of the regression model. This measure is defined as the difference between the
estimated parameters of the full model, b. and the estimated parameters of the model

without the ith observation, b(i). or b - b(i). expressed as:

4.6) b-bi)=[XX)!kie]/[l-hj].

The magnitudes of the elements in the vector b - b(i) {a kx1 vector. with k parameters]
depend on units of measurement and it becomes necessary to scale/standardize this vector
by a standard deviation measure (Belsley er al. 1980, Judge er al. 1988). Consider the jth

element of b - b{i), bj - bj(i). This is then scaled by an appropriate standard deviation

estimate of bj, the square root of the jth diagonal element of the estimated variance without
the ith observation. s(i)2 (X'X)-!. One can then express (+.6) in terms of this standard

deviation. Define ajjas the jth diagonal element of (X'X)-!. and cij as the i,jth element in
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(X’X)-1X’ =C. DFBETA can be expressed as follows:

4.7) DFBETA = [bj-bj(®]/ [s()ajj']

= [cjeil / [s(hag; /2] [1 - hi]

= [cijei” 1/ [@j(L - hp]1/2.

The usefulness of introducing the leverage statistic, hj, and the studentized residuals, €; .

now becomes meaningful and aids in the interpretation of the DFBETA statistic. When the
studentized residual is large, DFBETA will become large. [n addition as the leverage
statistic increases so too will DFBETA. Hence. these three statistics move in the same
direction given an aberrant or influential observation. and all three statistics should cross
verify one another. However, what remains concerns criteria about what is meant by
“large” DFBETA statistics. Belsley eral. (1980) recommend a “size-adjusted cutoff™ that

could be suggestive of an influential observation where

4.8) IDFBETA;jjl >2TV2 .

Any such observations involve further investigation.

DFFITS
DFFITS is a measure of the strength each observation has on the predictions ot the
regression model. To derive this expression premultiply both sides of (4.6) by x;. which

gives us

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



33
4.9) xib - xib(i) = [x(X'X) x;ei] / [1 - hi] = [hiei}/ [L - hi] .

Scaling (4.9) by the standard deviation of yj by the estimate s(i)[xi(X’X)‘lxi’]l/Z or

o(i)hil2 results in a diagnostic measure of each observation on the predicted model:

4.10) DFFITS = [xjb - x;b(i)] / [s())hj']
= [hi/ (1l - hj)] [ei / s(D)hj'?]
= hjei/ [(1 - hj) s(D)hj2
= hjl7ej / [s(i)(1 - hj)]
= [hit2 /(L - hpv2][ej / [six1 - hi)1=]
=[hi/(l-hp]i2ei .

Again. large leverage statistics and/or studentized residuals will result in large values of

DFFITS, hence, all four statistics (h;, ei*, DFBETA. and DFFITS) can serve as cross-

verification of one another and all move in the same direction. Size-adjusted cutoffs

recommended by Belsley er al. (1980) are

4.10.a) IDFFITS;jl > 2(k/T)1/2.

Individual observations that result in such values are suggestive of providing greater than

usual influence on the predicted model and warrant further investigation.
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COVRATIO

COVRATIO, consisting of the ratio of the determinants of the full variance-covariance
matrix and the variance-covariance matrix with the itk observation/row deleted is a measure
of the influence of each observation on the variance-covariance matrix. This ratio statistic
is:

4.11) COVRATIO = det {s(i)2[X(i)'X(i)]-! }/ det [s3(X X)1].

They note that det [X(i)' X(i)]-!}/ det [(X’X)-1] = I/ (1 - hj). From substitution into (4.11)

one obtains:

4.12) COVRATIO = s(i)%/ s2(1/ (1 - hy).

A series of substitutions that incorporate the studentized residual and a process of
simplifying the expression Belsley er al. (1980) obtain a boundary condition for the
covariance ratio as:

4.13) COVRATIO ~ [1 - BK/T)]-1 ~ [1 + (3K/T)]. Hence. the suggest that any

value of COVRATIO where

4.13.a) ICOVRATIO! > 3K/T is a rough indicator of potentially troublesome

observations.

This set of diagnostic statistics are firmly rooted in statistical theorv and provide the rigor

that was once lacking in examinations of outliers and suspect observations.
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Chapter 3. Results: Characteristics of the Data

3.1. Characterization of the Data: Overview and Statistical Inferences

This overview is meant to present a visual examination of the mean CV bid series
corresponding to a variety of categories, to give some idea of direction of the mean-bids
over time, and to discuss results of the statistical inferences. In this study the nonmarket
good represents fishing trips specific to the targeted species striped bass, bluefish, and
fluke. All other species of fish were not as popular and were only reported sporadically.
Although the generic good represents a targeted fishing trip, these species are different
enough to classify as unique goods, and possibly may not serve as substitutes to one
another. In addition, several categories that represented different characteristics of the
angler and fishing behavior were examined to determine if these characteristics had any

influence on CV bid behavior.

The categories are as follows: “All Individuals™ - all individuals that submitted bids for a
particular specie in each time period (i.e.. month), “Took Targeted Trips™ - only those
individuals that took at least one targeted trip for the specie they submitted a bid for in a
particular month. “Most Recent Trip” - those individuals that took their most recent trip for
the specie they submitted a bid for in a particular month, and “Trip & Catch > 1™ - a subset
of individuals contained in the category ~Most Recent Trip.” where it includes those
individuals where their most recent trip was for the specie they submitted a bid for and
caught at least one of these fish in a particular month. Each category is basically a subset of
the preceding category so in general the number of observations (i.e.. individuals that

submitted bids) declines across the categories.

In general. the monthly data exhibit another characteristic related to the abundance of a
particular specie of fish associated with migratory behavior. and in turn fishing activity.
For fluke, the number of trips and catch is high during the May-August period. and
declines afterwards, hence the number of observations associated with CV bids is high in

the months of July and August and decline after. For bluefish, abundance and fishing
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activity is fairly consistent throughout the summer months and early fall months. And for

striped bass abundance and fishing activity is fairly consistent throughout the summer

months and begins to increase later in the Fall.

3.2. Implications of $0 CV Bids

3.2.1. First-Level Statistical Inferences

As emphasized in the discussion of the literature the issue and treatment of SO CV bids is a
concern in CV studies. In a study such as the present one, the implication of SO CV bids
has different implications because most of the literature has examined how socioeconomic
factors affect CV bids in a “bid equation”™ so SO bids show up on the left hand side of the
equation. In the case of many SO bids the data may be described as following a censored
distribution and estimation of a Tobit model is appropriate. However in the case where SO
CV bids appear on both sides of the regression model, one case is a possible concern. The
case where an individual gives a SO bid in one period followed by a nonzero bid in a
consecutive period followed by a SO bid and then followed by a nonzero bid can introduce
noise, i.e., more highly variable data than one would face in a historical analysis of stock
prices for example where all observations contain a nonzero value for price. The case of
CV bids where all responses are zero is of little concern, because in a regression model
these observations have no impact on the estimated parameter but do have impacts on
specific measures that are adjusted by the number of observations, e.g.. means. standard

deviation. t-statistics.

An examination of graphs of the mean CV bid series will illustrate the effect of inclusion
and elimination of SO bids. Figures 1.1 to 1.8 correspond to striped bass. In each of the
four categories, the series including SO bids (the full data set) and the series without SO bids
move together over time. Mean CV bids without SO bids always lie above the mean bids
based on the full data and both series appear to correspond to each other exhibiting similar
behavior. It appears that inclusion of SO bids dampens extreme movement. [f one ignores

the last period mean bid in the graphs of the CV bid series for bluefish the series also move
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together (see Figures 2.1 to 2.8). Similar behavior follows in the figures associated with

fluke (Figures 3.1 to 3.8). As demonstrated in the diagrams the mean values of CV bids

without $0 bids always lie above the mean values that correspond to the full data set.

Statistical inferences based on tests of equal variances of the two series, the series with SO
bids and the series without SO bids, indicated that variances were not significantly different
between series based on a F-test for most of the cases tested (2 WTP series out of 60
possible categories, and 6 out of 60 categories for WTA bids). Tables 3.1 to 3.3 contains
summary results. Hypothesis tests of equal means across both series were also conducted
and results indicated that in several categories mean WTP bids were significantly different
based on a t-test, results were spotty for mean WTA bids; 21 mean WTP bids were
significantly different at the .10 level out of 60 possible categories, whereas 4 of 60 mean

WTA bids were significant (Tables 3.1 to 3.3).

3.2.2. Second-Level Statistical Inferences

Second level statistical inferences were conducted that involved testing the equality of the
regression model associated with subsets of the data with and without SO CV bids to
determine more conclusively if the data should be pooled or not. For this analysis various
AR models were estimated and the test of equality was based on a Chow-test. Results for
the AR(1) models indicated that in 4 out of 16 possible categories for WTP bids. the null
hypothesis that both AR models are equal versus not was rejected (Table 3.4). Results
corresponding to the WTA AR(l) models only showed | of 16 categories that was
significant. Hence results are not overwhelmingly convincing that the two series are
different and that they should not be pooled. Similar results were obtained from tests based
on AR(2). AR(3) and AR(4) models; significant findings were sparse (Tables 3.4 and 3.5).
On the basis of these tests one could conclude that the occurrence of SO CV bids in this

investigation does not appear to have strong ettects on CV bid behavior over time.
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Table 3.1. Results of First-Level Statistical Inferences: Hypothesis Tests of Equal

Variances and Equal Means Across Subsets of SO CV Bids - Striped Bass.

July August September October

November

F-tests of equal variances
WTP bids:
All individuals - - - *x
Took targeted trips - - - -
Most recent trip - - - -
Trip & catch> | - - - -

WTA bids:
All individuals - *% - ok
Took targeted trips - - - -
Most recent trip - - _ _
Trip & catch > | - - - -

WTP bids:
All individuals * 3% *x %%
Took targeted trips - *x - %%
Most recent trip - 3% - ki
Trip & catch > | - *ok - sk
WTA bids:
All individuals - % - *x
Took targeted trips - %% - ok
Most recent trip - % - ok
Trip & catch > 1 - *% - %

* Represents significance at .05 level.
** Represents significance at .10 level.
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Table 3.2. Results of First-Level Statistical Inferences: Hypothesis Tests of Equal

Variances and Equal Means Across Subsets of SO CV Bids - Bluefish.

July August September October

November

F-tests of equal variances
WTP bids:
All individuals - - - -
Took targeted trips - - - -
Most recent trip - - - -
Trip & catch > 1 - - - -

WTA bids:
All individuals * - - *
Took targeted trips - - - -
Most recent trip - - - -
Trip & catch > 1 - - - -

WTP bids:
All individuals % s H% s
Took targeted trips - % - -
Most recent trip ek *k - -
Trip & catch > | - ok - 3k

WTA bids:
All individuals - - - -
Took targeted trips - - - -
Most recent trip - *k - -
Trip & catch > | - - - -

* Represents significance at .05 level.
** Represents significance at .10 level.
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Table 3.3. Results of First-Level Statistical Inferences: Hypothesis Tests of Equal
Variances and Equal Means Across Subsets of SO CV Bids - Fluke.

tn

[}

July August September October November

E-tests of equal variances

WTP bids:
All individuals - - - - .
Took targeted trips - - - - _
Most recent trip - - - - -
Trip & catch > | - - - - -

WTA bids:
All individuals - - - ek -
Took targeted trips - - - - -
Most recent trip - - - - -
Trip & catch > | - - - - -

WTP bids:
All individuals ®% H% - ok _
Took targeted trips *ox *F - - %
Most recent trip *x - - - -

Trip & catch > 1 - - - - -

WTA bids:
All individuals % - - - -
Took targeted trips - - - - -
Most recent trip - - - - -
Trip & catch > | - - - - -

* Represents significance at .05 level.
** Represents significance at .10 level.
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Table 3.4. Tests of Equality of AR(1) and AR(2) Models: Inclusion of SO Bids.

AR(1) Models
Aug.-July Sept.-Aug.  Oct.-Sept. Nov.-Oct.

Striped Bass:
WTP - - ko -
WTA - - - -

Bluefish:
WTP ® - - *
WTA - - - -

Fluke:
WTP - - - x
WTA wx - - -

AR(2) Models

Sept.= Aug. + July  Oct. = Sept. + Aug. Nov. = Oct. + Sept.

Striped Bass:
WTP - - -

WTA - - -

Bluefish:
WTP *® - -
WTA * - _

Fluke:
WTP *® - _
WTA - - -

* Represents significance at .01 level.
** Represents significance at .05 level.
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Table 3.5. Tests of Equality of AR(3) and AR(4) Models: Inclusion of SO Bids.

AR(3) Models
Oct. = Sept. + Aug. +July  Nov. = Oct. + Sept. + Aug.

Striped Bass:
WTP *% -
WTA - %%

Bluefish:
WTP *® -
WTA - -

Fluke:
WTP # _
WTA - -

AR(4) Models

Nov. = Oct. + Sept. + Aug. + Julv

Striped Bass:
WTP -
WTA -

Bluefish:
WTP
WTA

Fluke:
WTP R
WTA -

* Represents significance at .01 level.
** Represents significance at .05 level.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



]

Uy

3.2.3. Descriptive Statistics of CV Bids Over Time

The purpose of this next section is to present and discuss estimated mean CV bids over
time and examine tests of the equality of mean bids over consecutive time periods based on
paired t-tests and equality of mean bids over all time periods. Associated with striped bass
mean WTP bids ranged from S13.40/trip to S22.14/trip over all individuals. while mean
WTA bids ranged from $18.59/trip to $78.42/trip (Table 3.6). Without SO bids, these
estimates ranged from S21.85/trip to $35.50/trip for WTP and S34.61/trip to S113.27/trip
for WTA (Table 3.7). In almost all categories the estimated mean CV bid increased
consistently over time (i.e.. over each month) (Table 3.6). Overall mean WTP-bids
increased from S13.40 to S22.14 (All Individuals), $11.29 to $24.97 (Took Targeted
Trips). S13.33 to S24.07 (Most Recent Trip), and from $13.33 to $28.12 (Trip & Catch >
1). Of these categories the greatest increase in bids over time corresponded for those
individuals where a striped bass trip was their most recent trip and caught at least one
striped bass. It seems reasonable to expect that participation and success in catching a fish

will directly influence an individuals preferences as reflected in WTP-bid behavior.

As previously mentioned mean CV bids did not differ significantly for most cases. Similar
figures are contained in Tables 3.8 to 3.11, for bluefish and fluke. In most all cases mean
CV bids increased over time. except for WTP bids for the categories “All Individuals,” and

“Took Targeted Trips” for bluefish (Tables 3.8 and 3.9).

Hypothesis tests of equal variances across any two consecutive months were conducted
and findings revealed that for striped bass variances were significantly different in 26 out of
32 possible cases and that this result was supported based on the subset without $0 bids
(Table 3.12). Results for fluke also exhibited a high number of categories with significant
differences (Table 3.12). Results for bluefish were opposite (Table 3.12). Hypothesis
tests of equal means across consecutive months were conducted with little significant
difference found for striped bass CV bids and bluefish CV bids (Tables 3.13). For fluke,
mean CV bids were found to be significantly different between July and August, i.e.,

Bid(t) versus Bid(t+1), and this result carried over to the subset without $0 bids (Table

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Table 3.6. Estimates of Mean CV Bids (Bids20) for Striped Bass by Month.

Specie: _
Category July August Seprember October November
WTP bids:
All individuals 13.40 16.49 19.74 2136 2214
(22.07) (27.34) (26.33) (60.62) (43.32)
75 72 69 75 93
Took wargeted trips 11.29 15.59 17.41 19.17 24.97
(14.48) (21.37) (27.81) (25.23) (49.51)
44 32 32 ' 75
Most recent wrip 13.83 12.00 10.11 2093 24.07
(14.54) (15.13) (13.57) (27.96) (47.41)
30 17 19 28 67
Trip & Catch21 13.33 23.75 13.67 18.89 28.12
(13.15) (26.26) 111.25) (25.38) (52.90)
18 4 6 18 49
WTA bids:
All individuals 18.59 47.67 76.41 116.84 78.42
(35.56)  (137.42) (188.34) (321.13) (169.63)
67 67 71 75 91
Took targeted trips 16.24 61.94 44.38 162.57 93.61
(27.65) (178.38) (54.66) (390.33) (187.33)
41 31 32 42 72
Most recent trip 17.33 93.53 25.00 136.66 91.08
(28.56)  (237.12) (50.25) (402.56) (188.72)
27 17 19 29 65
Trip & Catch21 15.87 40.00 61.67 142.94 108.16
(34.63) (17.32) (717.57) (464.79) (212.13)
15 3 6 18 49

Note: Estimated values are means. standard deviations in parentheses, and the number of observations.
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Table 3.7. Estimates of Mean CV Bids (Bids>0) for Striped Bass by Month.

Specie:
Category July August September October November
WTP bids:
All individuals 21.85 29.68 29.61 38.50 35.50
(24.75) 130.97) (27.66) (77.23) (53.22)
36 40 46 42 58
Took targeted trips 17.75 20.79 25.32 30.23 39.02
(14.67) {22.42) (30.53) {25.90) (57.44)
28 24 22 26 48
Most recent trip 18.86 15.69 19.20 30.84 37.51
(13.88) (13.57) (13.20 (29.16) (534.92)
22 13 10 19 43
Trip & Catch2! 18.46 31.67 16.40 28.33 39.37
(1490 (25.66) (10.11) (26.83) (59.12)
13 3 5 12 35
WTA bids:
All individuals 34.61 86.32 117.94 219.08 113.27
(42.60) (176.61) (223.99) (431.58) (194.31)
36 37 46 40 63
Took targeted trips 27.75 101.05 71.00 243.86 129.62
(31.57) (221.05) (53.72) (459.14) (209.99)
24 19 20 28 52
Most recent trip 29.25 [44.55 67.86 208.58 128.69
(32.28) (286.09) (64.67) (486.06) (213.78)
16 11 7 19 16
Trip & Catch2l 34.00 40.00 92.50 197.92 135.90
(45.60) (17.32) (78.89) (542.45) (230.16)
7 3 4 13 39

Note: Estimated values are means, standard deviations in parentheses, and the number of observations.
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Table 3.8. Esumates of Mean CV Bids (Bids>0) for Bluefish by Month.

Specie:
Categony July August September October November
WTP bids:
All individuals 15.13 13.33 13.79 10.33 12.81
(30.48) (23.11) (22.27) (18.76) (29.55)
87 94 79 67
Took targeted trips 18.09 14.97 16.11 10.63 9.31
(34.46) (24.94) (24.22) (17.70) (19.42)
6+ 69 65 48 39
Most recent trip 7.76 L1l 12.97 16.74 16.73
(10.36) (15.99) (19.83) (21.77) (26.67)
34 36 37 23 20
Trip & Catch21 13.35 12.29 17.13 16.15 15.00
(23.83) (20.69) (26.52) (21.97) 41.91)
37 38 40 26 23
WTA bids:
All individuals 28.53 38.82 72.65 63.13 61.21
(92.79) (94.15) (178.72) (184.69) (177.74)
89 88 89 75 70
Took targeted trips 39.63 42.16 78.85 100.18 88.93
(109.52) (106.22) (188.69) (234.52) (226.64)
62 64 65 44 41
Most recent trip 16.79 17.71 59.89 97.62 125.00
(38.06) (23.05) (114.68) (232.82) (287.15)
33 35 38 21 22
Trip & Catch21 31.59 57.18 95.15 90.00 108.80
(87.47) (134.44) (189.11) (223.43) 272.11)
37 38 41 23 25

Note: Estimated values are means, standard deviations in parentheses, and the number of observations.
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Table 3.9. Estimates of Mean CV Bids (Bids>0) tor Bluefish by Menth.

Specie:
Category July August September Octcber November
WTP bids:
All individuals 25.80 2410 23.62 18.98 28.60
(36.29) (26.63) (24.88) (22.03) (38.99)
31 52 52 +3 30
Took targeted trips 28.95 24.02 24.35 17.59 22.69
(39.94) (28.00) (26.24) (19.98) (25.13)
4 43 43 29 16
Most recent trip 13.20 19.05 20.87 21.39 37.22
(10.33) (16.700 (21.71) (22.54) (28.84)
20 21 23 18 9
Trip & Catch2l 22.45 2224 25.37 22011 31.36
(27.56) (23.66) (28.94) (23.05) (57.4%)
22 21 27 19 Il
WTA bids:
All individuals 57.70 65.69 109.39 115.49 109.87
(126.10) (115.42) (210.58) (238.55) (227.77)
44 52 59 41 39
Took targeted trips 70.20 71.00 111.41 157.43 165.73
(138.96) (130.79) (216.64) (279.72) (290.69)
35 38 46 28 22
Most recent trip 29.16 29.52 87.54 136.67 211.54
(46.85) (25.18) (130.18) (267.80) (352.80)
19 21 26 15 13
Trip & Catch2l 53.14 86.92 125.84 129.38 160.00
(109.17) (158.66) (209.02) (260.36) (319.94)
22 25 31 16 17

Note: Estimated values are means, standard deviations in parentheses, and the number of observations.
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Table 3.10. Estimates of Mean CV Bids (Bids>0) for Fluke by Month.

Specie:
Caterory July August September October November
WTP hids:
All individuals 8.89 15.85 16.29 14.64 11.94
(14.23) {23.29) (35.77) (26.39) (21.65)
119 106 87 47 34
Took targeted trips 8.09 13.89 15.69 1371 -
(11.034 (20.71) (36.37) (29.99) -
106 90 72 14 -
Most recent trip 742 15.54 16.87 20.00 -
(10.16 (23.15) (41.82) (44.72) -
79 39 53 5 -
Trip & Catch2] 7.51 14.79 17.86 2417 -
(9.51) (22.60) (44.63) (38.78) -
76 63 49 6 -
WTA bids:
All individuals 12.00 37.90 81.69 61.70 32.26
(22.73) (83.32) (206.28) (194.61) (82.41)
112 90 86 47 34
Took targeted trips 1171 37.92 89.00 78.00 -
(22.17) (85.38) (221.08) (256.10) -
98 77 70 15 -
Most recent trip 12.07 39.48 84.00 200.00 -
(22.35)  (100.68) (221.17) (347.21) -
71 48 51 5 -
Trip & Catch21 12.71 36.54 §1.59 155.71 -
(22.75) (97.19) (226.06) (372.73) -
69 52 47 7 -

Note: Estimated values are means, standard deviations in parentheses, and the number of observations.
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Table 3.11. Estimates of Mean CV Bids (Bids>0) for Fluke by Month.

Specie:
Category July August September October November
WTP bids:
All individuals 13.93 2435 2443 28.67 23.88
(1373 (25.06) {(+1.57) (31.20) (23.77)
76 69 38 24 17
Took targeted trips 12.26 21.19 23.06 36.67 -
(11.54) (22.38) (42.22) (37.64) -
70 39 49 & -
Most recent trip 11.49 22.37 2416 - -
(10.65) (2491 (48.42) - -
51 41 37 - -
Trip & Catch21 11.65 21.67 25.00 48.33 -
(9.604 (24.32) (51.33) (44.81) -
49 43 35 3 -
WTA bids:
All individuals 21.68 59.84 12543 126.09 54.85
(26.95) (98.47) (245.30) (265.89) (102.43)
62 57 56 23 20
Took targeted trips 20.50 58.40 132.55 195.00 -
(26.14) (100.43) (259.65) (395.31) -
56 50 47 6 -
Most recent trip 19.48 61.13 126.09 - -
(25.80) (120.47) (262.02) - -
44 31 34 - -
Trip & Catch21 20.88 59.38 126.62 - -
(26.14) (118.92) (261.86) - -
42 32 34 - -

Note: Estimated values are means, standard deviations in parentheses, and the number of observations.
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Table 3.12. Results of First-Level Statistical Inferences: Hypothesis Tests of Equal Variances Across Time
- Striped Bass. Bluefish. and Fluke.

July-Aug. Aug.-Sept. Sept.-Oct. Oct.-Nov.
Full w/00’s FEull w/o0's Full w/o O's Full w/o O’s

Striped Bass:
WTP bids:

All individuals ok - wowx - * - e
Took targeted trips e x - - . * '
Most recent trip - - - - * o

Trip & catch > 1 - - ek - - xR * =

WTA bids:
All individuals * * ReE -
Took targeted trips *
Most recent trip * * *
Trip & caich > | - - ** *xx wokx * *

*
* X XX

Bluefish:

WTP bids:
All individuals *x Ak . - - - * *
Took targeted trips ** X - - *x - - -
Most recent trip xx *x - - - - - -
Trip & caich > | - - - - . - .

WTA bids:
All individuals - - = * - - - -
Took targeted trips - - * * - - - -
Most recent trip o * * * * : - -
Trip & catch > | ** - - - - - - -

Fluke:

WTP bids:
All individuals
Took targeted trips
Most recent trip
Trip & catch > |

*% _
- NA NA
NA NA NA NA

NA NA NA NA

L I

* %k X X

% % % %

% K N ¥
|

WTA bids:
All individuals

Took targeted trips
Most recent trip
Trip & catch > |

* ¥ % x

* * % %

NA
NA
NA

NA
NA
NA

NA refers to not available, too few observations were present.

* Represents significance at .01 level.
** Represents significance at .05 level.

*** Represents significance at .10 level.
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Table 3.13. Results of First-Level Statistical Inferences: Hyvpothesis Tests of Equal Means Across Time -
Striped Bass. Bluetish. and Fluke.

July-Aug. Aug.-Sept. Sept.-Oct. Oct.-Nov.
Bid>=0 Bid>0 Bid>=0 Bid>0 Bid>=0 Bid>0 Bid>=0 Bid>0

Striped Bass:

WTP bids:
Allindividuals - - - - - - - -
Took targeted trips - - - - - - - -
Most recent trip - - - - *x - - -
Trip & catch > 1 - - - - - - - -

WTA bids:
All individuals ek i - - - - - -
Took targeted trips - - - - i % - -
Most recent trip - - - - - - - -
Trip & catch > | - - - - - - - -

Bluefish:

WTP bids:
All individuals - - - - - - - -
Took targeted trips - - - - - - - -
Most recent trip - - - - - - - -
Trip & catch > 1 - - - - - - - -

WTA bids:
All individuals - - - - - - - -
Took targeted trips - - - - - - - -
Most recent trip - - *ox ok . - - -
Trip & carch > 1 - - - - - - - -

Fluke:

WTP bids:
All individuals ** ** - - - - - -
Took targeted trips *x *% - - - - NA NA
Most recent trip i x - - - NA NA NA
Trip & catch> 1 ** *x - - - NA NA NA

WTA bids:
All individuals A *x ** *x - - - -
Took targeted trips *x ** b ** - - NA NA
Most recent trip *x *x - - - NA NA NA
Trip & catch> 1 *x - - - - NA NA NA

NA refers to not available, too few observations were present.
* Represents significance at .05 level.
** Represents significance at .10 level.
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Tests of the equality of all means over time was conducted based on a Duncan’s Multiple
Range test. Not surprisingly results indicated few significant differences over all means

(Tables 3.14 - 3.16).

3.3. Implications of Various Subsets of Suspect Observations

The results that examined the implications of various subsets of outliers are presented for
WTP models associated with striped bass. Subsets of outliers involved observations
where CV bids 1) were large relative to income, 2) were either small relative to income or
exhibited a pattern of a zero bid followed by a nonzero bid, followed by a zero bid and then
a nonzero bid (e.g.. SO. S10, S0, S10) - these observations were treated as noise whereby
they could introduce excessive variability into the data, 3) a combination of large and noise,
or 4) were ideniified by the technique developed by Belsley er al. (1980). These subsets of
outliers were tested similar in spirit as tests of structural change in the data to determine
whether data can be pooled versus not based on Chow-tests. Such tests were first used to
examine the issue of structural change in data over time (Greene 1993). The specific

procedure was outlined in Chapter 2.

Results are contained in Tables 3.17 and 3.18. AR(1) models were first estimated and
equality of the regression model was tested for the various subsets of suspect observations.
Results indicated that for AR(1) models the data subsets “Noise,” “Large,” and “Large &
Noise™ were significantly different for the October and September time periods. AR(2)
model results showed that the data subset “Large” corresponding to large CV bids was
significant for all possible time periods (Table 3.17). The data subset of large CV bids was
also found to be significant in AR(3) and AR(4) models (Table 3.18). In addition,
observations identified using the technique of Belsley er al. (1980) were significant for one
of the AR(3) models and for the AR(4) models. Although significant in the AR(3) and

AR(4) models, “Influence” did not contain a significant subset of CV bids in the case of
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Table 3.14. Results of First-Level of Statistical Inferences: Hypothesis Tests of Equality of All Mean CV
Bids iBids>0 & Bids>0) Across Successive Months: Striped Bass.

Specie:

Category July August September October November
BIDS>0

WTP bids:

All individuals 13.40a 16.49a 19.742 21.56a 22 14a

Took targeted trips 11.29a 15.59a 17.41a 19.17a 24.97a

Most recent trip 13.83a 12.00a 10.11a 20.93a 24.07a

Trip & Caich21 13.33a 23.75a 13.67a 18.89a 28.12a

WTA bids:

All individuals 18.59a 47.67ab 76.41bc 116.84¢ 78.42bc

Took targeted trips 16.24a 6194a 44.38a 162.57b 93.61ab

Most recent trip 17.33a 93.53a 25.00a 136.66b 91.08ab

Trip & Catch2l 15.87a 40.00a 61.67a 142.94a 108.16a
BIDS>0

WTP bids:

All individuals 21.85a 29.68a 29.61a 38.50a 35.50a

Took targetied trips 17.75a 20.79ab 25.32ab 30.23ab 39.02b

Most recent trip 18.86a 15.69a 16.20a 30.84a 37.51a

Trip & Catch2l 18.46a 31.67a 16.40a 28.33a 39.37a

WTA bids:

All individuals 34.6la 86.32a 117.93a 219.08b 113.27a

Took targetted trips 27.75a 101.05a 71.00a 243.86b 129.62ab

Most recent trip 29.25a 144.55a 67.86a 208.58a 128.6%a

Trip & Catch21 34.00a 40.00a 92.50a 197.92a 135.90a

Note: A Duncan’s Multiple Range test was used to test equality of means across successive months.
Means with different letters across months are significantly different from one another at the .10 level.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



66

Table 3.15. Results of First-Level of Statistical Inferences: Hypothesis Tests of Equality of All CV
Bids (Bids>0 & Bids>0) Across Successive Months: Bluefish.

Specie:

Category July August September October November
BIDS>0

WTP hids:

All individuals 15.13a 13.33a 13.79a 10.33a 12.81a

Took targetted trips 18.09a 14.97a 16.11a 10.63a 9.31a

Most recent trip 7.76a I1.11a 12.97a 16.74a 16.73a

Trip & Caich21 13.35a 12.29a 17.13a 16.15a 15.00a

WTA bids:

All individuals 28.53a 38.82ab 72.65b 63.13ab 61.21ab

Took targetted trips 39.63a 42.16a 78.85a 100.18a 88.93a

Most recent trip 16.79a 17.71a 59.89ab 97.62b 125.00b

Trip & Caich2l 31.59a 57.18a 95.13a 90.00a 108.80a
BIDS>0

WTP bids:

All individuals 25.80a 24.10a 23.62a 18.98a 28.60a

Took targetted trips 28.95a 24.02a 24.35a 17.5%9a 22.69a

Most recent trip 13.20 19.05 20.87 21.39 37.22

Trip & Catch2! 22.45a 22.24a 25.37a 22.11a 31.36a

WTA bids:

All individuals 57.70a 65.69a 109.59a 115.49a 109.87a

Took targetted trips 70.20a 71.00a [11.41a 157.43a 165.73a

Most recent trip 29.16a 29.52a 87.54a 136.67ab 211.54b

Trip & Catch21 53.14a 86.92a 125.84a 129.38a 160.00a

Note: A Duncan’s Multiple Range test was used to test equality of means across successive months.
Means with different letters across months are significantly different from one another at the .10 level.
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Table 3.16. Results of First-Level of Statistical Inferences: Hypothesis Tests of Equality of All CV
Bids (Bids>0 & Bids>0! Across Successive Months: Fluke.

Specie:

Category July August September October November
BIDS>0

WTP bids:

All individuals 8.89a 15.85a 16.29a 14.64 11.94

Took targetted trips 8.09a 13.89a 15.6%a 15.71 -

Most recent trip 7.42a 15.54a 16.87a 20.00a -

Trip & Catch2| 7.51a 15.03ab 18.17ab 24.17b -

WTA bids:

All individuals 12.00a 37.90ab 81.69¢ 61.70bc 32.26ab

Took targetted trips 11.71a 37.92ab 89.00b 78.00b -

Most recent trip 12.07a 39.48b 46.67b - -

Trip & Catch21 12.67a 36.04a 91.59ab 155.71b -
BIDS>0

WTP bids:

All individuals 13.93a 24.35ab 24.43ab 28.67b 23.88ab

Took targetted trips 12.26a 21.19ab 23.06ab 36.67b -

Most recent trip 11.49a 22.37ab 24.16b - -

Trip & Catch21 11.65a 22.37ab 25.65b - -

WTA bids:

All individuals 21.68a 59.84ab 125.45b 126.09b 54.85a

Took targetted trips 20.50a 58.40ab 132.55bc 195.00c -

Most recent trip 19.48a 61.13b 71.47b - -

Trip & Catch21 20.63a 57.88a 123.09b - -

Note: A Duncan’s Multiple Range test was used to test equality of means across successive months.

Means with different letters across months are significantly different from one another at the .10 level.
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Table 3.17. Tests of Equality of AR(1) and AR(2) Models for WTP Series Across Subsets
of Outliers - Striped Bass.

AR(1) Models
Aug.-July Sept.-Aug.  Oct.-Sept. Nov.-Qct.

w/o Noise - - * -
w/o Large - - * .
w/o Large + Noise - - *x -

w/o [nfluence - - - -

AR(2) Models

Sept.= Aug. + Julv  Oct. = Sept. + Aug. Nov. = Oct. + Sept.

w/o Noise - - -
w/o Large * * w3
w/o Large + Noise * - -

w/o Influence - - -

* Represents significance at .01 level.
** Represents significance at .05 level.
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Table 3.18. Tests of Equality of AR(3) and AR(4) Models for WTP Series Across Subsets
of Outliers - Striped Bass.

AR(3) Models
Oct. = Sept. + Aug. + July  Nov. = Oct. + Sept. + Aug.

w/o Noise * -
w/o Large ® * %
w/o Large + Noise * -
w/o Influence * -

AR(4) Models

Nov. = Oct. + Sept. + Aug. + July

w/o Noise -
w/o Large *%
w/o Large + Noise -

w/o [nfluence ok

* Represents significance at .01 level.
** Represents significance at .05 level.
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AR(1) and AR(2) models.

This evidence implies that for the purposes of this investigation extreme value observations
that corresponded to large WTP bids introduced a significant amount of variability in the
CV bid data. and that other types of observations proved relatively inconsequential. Such
evidence suggests that CV bid data may contain particular characteristics that are unique to

any one study and that it is useful to search for this characteristic.

3.4. Implications of Alternative AR Models

A concern in empirical research regards how robust the results are across alternative
models. This usually focuses on functional form (linear versus log models) and could
include alternative types of data structure (e.g.. time-series models associated with
successive time periods versus pooled time-series data) as well as specific AR model forms
(AR models with versus without a drift term. trend term, or both). In this section the latter
two issues are examined for all three target species (striped bass, bluefish, and fluke) and
whether or not the data includes SO CV bids. An F-test was used to examine whether a
restricted AR model (i.e.. an AR model without one of the following terms: drift, trend, or
lagged independent variables or some combination) represented the true model versus an
unrestricted model (a model with lagged independent variables, drift and trend terms. i.e., a

full model).

Concerning AR(1) models estimated over succesive time periods, referred to as “successive
AR models”, the null hypothesis was that a restricted model (i.e., AR(1) without drift,
AR(1l) with only a constant term--drift) was true versus an unrestricted model (AR(1)
model with drift) was true. Results for the WTP series indicated that over all three species
11 cases out of 12 possible cases for bids with $0’s rejected the null that the AR process
follows a drift term alone for both linear and log models (Tables 3.19 and 3.20). This
result was fairly robust for bids without $0’s. Results were mixed concerning whether or

not a drift term should be included in the AR models for the WTP series; 6 of 12 cases
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Table 3.19. Tests of Restricted Models: Successive AR(1) Linear Models.

Aug. = July Sept. = Aug. Oct. = Sept. Nov. = Oct.
RI R2 RI R2 Rl R2 R1 R2
WTP

Striped Bass:

Bids > 0 - * x * . *

Bids > Q wAE - xx EZ3 xx * » *
Bluefish:

Bids >0 * - x % x - * _ *

Bids > @ % - ¥k <k _ ® . i
Fluke:

Bids > 0 x »x - = - = _ *

Bids >0 *® === - * - - - *

WTA

Striped Bass:

Bids 2 0 - - * K x - - xR K *

Bids >0 - - - - - - - *%k
Bluefish:

Bids > 0 ok - - * . * _ x

Bids > 0 - - - * - x _ *
Fluke:

Bids > 0 kK Aok - * . *® .

Bids > 0 - - - x . * _ *

Note: The unrestricted AR(1) model is y(t) = i + By(t-1) + u(t), where . is a drift term. RI refers to the
restricted AR(1) model: y(t) = By(t-1) + u(t) and R2 refers to the restricted AR(1) model: y(t) = n. Nuil
hypothesis is that the restricted model is true versus the alternative hypothesis that the unrestricted model is
true.

* Represents significance at .01 level.

** Represents significance at .05 level.

*** Represents significance at .10 level.
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Table 3.20. Tests of Restricted Models: Successive ARi 1) Log Models.

Aug. = July Sept. = Aug. Oct. = Sept. Nov. = Oct.
R1 R2 R1 R2 R1 R2 R1 R2
WTP

Striped Bass:

Bids > 0 wxx = *x * - * -

Bids >0 - s *% * - Xk Ak
Bluefish:

Bids > 0 * * - * - * _ *

Bids >0 x - o x *x * oo *
Fluke:

Bldb 2 0 x * F33 x - * - %*

Bldb >0 * xx 2 3% K * - - _ g

WTA

Striped Bass:

Bids > 0 - * * * - * o x

Bids > 0 *x - - X - - .
Bluefish:

Bids >0 x * * * - x .

Bids >0 * - *E ¥ * - * . *
Fluke:

Bids > 0 * * *x * . * EE S *

Bids >0 * * % * _ * o "

Note: The vnrestricted AR(1) model is y(1) = o + By(1-1) + u(t). where t is a drift term. R1 refers to the
restricted AR(1) model: y(t) = By(t-1) + u(t) and R2 refers to the restricted AR(1) model: y(t) = p. Null
hypothesis is that the restricted model is true versus the alternative hypothesis that the unrestricted model is
true.

* Represents significance at .0l level.

** Represents significance at .05 level.

**x* Represents significance at .10 level.
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indicated it should for bids with SO's and 8 of 12 for bids without SO’s for linear models.

results for log models were similar. Specific results for individual species tends to reflect

these findings. no one specie dominated the distribution of rejected null occurrences.

Regarding the WTA series the null that the process follows a drift term alone was rejected
for a majority of cases: the log model indicated more rejections compared to the linear
model (Tables 3.19 and 3.20). For this series the inclusion of SO bids increased the
number of rejected nulls. Considering the null of a lagged independent variable only
(without drift) results were mixed: more instances of rejections occurred for log models
compared to linear models. 7 of 12 for bids with SO’s and 6 without SO's compared to 4
instances for linear models with SO’s and none when SO bids were dropped (Tables 3.19,

3.20).

Overall. findings support that the successive AR models do not follow a drift term alone for
both WTP and WTA series, but findings were mixed whether the WTP series follows an
AR process with a drift term, and for the WTA series the process seems to follow an AR

process without a drift term.

This analysis was extended to examine if results would differ based on pooled time series
data. The unrestricted model was that the AR process follows an AR(1) model with drift
and trend terms (where trend terms were represented by dummy variables associated with
each month a bid occurred) compared to the null that a restricted model was true. Four
types of restricted models were compared, R1 an AR(1) model without trend, R2 an AR(1)
model without trend and drift terms, R3 a model with drift alone, and R4 a model with drift

and trend. Both a typical AR(1) model is examined and an AR(1) model based on first
differences, a Ay(t) AR model (i.e., y(t) - y(t-1) = p + By(t-1) + DT + u(t), where W is the

drift term and DT represents a trend component).

For the WTP series associated with the typical AR model (y(t)-model) the latter two

restricted models (R3 and R4) are rejected in all cases for both linear and log specifications
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and whether or not SO bids uare included: the series when pooled does not follow an AR

process with a drift term alone nor an AR process with only drift and trend components

(Table 3.21 and 3.22). This result also holds for the WTA series across linear and log
specifications and over bids with or without SO's. Results petaining to the Ay(t) linear

models only indicate that for striped bass and bluefish both the R3 and R+ restricted models
are rejected across subsets of SO bids for the WTP series and only for striped bass for the

WTA series. Results of log models did not support rejection of the null.

Pertaining to the other restricted AR-v(t) modelis (R [-with drift but without trend, and R2-
without drift and trend) findings over all three species indicate that the null associated with
the RI restricted model can not be rejected in all but one case (WTA-Bluefish with SO

bids). This is strong evidence that a trend component or a seasonal component is not
present in this CV data. Results are identical for the AR-Ay(t) models. In addition, results

indicate that functional specification can influence whether an AR model should contain a
drift and trend term: for all but one case (WTP-log model, striped bass without SO’s) the

null is rejected for the log specification with the results robust over subsets of S0 bids for
both WTP and WTA series and over AR-Av(t) models (Table 3.22). However, for linear

models the null is rejected only for Bluefish with SO bids for the WTP series and is rejected
for both striped bass and bluefish without SO bids for WTP. Concerning the WTA series
for linear models. the null is rejected for bluefish and fluke associated with bids that include
SO’s but only rejected for fluke without SO bids for WTA (Table 3.21). This evidence
implies that once the drift term is dropped from an AR model without trend, the null is
rejected for log specifications and is mixed for linear specifications; log models require a
drift term for both WTP and WTA series but for linear models whether a drift term should
be included is mixed. If one accepts the notion that CV bids may approach some “true”
value other than $O for a long-run equilibrium then a drift term is necessary, which implies

that the mean value of the dependent variable will be non-zero over time.

In general the results based on these model comparisons indicate that 1) successive time
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Table 3.21. Tests of Restricted Models: Pooled AR( 1) Linear Models.

0] Avit)
RI R2 R3 R4 R1 R2 R3 R4
WTP

Striped Bass:

Bids >0 - - =4 =4 . - «.a %.a

Bid5 >0 - ES *.b *.d - K x,b *.Q
Biuefish:

Bids >0 - = =.Q =.d - = %.a +.a

Bids >0 - = b =2 . = «C  x.a
Fluke:

Bids >0 - - =,a %*.Q - _ _ _

Bids > 0 - - =.Q =.d . - R _

WTA

Striped Bass:

Bids >0 - . =.C #.0 - R »d x4

Bids >0 - - - =.b - * xd  %x.Q
Bluefish:

Bids 2 0 - X *.d *,d - xx _ -

Bids > 0 - - *.Q #.4 - - _ -
Fluke:

Bids >0 . * *.4 *.8 - * . -

Bids > 0 - *kk *.Q *.a - *k K - .

Note: The unrestricted AR(1) model: v(t) = i + By(t-1) + DT + u(t), where L is a drift term. DT refers to
trend terms, here dummy variables associated with each month (the drift term is dropped when all dummy
variables are included). R1 refers to the restricted AR(1) model: y(1) = it + By(t-1) + u(t), R2 refers to: y(1)
= By(t-1) + u(r). R3 refers to: y(t) = L + u(t), and R4 refers to: y(t) = DJ + DA + DS + DO + u(t), a model
with drift and trend terms. Null hypothesis is that the restricted model is true versus the aliernative
hypothesis that the unrestricted model is true.

* Represents significance at .01 level based on a t-test.
** Represents significance at .05 level based on a t-test.
*%* Represents significance at .10 level based on a t-test.

dRepresents significance at .01 level based on a Dickey-Fuller test for unit roots.
bRepresents significance at .05 level based on a Dickey-Fuller test for unit roots.
CRepresents significance at .10 level based on a Dickey-Fuller test for unit roots.
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Table 3.22. Tests of Restricted Models: Pooled ARt1) Log Models.

¥t Av(t)
R1 R2 R3 R4 R1 R2 R3 R4
WTP

Striped Bass:

Bids > 0 - Ll *.d *.3 _ * _ _

Bids >0 - - 1 %l - - i} }
Bluefish:

Bids 2 0 - * *,a *.2 _ = . g

Bids > 0 - x =3  xa . e ) )
Fluke:

Bids >0 - * .3 =a R x R )

Bids > 0 - * *.d *.d - * - _

WTA

Striped Bass:

Bids > 0 - * *.2 %2 _ * _ A

Bids >0 - * a4 % . * - ;
Bluefish:

Bids >0 Hx * *,a %,4 - * K, _

Bids > 0 - * #4 x4 . % ) )
Fluke:

Bids > 0 - = €2 2 - * . .

Bids >0 - * *,a *.a _ * _ _

Note: The unrestricted AR(1) model: v(t) = + 8y(t-1) + DT + u(t), where gt is a drift term. DT refers to
trend terms. here dummy variables associated with each month (the drift term is dropped when all dummy
variables are included). R refers to the restricted AR(1) model: y(t) = p + By(t-1) + u(t). R2 refers to: y(1)
= By(t-1) + u(t). R3 refers to: y(t) = i + u(t), and R4 refers to: y(t) = DJ + DA + DS + DO + u(t), a model
with drift and trend terms. Null hypothesis is that the restricted model is true versus the alternative
hypothesis that the unrestricted model is true.

* Represents significance at .01 level based on a t-test.
** Represents significance at .05 level based on a t-test.
*** Represents significance at .10 level based on a t-test.

ARepresents significance at .01 level based on a Dickey-Fuller test for unit roots.
bRepresems significance at .03 level based on a Dickey-Fuller test for unit roots.
CRepresents significance at .10 level based on a Dickey-Fuller test for unit roots.
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periods and pooled time periods are in agreement that an AR model does not follow a

constant or drift term alone: 2) strong support was found that neither a trend nor seasonal
component was present in this CV data. and hence. a trend component was not important in
AR models of the WTP and WTA series. However. whether or not an AR model should
include a drift term was found to be mixed when AR models were based on successive time
periods. while results based on pooled data indicated that a drift term is necessary for log
models but mixed for linear models. Inclusion of a drift may make sense from another
perspective. whether or not CV bids approach a non-zero value over time. If so a drift term

should be included.
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Chapter 4 - Results and Implications of Intertemporal Convergence

4.1. Introduction
In this section results from an examination of convergence over time of the WTP and WTA
series is presented. The results are further examined for robustness across subsets of the

data without SO bids versus the full data set. as well as for subsets of suspect observations.

4.2. Convergence of WTP and WTA Series and Implications of $0 Bids

Various AR models were estimated to examine convergence of WTP and of WTA series
over time. AR(1) models were first estimated. Convergence criteria associated with an
AR(1) models is based on the estimated parameter of an AR(1) mode! with or without a
drift term. If the estimated parameter is less than one the series is said to converge over
time and if greater than one the series is said to diverge. A testable hypothesis was
developed to examine the issue of convergence in AR(1) models. i.e.. the null hypothesis
was formed to test that the estimated parameter is equal to one versus greater than one.
These tests were based on a t-test although for typical time-series data a t-test is not
appropriate because the test statistics are nonstandard (or that the error term is
nonstationary) and a Dickey-Fuller test is commonly used (Enders 1995). In this
investigation it is believed that the panel-type time-series data do not contain inherent
structure common in typical time-series data namely seasonality and trend components, and
that a t-test is appropriate given this characteristic (as a check Dickey-Fuller tests were

conducted).

Results are contained in Table 4.1. For the WTP series parameter estimates were less than
one in 9 of 12 cases, greater than 1 in 2 of 12 cases and equal to 1 in 1 case. Results
indicated that the estimated parameter was significantly different and smaller than one in 7
out of 12 possible cases (all species across all consecutive two-period time periods for

AR(1) model without drift), and significantly different and greater than one in 2 of 12
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Table 4.1. Convergence Results of AR(1; Models for WTP Series and WTA Series: Full Data Set.

Aug. = July Sept. = Aug. Oct. = Sept. Nov. = Oct.

WTP

Striped Bass:

AR(1) w/o drift (<ly===d (<ly=-2 (>1)=2 (<l)*-a

AR(]) wdrift (<l (<lj=2 i(>1)=2a (<l)*-a

Bluefish:

AR(1) w/o drift (<=2 (<hy=-2 (<12 (=1.007)

ARC(1) w drift (<ly=2 (<hy=-2 (<ly=a (=.999)

Fluke:

AR(1) w/o drift (<])=*C (>1=a (<h (<)

AR(1) wdntt (<1)=4 (>1)=-a (<) (<)
WTA

Striped Bass:

AR(1) w/o drift (>1) (<I)=2 (<lyx*=d (<1)=2

AR( 1) wdrift (>1) (<ly*-4 (<l)*=d (<] y=2

Bluefish:

AR(1) w/o drift (=.925) 1) (=1L.0431) (<1)y=-2

AR(1) w drift (<) 1) (=1.0139) (<1)*=-2

Fluke:

AR(1) wfo drift 1 (>1)*2 (<) (<l)=a

AR(1) wdrift (<l) (>1)**€ < (<l)*a

Note: Numbers in parentheses represent the absolute value of the magnitude of the parameter estimate, B as
in the following AR(1) model: y(t) = By(t-1) + u(t). relative to 1. Test is if B=1 versus not.

* Represents significance at .01 level based on a t-test.
** Represents significance at .05 level based on a t-test.
*** Represents significance at .10 level based on a t-test.

dRepresents significance at .01 level based on a Dickey-Fuller test for unit roots.
bRepresents significance at .025 level based on a Dickey-Fuller test for unit roots.
CRepresents significance at .05 level based on a Dickey-Fuller test for unit roots.
dRepresems significance at .10 level based on a Dickey-Fuller test for unit roots.
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cases. This result was also obtained when a drift term was included. Furthermore the

finding was robust across the subset without SO bids: the majority of cases involving WTP
models exhibited estimates significantly different and smaller than one (Table 4.2). For
these series the process converges based on these results. However. for WTP associated
with October. September time periods for striped bass and September. August time periods

for fluke the process diverges.

For the WTA series. parameter estimates were less than one for 6 of 12 cases, greater than
one in 4 of 12 cases and equal to | in 2 of 12 cases (Table 4.1). Estimated parameters
were found to be significantly different and smaller than one in 5 of 12 cases. and
significantly different and greater than one in 1 case. Results were similar in the case of
nonzero bids (Table 4.2). Overall evidence appears to favor convergence of WTP series
(more cases exhibited convergent behavior) as opposed to WTA series which exhibited less

convergent behavior on the basis of AR(1) models.

The tests of hypotheses (8=1) based on Dickey-Fuller (D-F) tests tended to confirm the t-
test results: all the same results and significance levels for the WTP series, and 2 cases out
of 48 possible cases in the WTA series (full data set and subset without SO bids combined)
declined in significance by one-level (e.g., from .05 to .10 level). Both changes occurred
for an AR(1) model with a drift term where critical values for a D-F test increased over
those of an AR(1) without drift term. Also in one case, AR(1) model without drift the
slope parameter for the WTA series (i.e., bluefish, September=August, full data set)

becomes significant.

The similarity between both tests (t-test and D-F test) is probably surprising given the time-
series literature. Traditional time-series analysis is based on historical prices, financial
instruments, exchange rates, etc. These series contin inherent structure such as seasonality
and/or trend effects that could result from macroeconomic events such as cyclical changes.
It is suspected that these factors contribute to specific structure of the error term that renders

OLS and traditional statistical tests inappropriate due to nonstandard distributions in the
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Table 4.2. Convergence Results of AR(1) Models for WTP Series and WTA Series: Without SO Bids.

Aug. = July Sept. = Aug. Oct. = Sept. Nov. = Oct
WTP
Striped Bass:
AR} w/lo drift (<l (<])=4 (>]y=2a (<]y=2a
AR(1) wdrift (<py==c¢ (<> (>1)*2 (<l)y=2
Bluefish:
AR(1) wio drift (<) (<h)=2 (<l)*-a 1
AR() wdrirt (<ly===C (<iy=2 (<l)=-2 >1)
Fluke:
AR(1) w/o drift (<ly==b (>1)*-2 (<l (=1.0663)
AR(1) w drift (<1)*2 (>1)=3a (<) (=.9439)
WTA

Striped Bass:
AR(1) w/o drift >1} (<l)y==C (<l) (<1)*2
AR(1) w drift (<l) (<) (<ly=*=d (<ly*a
Bluefish:
AR(1) w/o drift (=1.0774) 1) "(=1.0694) (<l)=-2
AR(1) w drift <) >1) (=.9976) (<l)y*=d
Fluke:
AR(1) w/o drift (>1) (>1)=a (<) (<ly*-a
AR(1) wdrift (<! {(>1)*x=C (<l) (<l)*-2

Note: Numbers in parentheses represent the absolute value of the magnitude of the parameter estimate, B as
in the following AR(1) model: y(t) = By(t-1) + u(1), relative to 1.

* Represents significance at .01 level based on a t-test.
** Represents significance at .05 level based on a t-test.
*** Represents significance at .10 level based on a t-test.

aRepresents significance at .01 level based on a Dickey-Fuller test for unit roots.
bRepresems significance at .025 level based on a Dickey-Fuller test for unit roots.
CRepresents significance at .05 level based on a Dickey-Fuller test for unit roots.
dRepresents significance at .10 level based on a Dickey-Fuller test for unit roots.
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standard error term. The series in which this investigation is based on does not contain this

inherent structure because the data are panel data, represents welfare measures - not prices,
and do not represent a long time series as does traditional time series data. It is believed
that this welfare series are free of seasonality. trend and other such structure inherent in
traditional time series data as shown in Chapter 3. This showed that the restricted AR(1)
model without trend and/or drift could not be rejected compared to an unrestricted AR(1)
model with drift and trend terms in all cases (across species, functional form, and subsets
of SO bids). This is strong evidence that there is no trend nor seasonality associated the CV

data used in this investigation.

Examination of convergent behavior followed based on AR(2) models. In this case the
roots associated with the characteristic equation of an estimated AR(2) model were derived
based on the logic of the quadratic equation using the mathematical computational package,
Maple. Where complex roots were derived the procedure for finding the length of the
vector from the origin to the point represented by the root described in Chapter 2 was
conducted. Results of the relative magnitude of these roots are contained in Table 4.3.
Evidence indicates that both WTP series and WTA series exhibit relatively similar
convergent behavior, 5 of 9 cases for WTP had estimated roots less than one, and 6 of 9
cases for WTA had estimated roots less than one. Results were robust over the subset

without SO bids.

Next an AR(3) model was estimated and the respective roots were derived for the
associated characteristic equation. Results for the WTP series were mixed, 3 of 6 cases
had estimated roots less than one, and 4 of 6 cases for the WTA series exhibited roots
greater than one (Table 4.4). Results of AR(4) models were less encouraging, 3 of 3
possible cases exhibited divergence behavior for the WTP series and only 1 of 3 cases for
the WTA series (Table 4.5). It is possible that some aspect of data variability is causing
these results. The next step involved examining convergence behavior using AR models

for various subsets of suspect observations.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Table 4.3. Convergence Results of AR(2) Models for WTP Series and WTA Series:

[mplications of SO Bids.

83

Sept.= Aug. + July

Oct. = Sept. + Aug.

Nov. = Oct. + Sept.

Striped Bass:

WTP:

w SO R<l
w/o SO R<I
WTA:

w SO R>1
w/o SO R>1
Bluefish:

WTP:

w SO R<«l1
w/o SO R>1
WTA:

w SO R>1
w/o SO R>I
Fluke:

WTP:

w SO R>1
w/0 SO R>1
WTA:

w SO R>1
w/o0 SO R>1

R>1
R>1

R«l

Rl

R«l

R<1

R<«l1

R«li

R>1

R>1

R«l
R«l]

R<«l1
R<«l

R<«l

R>1

R>1

R>1

R<«l

R«l

R<«l

R>1

R«l
R<«l

Note: R refers to the roots of the characteristic equation associated with an appropriate AR
model. The relative magnitude of all roots are indicated relative to the length of the radius
of the unit circle, e.g., R<1 indicates that all roots lie inside the unit circle.
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Table 4.4. Convergence Results of AR(3) Models for WTP Series and WTA Series:
Implications of SO Bids.

Oct. = Sept. + Aug. + July Nov. = Oct. + Sept. + Aug.

Striped Bass:

WTP:

w SO R<l R<l1
w/o SO R>1 R<l1
WTA:

w SO R>1 R>1
w/o SO R>1 R>1
Bluefish:

WTP:

w SO R«l! R>1
w/o SO : R<«l R>1
WTA:

w SO R>1 R<«l1
w/o SO R>1 R>1
Fluke:

WTP:

w SO R>1 R>1
w/o SO R>1 R>1
WTA:

w SO R>1 R<«l
w/o SO R>1 R<«l1

Note: R refers to the roots of the characteristic equation associated with an appropriate AR
model. The relative magnitude of all roots are indicated relative to the length of the radius
of the unit circle, e.g., R<! indicates that all roots lie inside the unit circle.
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Table 4.5. Convergence Results of AR(4) Models for WTP Series and WTA Series:
Implications of SO Bids.

Nov. = Oct. + Sept. + Aug. + July

Striped Bass:

WTP:

w SO R>1
w/o SO R>1
WTA:

w SO R«l
w/o SO R«l
Bluefish:

WTP:

w SO R>1
w/o SO R>1
WTA:

w SO R>1
w/o SO R>1
Fluke:

WTP:

w SO R>1
w/o SO R>1
WTA:

w SO R>1
w/o SO R>1

Note: R refers to the roots of the characteristic equation associated with an appropriate AR
model. The relative magnitude of all roots are indicated relative to the length of the radius
of the unit circle, e.g.. R<I indicates that all roots lie inside the unit circle.
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4.3. Convergence Behavior of WTP Bids and Implications of Suspect

Observations

In this section the issue of convergence is examined for various subsets of suspect
observations identified earlier. A testable hypothesis was examined, whether the estimated
parameter equal one versus not for AR(1) WTP bid models for striped bass. Results
indicate that based on the full data 3 of 4 consecutive WTP series exhibits convergent
behavior: 3 of 4 AR models resulted in estimated parameters less than one and these were
significantly different than one (Table 4.6). This result is identical for the data subset that
corresponds to “Noise.” however, the data subset of large WTP bids results in convergent
behavior of AR models for all consecutive time periods. Surprisingly the influence data

subset exhibited mixed results.

Hypothesis tests based on unit root tests (i.e., B=1) were also conducted for the AR(1)
models. Only 2 changes occurred when hypothesis tests were based on a D-F test
compared to t-test results (i.e., September=August period for the subset without
“influence™ and for the November=October period for the subset without “large & noise™
Table 4.6). Hence. results of the unit root tests based on a D-F test were almost exact
compared to those based on t-tests. Again it is suspected that this similarity is because the

CV data does not contain inherent structure as does traditional time-series data.

Findings from the AR(2) models and their characteristic equations indicates that
convergence behavior is robust over all data subsets except for the “influence” subset,
although the magnitudes and/or length of some roots change and reverse over various
subsets (Table 4.6). All indicate that in 2 of 3 different time periods WTP behavior
represented convergence behavior. Results of the AR(3) models and associated
characteristic equation were more encouraging where results indicated that for both time
periods the WTP series converges (Table 4.7). This result was robust over the data
subsets except for the “Noise” subset. Finally the AR(4) model and roots from the
characteristic equation indicate convergence behavior for the full data set, and the data set

without “large” WTP bids (Table 4.7). Overall the results based on the Belsley ez al.
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Table 4.6. Convergence Results of AR(1) and AR(2) Models for WTP Series for Striped
Bass: Implications of Subsets of Outliers.

AR(1) Models

Aug. =July Sept. = Aug. Oct. =Sept. Nov. = Oct.

Full data set (<])***d (<l)*-2 (>1)*a (<l)*2

w/o Noise (<) (<l)*a (>1)*a (<l)y*a

w/o Large (<l)*®c (<l)*a (<l)*2 (<l)=a

w/o Large + Noise (>1)**=*.d (<1) (<1) (<l)y=*.b

w/o Influence >1) (<1)*d (=.9748) (>1)**.c
AR(2) Models

Sept.= Aug. + July Oct. =Sept. + Aug. Nov. = Oct. + Sept.

Full data set R<1 R>1 R<l
w/o Noise R<l R>1 R<1
w/o Large R>1 R<l1 R<«l1
w/o Large + Noise R>1 R<«l R<1
w/o Influence R>1 R«l1 R>1

Note: For AR(1) models, numbers in parentheses represent the absolute value of the
magnitude of the parameter estimate, 8 as in the following AR(1) model: y(t) = By(t-1) +
u(t), relative to 1. Testis if B=1 versus not. In addition for AR(2) models, R refers to the
roots of the characteristic equation associated with an appropriate AR model. The relative
magnitude of all roots are indicated relative to the length of the radius of the unit circle,
e.g., R<1 indicates that all roots lie inside the unit circle.

* Represents significance at .01 level based on a t-test.

** Represents significance at .0S level based on a t-test.

*** Represents significance at .10 level based on a t-test.

3Represents significance at .01 level based on a Dickey-Fuller test for unit roots.

bRepresents significance at .025 level based on a Dickey-Fuller test for unit roots.

CRepresents significance at .05 level based on a Dickey-Fuller test for unit roots.

dRepresems significance at .10 level based on a Dickey-Fuller test for unit roots.
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Table 4.7. Convergence Results of AR(3) and AR(4) Models tor WTP Series and WTA
Series: Implications of Subsets of Outliers.

AR(3) Models

Oct. = Sept. + Aug. +July  Nov. = Oct. + Sept. + Aug.

Full data set R<! R<l
w/o Noise R>1 R>1
w/o Large R<«l R<1
w/o Large + Noise R<l R>1
w/o Influence R<lI R<I
AR(4) Models

Nov. = Oct. + Sept. + Aue. + Julv

Full data set R<«l
w/o Noise R>1
w/o Large R<l1
w/o Large + Noise R>1
w/o Influence R>1

Note: R refers to the roots of the characteristic equation associated with an appropriate AR
model. The relative magnitude of all roots are indicated relative to the length of the radius
of the unit circle. e.g., R<1 indicates that all roots lie inside the unit circle.
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(1980) influence procedure had mixed results, with the majority of cases showing

divergence behavior.

4.4. Conclusions and Directions
Previous applications of the CV method have not considered the use of time series
techniques to examine and test for evidence of convergence in CV bid behavior. Such an

approach applied to panel data can assist in research in this area and is to be encouraged.

To summarize the findings of this investigation it is noted that on the basis of mean values
as illustrated in the series’ graphs provides evidence. that especially for the specie bluefish
some level of convergence in WTP bids occurred. WTP bids declined from initial levels

over time and this result was somewhat robust without the presence of SO bids.

However. when time-series techniques are used to examine convergence of a series
findings are somewhat mixed. For example. convergence of WTP bid series for striped
bass had mixed results, and this result was found to be robust over various subsets of
suspect observations. For all time periods and AR series representations based on the full
data set results indicated convergence behavior, but for the AR series that involved October
and September time periods results were opposite. There was no single data subset
whereby its exclusion caused results that cutperformed one another, i.e., the results were

robust across subsets of suspect observations.

The results and findings based on convergence of WTP and WTA series and possible
effects of SO bids appear to indicate the WTP series exhibited more convergence behavior
than did the WTA series, and that results were robust over subsets without $0 bids. A
reexamination of the graphs of the series would tend to confirm this finding, that the WTP
series appears to exhibit more convergence behavior than does the WTA series. It is
suspected that the data associated with fluke suffers from too few observations since the

number of observations that contain CV bids over the various time periods is small.
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Perhaps this is a problem for all data sets. however. controlled experiments usually involve

from 7 to 15 or more individuals per trial. The WTP series associated with bluefish trips
appears to exhibit convergence behavior from the series graphs and is thought to be a good
candidate for the empirical tests, however performance of AR processes bevond an AR(1)

process degenerate.

[t could be possible that convergence in a time series sense and based on time series
techniques represents a strong test of convergence and could be overly sensitive to the
variation present in these CV bids. Further research is the only means to address and

resolve this concern.

Other possible explanations for the mixed findings of this investigation concerns the degree
of substitutability of the goods in this experiment, and the fact that the experiment involved
an applied field setting. To an active sport fisherman the decision and subsequent fishing
tactics for each of the three species involve differences in effort, location, and in
equipment. In this sense the three different species trips involves a fairly unique good with
few substitutes. As Hanemann (1991) has argued and as Shogren et al. (1994) has
demonstrated the degree of substitutability between goods matters and can become a critical
factor concerning convergence. Unfortunately with sport fishing there may be few species
and/or targets which can serve as substitutes for each other. Certain species are not
abundant at the same time, and locations and fishing equipment are fairly specific to
particular species, and it is quite possible that sport fishermen prefer specific species and
tailor their fishing activity towards that specie. For these reasons it may not be possible to

uniquely determine convergence or divergence behavior in sport fishing applications.

Overall the evidence found in this investigation based on quasi-experimental data (repeated
games of sport fishermen over a season involving up to 5 repeated surveys/games each
corresponding to a month, yielding 5 bidding periods) suggests that experienced, active
recreational participants do revise their CV bids over multiple time periods. This could be

due to their familiarity with the CV game over time, changes in their tastes and in repeated
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thinking about their true preferences. and in their success or failure in a particular time

period.

Such findings suggest profound effects on future work in CV methods and in experimental
methods that elicit preferences for nonmarket/public type goods. First off, these findings
suggest that single point estimates based on one-time application of CV method may not be
appropriate in field studies designed to assess values for NRDAs, no matter how good the
application is. Because of tastes and experience. respondents can and will revise their CV
bids in repeated game playing. Secondly. our findings suggest the need for continued
experimental evidence in the CV method; to advance the technique. and to establish

credibility and recommendations for its use.
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