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ABSTRACT

A method of paired comparison is adapted for use in estimating economic measures of
value. The method elicits multiple binary choices for paired items in a choice set. Prob-
ability distributions and economic values are estimated nonparametrically and parametri-
cally. The method is applied in an experimental context with a choice set composed of
four private goods and several sums of money. The sample’s median value estimates for
the goods are generally not different than the market prices for these goods. People who
are in the market for a good value it higher than those not in the market for the good.
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Introduction

Psychologists, since the 19th Century, have
developed and used the method of paired com-
parisons (PC) to elicit binary choices or judg-
ments for paired items in a choice set. Re-
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spondents choose the item in the pair that has
a greater magnitude on a given dimension,
whether it is for physical properties such as
weight or psychological properties such as
preferences. Given z elements, the method
presents them independently in pairs as
(z/2)(z-1) discrete binary choices.! The indi-
vidual simply chooses the preferred element in
each pair.2 It there are no preference errors,
and if preferences obey the axioms of utility

"When z is large, various mcthods can be used to
reduce the number of choices presented to any indi-
vidual (David: Green and Srinivasan).

* Whether to allow the individual an indifference
option or to require a choice is debatable. We argue
that forcing a choice in all cases maximizes discern-
ment of difference while revealing indifference sto-
chastically. Across individuals, or across repetitions of
the choice for the same individual, the expected effect
of indifference is an equal number of selections of each
element in a pair. The requirement of a choice is sim-
ilar 10 discrete choice contingent valuation format
where the individual is allowed only two options,
“yes” or “no’.
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theory (especially transitivity and comparabil-
ity), the result will be a perfect rank ordering
of the elements in the choice set. Since people
can and do make choices from among subsets
of the universal set of possible elements, the
construction of a choice set should be sensitive
to perceived permissible elements (Etzioni),
choice-incentive compatability, and indepen-
dent of irrelevant alternatives (LLouviere).

Many arguments have been made concern-
ing the need to be able to measure the eco-
nomic value of goods and services, especially
when these goods and services are not traded
in established markets (Cummings, Brook-
shire, and Schultze: Mitchell and Carson; Pe-
terson, Driver, and Gregory). Several valua-
tion methods are in use, each with its own set
of potential biases. Eliciting stated preferences
through hypothetical markets is one way to es-
timate economic values. As in any science, it
is prudent to continually test, expand and im-
prove existing methods, and explore the ap-
plication of new methods to current issues.
One example is the recent extension of con-
joint analysis (a stated choice method) from
the marketing and transportation fields to en-
vironmental goods valuation (Gan and Luzar;
Johnson and Desvousges; Roe, Boyle, and
Teisl). Most stated choice methods are con-
cerned with valuing the mix of attributes of a
given good (Adamowicz et al.).

Conjoint analysis is the application of a
multi-attribute technique that decomposes val-
ue sets of individual evaluations, or discrete
choices, from a designed set of multi-attribute
alternatives (Louviere). Conjoint analysis has
been extensively used in marketing and trans-
portation research and product development.
In conjoint analysis there are essentially four
different elicitation formats including ranking,
rating, discrete choice, and graded-pair com-
parison applications (Louviere; Johnson and
Desvousges). We use a discrete choice or
paired comparisons method because it is the
basic choice context. Choices elicited in a PC
context can be used to derive ratings, rankings,
and relative strengths of preferences for ele-
ments in a choice set.

We focus on using PC to value a mix of
goods as opposed to the traditional application
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of conjoint analysis for valuing levels of attri-
butes of a single good or program. For ex-
ample, in a policy context we may be inter-
ested in ordering or measuring economic
preferences for a variety of programs under
resource constraints. Qur application of PC be-
gins with simple choice problems involving
private goods. Broadened applications of PC
to valuing public goods (Champ and Loomis;
Peterson and Brown), to valuing varying lev-
els of a good (Lockwood, 1998), or valuing
changing levels of several attributes of a good,
may blur a distinction between PC and con-
joint analysis. The application of PC to valu-
ing public goods would seem to be straight-
forward methodologically, as exemplified in
the applications previously cited. However,
many other observable and labile factors could
affect people’s preference expressions (Fisch-
hoff; Schkade and Payne; Slovic). PC may be
one method that could be used to investigate
these factors and how they affect individuals’
values for public goods (Lockwood, 1999).

PC has several potential advantages when
compared with more traditional hypothetical
market techniques for estimating economic
values. These advantages include: 1)
merger of other disciplinary techniques (e.g.,
psychometrics) and knowledge with econom-
ics (Lockwood, 1999); 2) development of con-
text-, decision-, and policy-relevant choice
scenarios (Mitchell and Carson); 3) segmen-
tation of aftected heterogeneous parties (Swal-
low er al). 4) reduction of framing bias in
stated preference surveys (Mitchell and
Carson): and 5) estimation of conservative
willingness-to-accept compensation measures
(Loomis et al.). One disadvantage ot using PC
models is the exacerbation of potential biases
afflicting other hypothetical market valuation
techniques, including information scenario de-
velopment (Mitchell and Carson), use of heu-
ristics in decision-making (Hogarth) and non-
economic behavioral responses (Lockwood.
1999).

Even though our application of PC is with
market goods, we have alluded to the potential
application of the method to the valuation of
non-market goods. We do not contend that the

can

results of this experiment provide any evi-
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dence on the validity of PC to valuing non-
market goods. However, if a method does not
perform well when applied to goods with
known markets, then we should have little
confidence in its extension to contexts without
markets. Our experiment regarding PC is a
step back from other applications that have
valued public goods (Champ and Loomis;
Lockwood, 1998; Peterson and Brown). Our
intent is to more fully develop the theory and
econometric modeling of the data in the con-
text of market goods. The rest of this paper
discusses the following elements. The method
of paired comparison is presented, including
the type of economic value that is elicited, the
experimental design, and different ways to
structure the data collected. An experimental
test of the method is discussed highlighting the
applicability of the method to economic val-
uation. The data collected in the experiment is
used to demonstrate how economic values can
be estimated from the data. We will close with
a few conclusions on the subject of the paper,
and some recommendations for future re-
search.

The Method of Paired Comparison and
Economic Value

The relationship between preference ranking
from a PC experiment and economic neoclas-
sical utility theory has been presented else-
where (Peterson and Brown). Suffice it to say,
the intertwining among the roots of economics
and psychological choice theories offers an
opportunity to cast PC in terms of utility max-
imizing discrete choice theory. thus providing
an economically consistent justification for the
use of the well-developed psychometrics of
PC to economic valuation applications.

PC gathers multiple trade-off observations
for all elements in the choice set. If the goods
in the choice set are well chosen, then PC may
provide contexts and choice criteria for the
revelation of theoretically consistent economic
preferences. These contexts and choice criteria
include an increase in the likelihood that the
individual will think caretfully about the char-
acteristics, substitutability, trade-offs, and rel-
ative worth of the target good(s) in the course
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of making the required comparison. PC may
also enable the identification of contexts in
which the economic question is not perceived
to be the appropriate question (Anderson; Sa-
goff).

The trade-off relationship between money
(M) and a target good (X) can be defined using
standard utility theory (U(X,M)). Three differ-
ent reference points (buyer, seller, and choos-
er) and their corresponding valuation ques-
tions and subscquent value measures (WTP,
WTA, and WTF)* can be identified (Kahne-
man, Knetsch and Thaler). First, if from the
buyer reference point where the base or en-
dowment case is U(X’M') (does not possess
the good (X)), the valuation question attempts
to elicit maximum WTP for the gain in the
good, or the question of where U(XM') =
UX' .M — WTP). Second, if from the seller
reference point where the base case is
U(X',M") (possesses the good (X)), the valu-
ation question attempts to elicit minimum
WTA for the loss of the good. or the question
of where U(X' ,M?) = U(X" M" + WTA). And
third, if from the chooser reference point
where the base case is U(X",M") (does not pos-
sess the good), the valuation question attempts
to elicit minimum WTF for not choosing the
good, or the question of where U(X' ,M?) =
U(X%M').# In either case, the measures (when
one of the elements of a pair is money) are all
monetary equivalents for the change in the

YWTP is willingness to pay from the buyer’s ref-
erence point. WTA is willingness to accept compen-
sation from the seller’s reference point. WTF is will-
ingness to accept from the chooser’s reference point,
or an individual’s willingness to forego a gain in one
element of a pair for the other element in the pair.
Peterson and Brown call WTF *‘willingness to accept
compensation [rom the chooser’s reference point
(WTA,)”. However, to avoid confusion with the tra-
ditional WTA measure from the seller’s reference
point, we use WTF to identify respondent choices be-
tween alternative gains.

* WTF reflects the opportunity cost of choosing one
of the elements in a pair. In the case where one ot the
elements in a pair is money. then the opportunity cost
for the good is the amount of money being foregone.
The goal is then to elicit the minimum opportunity cost
or WTF that equilibrates the amount of money being
offered and the good. The exact relationship between
WTF and WTA is an empirical question for which we
have no data.
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good (AX). Regardless of the reference point,
all approaches are attempting to measure the
equivalent change in income (AM) for X.

The chooser reference point question dif-
fers from the other reference point questions
in that this question is concerned with two al-
ternative future states and not a status quo
state. In other words, the chooser reference
point is when an individual chooses between
alternative gains, selecting the one that maxi-
mizes her utility. For example, she may
choose between $25 and a good, such as a
cordless phone or a wildlife art print. By def-
inition, we are attempting to measure the min-
imum amount of money she would be willing
to accept to forego the gain in the relevant
good offered. Similarly, the amount of money
presented 1n each choice represents the oppor-
tunity cost of choosing the good—if she
chooses the good, then her minWTF = $25;
if the money is chosen, then minWTF = $25.
Over the pairings of several sums of money
with a good, we may be able to bound
minWTF by the interval in which she switches
from preferring the good over smaller sums of
money to preferring larger sums of money
over the good.

WTF is different from WTA in that no real
or perceived loss from a good occurs in the
chooser reference point scenario—the individ-
ual does not yet possess the good being of-
fered in the experiment. This should avoid be-
havioral effects on WTA measures such as
loss aversion (Kahneman and Tversky). re-
sulting in economic measures that are more
conservative than WTA measures. Kahneman,
Knetsch and Thaler provide evidence that
WTF is closer to WTP from the buyer refer-
ence point than WTA. Loomis et al. provide
evidence that the ratio to WTP for the same
good 1s smaller when WTF is estimated with
PC than when WTA is estimated. Loomis et
al. also show that this ratio of PC derived
WTF to contingent valuation derived WTP is
closer to ratios found in actual cash experi-
ments. Thus, PC measures of economic value
may be more conservative than measures of
WTA from the traditional seller reference
point. offering an alternative to the approach
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where WTP measures act as proxies for WTA
measures.

Experimental Design

The paired comparison experiment was de-
signed so that the binary choices or pairs of
elements were randomly presented by means
of a computer code. Each element in the ex-
periment was identified by a short name.
These names were presented in pairs that ap-
peared side-by-side on the computer monitor.
The computer program presented all possible
pairings ot the choice set elements. The par-
ticipant simply had to choose the preferred el-
ement in each pair by pressing the right or left
arrow key on the keyboard. Mistakes could be
corrected by pressing the “backspace” key
and changing the selection. The choice exper-
iment was immediately followed by several
debriefing questions including attitudinal and
sociodemographic questions. The computer
program recorded: 1) the participant’s choice
for each pair in an ordered matrix, which rep-
resents the participant’s dominant preference
order of the elements, 2) the time in seconds
required for each choice, 3) the sequence num-
ber of each choice, 4) the pairs that resulted
in circular (riads or intransitivities (e.g..
A>B>C>A), and 5) original choice switches,
if any, for the two types of retrial choices—
pairs that were identified to be part of a cir-
cular triad, and ten randomly selected pairs
that were consistent with the participant’s
dominant preference order. The responses to
these retrial pairs replaced the original choices
in the ordered choice matrix.

Mitchell and Carson provide a typology of
potential response effect biases in hypothetical
valuation studies. Some of these biases can be
reduced, it not eliminated. by the design of the
PC computer experiment as defined above.
Two key elements in any experimental design
are randomization and replication (Thurstone).
While PC cannot be made bias-free, several of
the biases can be balanced out. These include
starting point bias, importance bias (framing
effect). position bias, and question order bias.
The reduction of these biases was accom-
plished through a double randomized presen-
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Table 1. Example of an Ordered Choice Matrix for Individual with Two Goods (A and B)
and Four Sums of Money (§W, $X, $Y and $2)

Elements sW A $X $Y B $Z Row Sum
sW — 1 1 { 1 1 5
A 0 - ! 1 1 1 4
$X 0 0 —— i 1 1 3
$Y 0 ¢ 0 -— 1 1 2
B 0 0 0 0 — 1 1
$Z 0 0 0 0 0 — 0
Column Sum 0 i 2 3 4 5 —

Note: The ordered choice matrix contains no circular triads. The sums of money are ranked according to dollar
magnitude as $W << $X << $Y < $Z. Column Sum is a measure of the dominant preference order of the goods based
on the number of times each element was chosen over all other elements in the choice set. Row Sum is a measure of
the dominant preference order and is the inverse of the Column Sum.

tation of the pairs of elements according to
sequence and placement of pairs on the mon-
itor by the computer program. Question order
and starting point bias are reduced or elimi-
nated by randomizing the sequence in which
the pairs are presented to each participant (Al-
berini). In addition, each participant had prior
knowledge of the choice set in the experiment,
reducing concern over pathway bias (Gregory
et al.). Position bias is eliminated or reduced
by randomizing the sequence of the pairs and
the placement (right or left on the monitor) for
each participant. Importance bias is potentially
reduced through PC because of its ability to
include several goods, providing not only is-
sues of substitutability between goods, but
also “‘hiding” the target good from the direct
purview of the participant. However, with the
inclusion of several goods, other biases. such
as information bias, may be exacerbated by
PC. Other forms of bias or uncertainty regard-
ing the validity and reliability of value mea-
sures derived from experiments using hypo-
thetical markets are issues that PC may not be
an improvement on over other stated prefer-
ence methods (Harris, Driver and Mec-
Laughlin).

The double randomization of the order and
placement of each pair in the experiment al-
lows each choice from every participant to be
treated as independent from all other choices,
including their own. If participants’ preferenc-
es are well formed and known, then their pref-
erences should be consistent and complete,
whether presented randomly or not. Empirical

evidence of this will be presented when the
experiment is discussed in detail.

Structure of the Data

In PC, all elements of a pre-defined choice
set are paired with all of the other elements,
eliciting a response from each individual about
their preferences for the elements in the choice
set. Thus, the data in a PC experiment consists
of n, m X m matrices where n is the number
of people in the sample, and /n is the number
of elements in the choice set. Each observa-
tion, m,, is that person’s binary response to the
i" and j" element (with i # j). The m,’s can
be coded as ‘0’ being a “‘no’’ response (a pret-
erence for the j” element over the /" element).
or as ‘1’ being a “‘yes’ response (a preference
for the i element over the j” element). The
data can be partitioned in various ways for dif-
ferent analyses.

First, this choice matrix can be ordered for
each participant by row or column sums,
which provides a rank ordering ot the ele-
ments in the choice set representing that par-
ticipant’s dominant preference order, or the
number of times each element was chosen
over all other elements in the choice set. Table
I provides a visual description of a person’s
ordered choice matrix for a two goods by four
sums of money experiment. This rank order-
ing can be used to explore the transitivity as-
sumption of rationality in utility theory.

Second, all choice matrices, one for each
participant, can be aggregated to provide the
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sample’s aggregate ordered choice matrix
where all participants receive a weight equal
to one. Row and column sums of this matrix
provide the sample’s dominant preference or-
der. This would be similar to a social rank or-
dering of the elements in the choice set.

Third, the choice matrix can be partitioned
to isolate a participant’s responses for a single
element in the choice set. This is the extraction
of the relevant choices from each row or col-
umn vector for the target good. If we further
restrict the partitioning to only include re-
sponses between the target good and sums of
money, and extract a row vector for each par-
ticipant, then we would have a matrix (F) of
the following form:

(i=1...n

(h  E=le,|sy] with|j=1...j
k=1...k

where n = sample size, j = sum of money,

and k = attitude and sociodemographic vari-
ables.” The size of the matrix is n X (j + k).

and the ¢, is the partitioned matrix of the bi-

Y
nary coded responses as defined above. That
is, all row vectors of (0’s and 1’s between the
target element and the sums of money, one for
each person, are stacked in a single matrix.
This matrix is a collection of all participants’
binary choices for the target good across all
sums of money and attitude/sociodemographic
variables (s,). This matrix provides us with
the relevant choice information for estimating
economic values for the target good. Table 2
provides a visual description for the two goods
by four sums of money case with four indi-
viduals. Further data structuring is presented
in the next section.

Estimating Economic Values from PC
Data

Nonparametric Estimation

Economic values for each good in a PC ex-
periment can be estimated parametrically or

> The attitude/sociodemographic variables. along
with other information collected on each individual,
can be appended to each row vector.
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Table 2. Example of a Goods Matrix Con-
sisting of Four Individuals’ Binary Choices
Between Good B and Four Sums of Money
($W, $X, $Y and $7)

Indi. GOOD B

vidual ~ $W $X $Y $2
! 0 0 0 1
2 0 0 I !
3 1 I I I
4 0] 1 0 I

Note: The sums of money arc ranked according to dolar
magnitude as $W < §X < $Y < $Z. Individual four il-
lustrates a circular triad.

nonparametrically. For nonparametric mea-
sures, the relevant data matrix is the parti-
tioned matrix that consists of all choices be-
tween a good and the sums of money as
defined above (sec Table 2 for an illustration).
If each participant’s preference rankings be-
tween a good and the sums of money are tran-
sitive and the elements are comparable and
tradable, then the interval in which someone
switches from preferring the good over a sum
of money to preterring a sum of money over
the good can be identified. For example, in-
dividual 2 in Table 2 prefers good B to $W
and $X, but prefers $Y and $Z to good B,
where $W < $X < $Y < $Z. The individual
switches from preferring the good to prefer-
ring money in the interval $X to $Y. The eco-
nomic value for the good lies in the interval
boundcd by the dollar aumounts.

Estimating values for the sampie can be ac-
complished in two ways. First, each partici-
pant’s value can be aggregated and averaged
as the sample’s aggregate estimate. Second,
each column of individual choices can be ag-
gregated as the proportion of the sample pre-
ferring the good to a sum of money. Aggregate
proportions can be mapped as the sample’s
empirical distribution or survival function
(Kristrom). This empirical distribution 1s
equivalent to a cumulative density function.
The sample’s mean and median value for the
good are directly derivable; the former is sim-
ply the integration under the empirical distri-
bution function, and the latter is the value cor-
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responding to the 50 percent survival level
(Kristrom).

These nonparametric estimates, however,
are point estimates of the value of the good.
There may be circumstances when it is im-
portant to be able to estimate the distribution
function and the corresponding mean and me-
dian values parametrically. Parametric models
can also capture information on covariate ef-
fects of measured observable (e.g., income)
and labile (e.g., attitudes) differences between
individuals or classes of individuals. Paramet-
ric models can then be used to predict esti-
mates, transfer estimates to other sites (benefit
transfer), or generalize estimates for other
populations.

Parametric Estimation

Each choice in a PC experiment is a discrete
binary choice. Therefore, standard limited de-
pendent variable analysis can be used to esti-
mate a cumulative density function and sub-
sequent mean and median values. Two
standard approaches include Hanemann’s util-
ity difference approach and Cameron’s com-
pensation function. McConnell has shown that
these two approaches are dual with linear
specifications of the random utility model and
constant marginal utility of income. Hane-
mann’s approach is adopted as a matter of
computational convenience. In this approach,
participants are believed to be using a random
utility difference approach when deciding
which element to choose out of a pair of ele-
ments presented to them. Similar to discrete
choice contingent valuation applications, the
money element in each pair represents the
“offer bid” ($BID). If the utility difference is
logistically distributed,® a logit model of the
probability of choosing a sum of money over
a good is related to the sum of money ($BID)

® Empirical evidence suggests that values obtained
in hypothetical valuation experiments have a measure-
ment error that is log-normal distributed (Rowe, Schul-
ze and Breffle). We also tested a normal distribution
for our data, but found the log-normal distribution of
error had a better fit on the data than the normal dis-
tribution.
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and attitude/sociodemographic variables (S;)
as in the tollowing equation:

(2) R, = By + B(SBID) + B(S)

where R; is the binary response variable for
pariticipant i. The probability of a *“‘no” re-
sponse and a “yes” response are, respectively:

3) Pily, = g($BID, S,), and

4) Pityp = 1 — g($BID, S)).

where g($BID) is the cumulative density func-
tion. The mean value is the area under this
function as defined by:

5 Cr ,J [l — g($BID, S,)} d($BID, S,).”
0

Several econometric regression techniques
can be performed on the different structures of
the PC data. The data matrix consisting of
each participant’s choices between a good and
the sums of money can be restructured by
stacking each person’s responses in a column
vector with all other participants’ responses.
For example, in Table 2, a column vector of
all data points in the matrix can be construct-
ed. A logit regression can then be estimated
on this data structure.

The method above treats the multiple re-
sponses for each person as independent. There
are, however, several forms of independence.
The form we are specifying here is in the con-
text of the experimental design. It is doubtful
that any person took cues from prior choices
in the experiment because of the volume of
choices made in the brief amount of time re-
quired to make the choices. There are no sys-
tematic effects of question order in the aggre-
gate due to the randomization. However, the
multiple responses from each person may not
be independent in the context of that person’s
value of the good.

It is reasonable to assume independence of

7In certain cases a truncated mean estimate may
be required. This can be estimated by truncating the
integration of the density function at the maximum bid
offer in the experiment.
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responses to meet the goal of this analysis. We
have already implicitly assumed independence
of responses in estimating the empirical dis-
tribution from the aggregate proportions for
the sample. The goal of the regression analysis
is to predict this distribution parametrically. A
binary logit treatment of the PC data results
in n X j data points or observations, where n
is the sample size and j is the number of sums
of money in the experiment. This treatment of
the data does not make any assumptions con-
cerning the triviality ot information on choices
above or below the participant’s switching in-
terval (such as is the case in a multiple-bound-
ed treatment), including multiple intervals for
those exhibiting inconsistent preference orders
(e.g.. individual 4 in Table 2). Degrees of free-
dom are also increased.

Other regression techniques are appropriate
if the data are restructured or the dataset is
reduced in size. For example, the matrix pre-
viously described can be treated as panel data
(multiple responses from each person), and a
relevant technique employed, such as random
effects or fixed effects models (Rosenberger
and Loomis). A multiple-bounded regression
technique for double-bounded data can be
used when each person’s responses remain as
a row vector in the aggregate response matrix.
This technique searches the data and uses only
the information on the relative switching in-
terval for each person (Loomis et al.). Incon-
sistencies in individual preference orderings
may pose problems for this method. Both of
the methods, random effects and multiple-
bounded logit, were tested. However, these
methods did not estimate the sample’s aggre-
gated proportions distribution function as well
as the logit analysis.”

Application

Qur experiment consisted of four private
p p
goods and 12 sums of money in the choice

8 The rule used to determine “best fir’” consisted
of minimizing mean squarc crror of the estimated pro-
portions from the empirical aggregate proportions.
This rule was chosen because it identifies which para-
metric model fits the empirical distribution of the data.
Specific results are available from the authors upon
request.
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set. The four private goods (and market prices)
were a signed wildlite art print ($35), a cord-
less phone ($80), a certificate for dinner and
beverage for two at a local restaurant ($30),
and two tickets (o a local college football
game (seats on the 20 yard-line) ($30). None
of the participants was told the market price
for these goods at any time during the exper-
iment. The 12 sums of money were $4, $8,
$12,$18, 324, $30, $38, $48, $72, $120, $195,
and $295. The sums of money were not com-
pared to each other, so each individual made
at least 54 binary choices, for at least 5,562
binary choices for the sample.’

Clarification of instructions and the setting
ot the sums of money were completed through
several pretests of university statf. The four
private goods were described on a ““product
sheet’” that was given to each individual and
could be referred to at any point in the exper-
iment. In addition. the wildlife art print and
the cordless phone were displayed in the
room, and the dinner and football tickets were
mounted on poster board in the room. The ac-
tual goods and poster board were on display
during the experiment. The target good for this
experiment was the art print. The signed art
print was of a gray wolf in natural surround-
ings.

The sample consisted of college clerical
and administrative staff in academic and non-
academic units at a land grant university. They
were compensated $20 each for attending one
of the 45-minute sessions. These sessions were
conducted before work, at lunchtime, and after
work. The total sample size for this experi-
ment was 103 people distributed across the 14
different sessions. The constraint of number of
computers available determined the size of
each session.

Y More than 5,562 binary choices in the experiment
were obtained since any pairs that were determined to
be involved in a circular triad (intransitivity) and ten
randomly sclected consistent pairs were retricd at the
end of the original iteration of pairs in the cxperiment.
The exact number of retrial pairs depends on the con-
sistency of the individual’s original choices. Circular
triads. or cases where A>B>C>A, were identified by
the individual’s dominant preference ordering as deter-
mined by her overall choices in the original pairings
of the choice sct elements.
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A principal investigator, following a writ-
ten script, led all sessions. All sessions used
the experimental format. The investigator led
the participants through the experiment and
provided written instructions on using the
computers. The computer program presented
the PC experiment first, followed by debriet-
ing questions, which included attitudinal and
sociodemographic questions. The exact word-
ing of the introduction to the PC exercise was:

“When the choice appears on the screen,
please choosc the one that you would like
to receive if it were to be actually offered to
you. Consider each choice independently, as
if it were the only choice you had to make.
While these choices are hypothetical and
you will not actually receive either of the
goods, make your choices as if you would
actually receive one of the two goods.”

All participants that began in a session fin-
ished the session even though they were told
in writing that they were free to leave the ses-
sion at any time, with compensation. The par-
ticipants were careful in following the instruc-
tions and did not discuss their choices with
others during the session. Comments after the
sessions suggested that the participants were
stimulated by the experience.

Results
Consistency of Preferences

The consistency of responses can be mea-
sured by the number of circular triads in the
individual’s dominant preference order of the
choice set elements. A circular triad is when
choices imply an intransitive preference rank
ordering (A > B > C > A), such as individual
4 in Table 2. Circular triads may be caused by
systematic intransitive preferences, random
choice in cases too close to call, incompetence
of the respondent, or simple mistakes. Intran-
sitivities are systematic and repeatable circular
triads, whereas inconsistencies are non-repeat-
able (David).

Utility theory postulates that rational indi-
viduals will have well-known and transitive
preferences. The results of the experiment sug-
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gest that people’s preferences are consistent,
transitive, and reliable. In the total set of 5,562
initial choices, 186 (3.3%) of the choices were
involved in circular triads, and 5,376 (96.7%)
were consistent with each individual's domi-
nant preference order. Across the entire sam-
ple, 52.7% of the inconsistent pairs were
switched on retest, with only 6.9% of thé ten
randomly selected consistent choices switched
on retest. These results imply that most cir-
cular triads are the result of mistakes or pairs
whose value is too close to call, and do not
imply intransitivity of preferences. In the case
of pairs with equal value, each element in a
pair would have a 50% chance of being se-
lected.

Peterson and Brown investigated the issue
of value difference between pairs on decision
time and reliability of preferences in a mixed,
private goods-public goods PC experiment.
The results of their investigation show that the
smaller the value differences between the el-
ements in a pair, the higher the probability of
indifference leading to inconsistencies. They
also found that decision time increased when
the value of the elements were close, implying
harder choices and increased chances of in-
consistency. The discovered stability of re-
spondent’s choices on re-tested consistent
choices implies that the individuals’ prefer-
ences are reliable.

Economic Value Estimation

Economic value estimates are derived from
both the empirical distributions and the logit
estimated distributions for each good in the
experiment. The estimated distributions are
based on binary logit regressions as defined
above. All observations, including people who
exhibited intransitivities in the form of multi-
ple switching intervals, are included in the da-
tasets. There are 24 people exhibiting intran-
sitivities in the wildlife art print dataset, 15
individuals in the dinner tickets dataset, 14 in-
dividuals in the football tickets dataset, and 11
individuals in the cordless phone dataset.

We also asked each respondent if he/she
was in the market for the goods being offered.
Specifically, we asked whether each individual
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Table 3. Estimated Binary Logit Models for Each Good*

Variable Summary
Coefficients Statistics
Log-
likeli-
Good Constant $BID MKT AGE INC x>  hood
Art Print —2.520% 1.546* - 1.636* —0.057* 0.002 636 —537
(—6.29) (17.16) (—9.81) (—6.71) (0.68)
Dinner Tickets —3.024* 0.077* —1.126* 0.026* 0.005 736 —460
(—7.66) (14.05) (—6.47) (3.03) (1.50)
Football Tickets —1.458%* 0.061* —1.067* 0.013 —0.005 580  —512
(—4.00) (12.86) (—5.89) (1.54) (—1.71)
Cordless Phone —1.336% 0.042% —0.883* -0.014 -0.011* 814 412
(—3.37) (15.14) (—4.78) (—1.42) (—2.82)

4 The generic equation estimated is Prob(y) = B, + 3, 8BID + B,MKT + B;AGE + B,NC. The dependent variable is
the proportion of the sample rejecting the good offered. The sample size is 103 individuals with 12 responses each,

tor a grand sample size of 1,236 binary responses.
b Asymptotic t-statistics reported in parcnthesis.
* Significant at the 0.01 critical level.

was in the market for or had considered buy-
ing wildlife art prints or cordless phones, re-
spectively. We also asked if each individual
was in the market for or frequently bought
football tickets or dinner at the local restaurant
specified, respectively. Over 67 percent of the
sample stated they were in the market for a
cordless phone. About 40 percent of the sam-
ple stated they were in the market for the wild-
life art print or the dinner tickets. Twenty-sev-
en percent of the sample stated they were in
the market for the football tickets.

A binary logit regression was performed on
each data set, and included a constant term,
and four independent variables—bid offered
($BID), a dummy variable for 1 = in the mar-
ket for the relevant good and 0 = not in the
market for the relevant good (MKT), age of
the respondent in years (AGE), and gross
household income in $1,000 (/NC). The re-
sults from the regressions are presented in Ta-
ble 3.

The constant term, $BID and MKT are sig-
nificant in all four models. AGE and INC are
significant in some of the models. The sign of
the estimated coefficient on $B/D shows that
as the sum of money offered increases, the
probability of rejecting the good in favor of
the money increases. The sign on the MKT
variable shows that people who are in the mar-

ket for the good have a lower probability of
rejecting the good in favor of the money. In
other words. people who are in the market pre-
fer the good and thus have a higher opportu-
nity cost of not choosing it than people who
are not in the market. Information on ‘“‘mar-
ket involvement of survey participants in
stated preference economic surveys would
prove beneficial in understanding the strength
of people’s preferences for goods or services.
Without this information, stated preference
surveys treat all individuals the same, ignoring
the importance of market segmentation and
implied strength of budget constraints.

The sign of the coetficient on AGE shows
that older people have a higher WTF for the
art print and the cordless phone than younger
people, whereas younger people have a higher
WTF for the dinner and football tickets than
older people. The estimated coefficients on
INC show similar results. People with higher
household incomes have a higher WTF for the
football tickets and cordless phone than lower
income households, whereas lower income
households have a higher WTF for the art
print and dinner tickets than higher income
households.

Table 4 reports the aggregate proportions of
the sample based on the observed levels from
the raw data and the predicted levels based on
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Table 4. Observed and Predicted Aggregate Proportions of the Sample Choosing the Good

Over the Sums of Money

Art Print Dinner Tickets Football Tickets Cordless Phone
Sum of Money Obs. Pred. Obs. Pred. Obs. Pred. Obs. Pred.
$4 0.88 0.96 0.92 0.98 0.84 0.95 0.99 1.00
$8 0.85 0.89 0.88 0.92 0.82 0.84 0.97 0.99
$12 0.82 0.81 0.85 0.82 0.75 0.72 0.95 0.97
$18 0.71 0.70 0.69 0.64 0.56 0.56 0.94 0.93
$24 0.64 0.60 0.52 0.48 0.47 0.43 0.88 (.86
$30 0.54 0.52 0.41 0.35 0.30 0.33 0.85 0.78
$38 0.41 0.42 0.27 0.23 0.25 0.24 0.76 0.67
$48 0.35 0.34 0.11 0.15 0.11 0.17 0.60 0.53
$72 0.22 0.22 0.03 0.06 0.07 0.09 0.35 0.30
$120 0.12 0.11 0.00 0.02 0.02 0.04 0.12 0.11
$195 0.09 0.06 0.00 0.01 0.02 0.02 0.05 0.04
$295 0.05 0.03 0.00 0.00 0.01 0.01 0.02 0.01
% Correctly predicted 0's 79 80 68 93
% Correctly predicted 1's 31 90 89 80

the estimated logit functions. The aggregate
proportions reported are the proportions of the
sample choosing the good over the sum of
money. Figures 1 and 2 graph the nonpara-
metric and parametric (logit-estimated) distri-
butions, respectively, for all of the goods in the
choice set. The parametric distributions nearly
perfectly map the nonparametric distributions
(Figure 3). Adjusted-R* goodness-of-fit statis-

tics between the nonparametric and parametric
aggregate proportions are in excess of 0.98 for
all four models. The probability of each model
correctly predicting ““0” responses ranged from
0.68 for the football tickets to 0.93 for the cord-
less phone (Table 4). The probability of each
model correctly predicting **1°7 responses
ranged from 0.80 for the cordless phone to 0.90
for the dinner tickets (Table 4).

Proportion Rejecting $ Offered

—e— Cordless Phone
-—&— Football Tickets
—&— Dinner Tickets
—— Art Print

1] T T T T T

18 24 30
$ Offered

0 4 8 12

38 48

T Lam—

&
72 120 195 295

Figure 1.

Nonparametric distribution functions for all goods in the choice set
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Figure 2.

Both the mean and median WTF values for
the goods were estimated from both models
for each good. While the mean value may bet-
ter represent the average WTF of the good in
question for economic evaluation purposes,
the median value is probably more represen-
tative of a market value than mean WTE The
median measures the amount of money that

Logit estimated distribution (unctions for all goods in the choice set

would make at least half of the sample switch
from choosing the good to accepting the mon-
ey. The median value is also less sensitive to
a few individuals that have extreme values for
the good. We will only discuss the median
measures here. Table 5 reports both the me-
dian and mean measures of WTE

For the art print, the median WTF was es-

Proportion Rejecting $ Offered

—e— Parametric

—=— Nonparametric

LE— T T —

12

—

0 4 8
$ Offered

18 24 30 38 48

T T T T t

72 120 195 29

Figure 3.
cordless phone

Aggregate proportions distribution and logit estimated distribution functions for the
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Table 5. Mean and Median WTF Estimates for Each Good in the Experiment?
Dinner Football Cordless
Measures Art Print Tickets Tickets Phone
Market Price $35 $30 $30 $80
Median WTF
Nonparametric Model $32 $26 $23 $58
Parametric Model
Full Sample $32 $28 $26 $65
In the Market $60 $37 $37 $78
Not in the Market $21 $23 $19 $57
Mean WTF
Nonparametric Model $55 $30 $37 $75
Parametric Model
Full Sample $72 $30 $29 $66
In the Market $135 $38 $38 $78
Not in the Market $47 $25 $24 $59

“The mean and median WTF values are estimated from the parametric logit models using Hanemann's formulas.

timated to be $32 by both the nonparametric
model and the parametric model. The market
price for the art print was $35. Individuals that
stated they were in the market for art prints
would be WTF $60 for the art print, whereas
those that stated they were not in the market
would be WTF up to $21 for the art print. The
dinner tickets had a market price of $30. The
nonparametric model predicted $26 and the
parametric model predicted $23 for the dinner
tickets. Those individuals that stated they were
in the market for dinner tickets would be WTF
up to $37, whereas those that stated they were
not in the market would be WTF only up to
$23 for the dinner tickets. The football tickets
were estimated to be worth $23 based on the
nonparametric model and $26 based on the
parametric model. The market price for the
football tickets was $30. The ‘in the market’
segment would be WTF up to $37. while the
‘not in the market’ segment would be WTF
only $19 for the football tickets. The cordless
phone had the highest WTF value of all the
goods in this experiment. Its median WTF val-
ue was estimated to be $58 from the nonpara-
metric model and $65 from the parametric
model. Its market price was $80. For those
individuals stating they were in the market,
they would be WTF up to $78 for the phone.
For those individuals stating they were not in

the market for a phone would be WTF up to
$57 for the phone.

Discussion and Conclusions

We presented the application of a method of
paired comparison (PC) to the estimation of
economic values for private goods with known
market values. The predicted median values
were very close to the market price for each
good. The economic value measure is from the
chooser reference point. That is, the measure
is the opportunity cost of not choosing an al-
ternative gain. Each participant in the experi-
ment provided a choice between all possible
pairs of elements in a choice set that included
sums of money. The multiple responses from
each person allow identification of each per-
son’s trelative preference order among the el-
ements in the choice set, and their nonpara-
metric survival function. Aggregating across
the sample enables the identification of the
sample’s nonparametric cumulative distribu-
tion function based on aggregate proportions.
Parametric modeling of the sample’s cumula-
tive distribution function is also possible given
different structuring of the data.

We also suggested other advantages to us-
ing PC over conventional hypothetical market
valuation methods. These advantages are in
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part due to the computer-aided application of
the method. PC provides an efficient manner
to collect multiple binary responses from each
individual in a sample. There was no evidence
of respondent fatigue in the experiment with
at least 54 binary choices per individual. The
data collected also provides evidence in sup-
port of the assumption of transitivity in utility
theory, and that people’s responses are reliable
and consistent. The randomized presentation
of pairings of elements reduces, or in the best
possible case, eliminates the effect of bias in
the results, especially question order bias,
starting point bias, position bias, and impor-
tance bias (framing effect). However, the size
of the choice set possible in a PC experiment
exacerbates other sources of bias, such as in-
formation bias. For examplc, an extension of
the choice set to include unfamiliar or com-
plex goods such as environmental goods or
social services requires additional information
regarding these elements.'¢

We conclude that PC is a useful way to
explore individual economic choice behavior
and shows promise for application to hypo-
thetical market estimation of economic values,
including conservative measures of WTA. The
richness of information obtained through this
method and the ease of application encourage
further research of its potential. This research
can be on three different dimensions: 1) ex-
panding on the existing applications of the
method for monetary value estimation, includ-
ing valuing non-market goods and services. 2)
testing the validity and sensitivity of the meth-
od, and 3) applications of the method to elicit
and estimate values in non-monetary terms.
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