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Can Calibration Reconcile Stated and
Observed Preferences?

F. Bailey Norwood

Hypothetical bias is a pervasive problem in stated-preference experiments. Recent research
has developed two empirically successful calibrations to remove hypothetical bias, though
the calibrations have not been tested using the same data or in a conjoint analysis. This
study compares the two calibrations in a conjoint analysis involving donations to a public
good. Results find the calibrations are biased predictors of true donations but that calibrated
and uncalibrated models together provide upper and lower bounds to true donations.

Key Words; calibration, experimental economics, forecasting, hypothetical bias, public
goods, stated preference, voluntary contributions
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While stated preference has become a standard
nonmarket valuation tool, hypothetical bias re-
mains its most noted weakness. When people
are asked how much they value a good, they
tend to state an amount larger than they are
truly willing to pay. In studies comparing hy-
pothetical values from stated-preference meth-
ods to true values from experiments involving
real money, hypothetical values are almost al-
ways larger. List and Gallet report a range of
calibration factors (hypothetical values divid-
ed by true values) from 30 studies, many of
which are greater than three, indicating great
care must be taken when predicting true values
from stated-preference methods.

Hypothetical bias is a phenomenon for both
private and public goods. The only difference
is the factors causing hypothetical bias. Both
suffer from the uncertainty people possess
over how they would react in real situations.
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But with public goods, people may also em-
ploy a strategy of stating a high value for the
public good, hoping it will be provided
through donations, after which they can free
ride. This is often called a strategic bias, but
because it creates a wedge between stated val-
ues and true willingness to pay, this study
treats it as just another form of hypothetical
bias.

Several methods have been proposed to re-
duce hypothetical bias. This study focuses on
methods that require only data contained in the
stated-preference experiment. One method is
to multiply hypothetical values by a factor less
than one, commonly called a calibration factor.
The difficult task is identifying the specific
calibration factor. For instance, the well-
known National Oceanic and Atmospheric
Agency (NOAA) panel once recommended
that all hypothetical values be reduced by one
half, implying a calibration factor of one half
for all individuals. Recent research has sought
less arbitrary means of determining calibration
factors, methods where the calibration factor
has been scrutinized in a laboratory. Also, be-
cause not all individuals will display the same
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degree of hypothetical bias, researchers have
attempted to formalize mechanisms where the
calibration factor differs across individuals.

Two such mechanisms are the certainty cal-
ibration and the frontier calibration. Both as-
sign individuals different calibration factors
based on their response to stated-preference
surveys, and both have successfully survived
controlled experiments measuring their ability
to predict true values. However, there are sev-
eral reasons why the certainty- and frontier-
calibration methods are not yet considered
standard tools. The first is that they simply
have not passed enough laboratory tests. The
certainty calibration has been tested just twice
and the frontier calibration only once. Second,
even if both methods are useful in predicting
true values, no study has yet identified which
method is better by comparing the two in the
same experiment. Third, while the certainty
calibration has been tested in a dichotomous-
choice setting and the frontier calibration has
been tested using auction data, no study has
tested whether they can be extended to con-
joint analyses, a standard nonmarket valuation
tool.

This study contributes to the literature by
addressing each of the three concerns. Data
taken from a classroom experiment is used to
predict observed behavior from stated-prefer-
ence surveys. Students were granted atten-
dance points that contributed toward their final
grades. They were then given the opportunity
to donate points toward a public good that
would enhance their grade further. This public
good was designed to mimic a voluntary mar-
keting checkoff. While the game rewarded co-
operation by the entire class, it especially re-
warded individuals when they were among the
few to free ride. Before being given the op-
portunity to donate to the public good, con-
joint surveys were administered to elicit stu-
dent preferences on how the public good
should be designed. Indeed, students exhibited
a hypothetical bias—they were not as enthu-
siastic to donate toward the public good as
they stated in surveys. In other words, the util-
ity of the public good estimated from stated-
preference surveys was higher than the utility
revealed by the students’ choices.
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To correct for this hypothetical bias, pref-
erences for the public good were calibrated ac-
cording to the certainty and the frontier cali-
brations, producing two calibrated utility
functions. The ability of each calibrated utility
function to predict actual donations was then
tested. In terms of prediction accuracy, the two
calibrations are comparable, but they did not
improve on the uncalibrated utility function.
However, results of this study and previous
studies suggest that calibrated and uncalibrat-
ed utility can provide an upper and lower
bound to true values.

The next two sections provide a brief de-
scription of the two calibrations and are fol-
lowed by a description of the experiment used
to test calibration performance. The fifth sec-
tion describes the estimation procedure, and
the sixth section compares the forecasting
ability of calibrated and uncalibrated models.
The last section provides concluding com-
ments.

The Certainty Calibration

The certainty calibration is increasingly used
in nonmarket valuation studies, including Blu-
menschein et al. (1998, 2001), Champ and
Bishop, Poe et al., and Vossler et al. This ar-
ticle utilizes the certainty calibration as de-
scribed by Champ and Bishop, Poe et al., and
Vossler et al. Mail surveys in the Champ and
Bishop study were issued asking respondents
if they would be willing to donate a particular
amount of money to a public good, assuming
hypothetically they were given the opportu-
nity. Following the hypothetical question, if
the person indicated “yes” she would donate,
she was presented with a certainty question
stated ““On a scale of 1 to 10, where 1 means
very uncertain and 10 means very certain,
how certain are you that you would purchase
the wind power offered in Question 1 if you
had the opportunity to actually purchase it?”

Another sample of respondents received a
similar survey, but were actually given an op-
portunity to donate real money toward the
public good. Not surprisingly, the percentage
of “yes” responses was higher to the hypo-
thetical donation than the real donation op-
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portunity. The authors then demonstrate that,
for individuals who answer “‘yes” to the hy-
pothetical donation but reveal a certainty less
than eight, if one recodes their answers to
“no,” the hypothetical bias disappears.

Please note that the certainty calibration in
this article is always assumed to employ a
threshold of eight. This threshold must be set
in advance, as there will always be some
threshold that equates hypothetical and oh-
served values. For the certainty calibration to
be scientifically valid, there must be one
threshold that works well across all data. Em-
pirical tests of the eight threshold are encour-
aging but not complete. The eight threshold
was first calculated to be optimal in Champ
and Bishop. The Vossler et al. study also
found the eight threshold unbiased, but the
Poe et al. study found it underestimated true
values. However, Poe et al. concluded a seven
threshold to be optimal, which is close to
eight. This suggests that, while the eight
threshold is not perfect, it may still be the
most reliable. The present study provides an
additional test of the certainty calibration us-
ing the eight threshold.

It should be noted that other versions of the
certainty calibration exist that are not analyzed
in this study. Johannesson et al. use a certainty
scale of 0—10 (as opposed to 1-10) and esti-
mated an optimal threshold using a probit
model. Blumenschein et al. (1998) use cate-
gories of certainty such as ‘“‘definitely sure”
and “probably sure” instead of a numerical
scale. Time only allowed testing one version
of the certainty calibration, so only the most
widely cited version is used.

The Frontier Calibration

An alternative calibration technique was re-
cently offered by Hofler and List. This cali-
bration was designed for auction data. The au-
thors first elicited bids in a hypothetical
Vickrey auction, where no money or goods
were exchanged. Let the hypothetical bid for
individual i be denoted Y¥. After individuals
submitted hypothetical bids, they were then in-
vited to submit real bids, where the winner
would have to pay real money in exchange for

239

the good. Label these real bids as Y#. Hofler
and List then estimated the following stochas-
tic frontier function:

(1) YE = XB + v, +

where v; is normally distributed with a zero
mean and W, is a nonnegative random error.
The authors then assumed that Y2 = X, + v,,
making ; identical to the hypothetical bias.
The assumption that p, is the hypothetical bias
proved useful. After estimating real bids as

VA — VH —_X"B
@ e (XIB + H"i)’

which is akin to assuming p, = O, the pre-
dicted bids (¥4) from the hypothetical auction
and the bids from the real auction were statis-
tically indistinguishable.

The underlying assumption behind the
frontier calibration is that, in real auctions,
people with similar demographics described
by X; will submit similar bids. These similar
bids are described statistically as X; + v,. In
hypothetical auctions, some of these people
will submit higher bids than those in their de-
mographic, but this is solely due to the hy-
pothetical nature of the auction; and when the
auction is made real, their bids will fall back
to the process X, + v;. Another view of the
frontier calibration interprets X, + v, as the
lower bound on bids. Thus, the frontier cali-
bration also works by using the lowest hypo-
thetical bids as the prediction of true bids for
each demographic.

Mimicking a Voluntary Beef Checkoff

The potential for both the certainty- and the
frontier-calibration method to remove hypo-
thetical bias has been demonstrated in previ-
ous studies. However, more experiments are
needed before either should be used widely.
Also, the certainty calibration was used in a
dichotomous-choice setting while the frontier
calibration was employed in a Vickrey auc-
tion. Conjoint analysis is another popular stat-
ed-preference approach, so whether the cali-
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brations work well in conjoint analysis
warrants attention.

This study uses data from a classroom ex-
ercise designed to illustrate the difficulties of
providing public goods through voluntary do-
nations. The beef checkoff was used as a case
study. The beef checkoff is a program autho-
rized by the Beef Promotion and Research Act
of 1986, where U.S. cattle producers are as-
sessed a one-dollar fee for each head of cattle
that is sold. An equivalent fee is assessed on
beef and cattle imports as well. These funds
are used to increase beef demand through ge-
neric beef advertising, food-safety research,
consumer education, and foreign marketing.
Although the ability of the checkoff to in-
crease beef demand is difficult to quantify (see
Coulibaly and Brorsen), the checkoff is sup-
ported by a majority of cattle producers (High
Plains Journal, Winn et al.).

Despite its popularity, the current checkoff
has been challenged numerous times in court.
Until recently, these challenges were unsuc-
cessful. In 2002, the Livestock Marketing As-
sociation argued that using mandatory fees to
fund advertisements violates the first amend-
ment, and the courts agreed. An appeal has
been made to the Supreme Court, and until
this appeal is ruled upon, the future of the beef
checkoff remains uncertain.

The U.S. Supreme Court has already ruled
the mushroom checkoff unconstitutional on
the grounds of free speech, so a similar ruling
for the beef checkoff seems likely. In prepa-
ration for a ruling against the checkoff, 25
states have passed legislation to implement a
voluntary beef checkoff, where checkoff fees
are collected just as they are now, but produc-
ers may receive a full refund if requested. The
Federation of the State Beef Councils, which
was in place before the mandatory checkoff
was created, could then pool all the partici-
pating states’ revenues to fund large-scale
beef-promotion activities (Reese, Chief Oper-
ating Officer of the Beef Board, personal com-
munication).

A voluntary beef checkoff would be sub-
ject to free riding. Producers may request a
refund of their checkoff fees yet still reap the
benefit of higher beef prices due to checkoff
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activities. This makes checkoff activities a
public good for cattle producers. To illustrate
the difficulties of providing public goods
through donations, an experiment mimicking
a voluntary checkoff was conducted in the
classroom. Participation points, which en-
hanced students’ final grades, were used in
place of money. These points could then be
donated to a public good. Whether these do-
nations benefited the donator depended on the
level of free riding.

The class was a junior-level undergraduate
agricultural-marketing and price-analysis class
with 59 students. Students’ grades were par-
tially based on participation. The participation
component was designed to reward attendance
without punishing absences. Students were
told that attendance would be taken on 10 ran-
domly determined days. Students present on
those days would receive 100 participation
points. They would then be given the oppor-
tunity to donate a fixed number of points to a
public good, where the donated points would
be doubled and evenly distributed among all
students, even those who did not donate. The
donation of participation points is akin to a
donation of money to a voluntary beef check-
off.

This donation could only equal a lump
sum. For example, the student could donate 80
points or no points. This mimics the per-cattle-
sold fee that would be collected under a vol-
untary checkoff, which producers could sub-
sequently request to be refunded. Some
researchers have suggested a provision-points
mechanism may help alleviate free riding in
public goods provision (Poe et al.), some men-
tioning voluntary checkoffs specifically (Mes-
ser, Kaiser, and Schulze). A provision-point
mechanism is a designated minimum support
level, where if the minimum support for the
public good is not met, all contributors to the
public good will receive a full refund of their
contributions. This limits the amount of free
riding, as free riding is no longer a dominant
strategy (Bagnoli and Lipman).! A provision

! To illustrate the provision points mechanism, con-
sider the following experiment conducted in a price-
analysis class in 2002. Students were given five points
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point mechanism was implemented by estab-
lishing a minimum participation rate, defined
as the percent of students donating. If the min-
imum participation rate was not met, then all
donations to the public good were returned in
full.

Students indicated whether they wished to
donate by filling out a form administered dur-
ing class. For example, the form used at the
first donation opportunity is shown in Appen-
dix A. Students were told they would receive
a participation grade of a 100, but the contri-
bution of this 100 toward their final grade de-
pended on how many participation points they
received over the 10 trials. If the minimum
participation rate was never met, but the stu-
dent always attended class, the participation
grade of a 100 would count 4% of their final
grade. Donating to the checkoff could increase
this percentage. If everyone always attended
class and donated their 100 points to the
checkoff, the participation grade of a 100
would count 8% of their final grade. This per-
centage could be increased even higher to 10%
if they were the only student who did not do-
nate 100 points at each opportunity.? Students
were then told that their final grade would be
based on whether their numerical grade fell
within predefined intervals. That is, they were
graded on an absolute scale rather than relative
to each other.

To ensure each student understood the
game, a spreadsheet was constructed where
students could input difference scenarios (e.g.,
donation amount, minimum participation
rates, actual donation rates) and observe the

extra on an exam. Students were then allowed to do-
nate five points or no points to a public good, where
the number of donated points was increased by 50%
and distributed evenly among donators and nondona-
tors alike. Although the dominant strategy is to not
donate, approximately 50% of the students donated.
However, the experiment was repeated with a provi-
sion-point mechanism. Students were told that if 100%
of students did not contribute all five points, all con-
tributions to the public good would be refunded in full.
In this case, it was everyone’s dominant strategy to
contribute and everyone did donate.

2 The final exam made up 20--30% of the student’s
grade. If a student’s participation grade counted 0, 5,
or 10% of her final grade, the final exam counted 30,
25, or 20%, respectively.
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outcome. More than 45 minutes were devoted
to explaining the experiment and answering
questions. The experiment generated great in-
terest and curiosity on the part of the students,
and all were made to sign a form indicating
they understood the experiment. Students were
told not to discuss the experiment with other
students at any time, and failure to abide by
this request would be considered cheating.

This experiment provides a unique oppor
tunity to conduct a hypothetical survey before
actual donations are made. Hypothetical do-
nations can then be calibrated using the cer-
tainty and frontier calibration and compared
with actual donations. A conjoint analysis sur-
vey was administered to students before the
experiment began. Each student was asked to
complete four conjoint questions, an example
of which is shown in Appendix B. Each con-
joint question contained three options, the first
two of which are donation opportunities. The
two donation opportunities differ by the num-
ber of points one can donate and the minimum
participation rate. The third option is to ab-
stain from making a donation. For example, a
subject who prefers to donate a small number
of points at a high minimum participation rate
is likely to select Donation Opportunity A in
Appendix B. A person who does not wish to
donate would choose Neither Donation Sce-
nario. If a student chooses one of the donation
opportunities, she is asked to complete a cer-
tainty question very similar to Champ and
Bishop and Vossler et al. The two donation
opportunity attributes, number of points and
minimum participation rate, varied randomly
across and within surveys. Both were chosen
from uniform distributions between 5 and 100.
This random design ensures that the two attri-
butes are orthogonal, leading to an efficient
experimental design.’

* The donations points and minimum participation
rate changed in increments of 5 points or 5%, so there
are 20 different values they could take. A D-efficiency
score was used for experimental design. Survey attri-
butes were repeatedly sampled at random until the D-
efficiency measure [(X'X)~!|"? was maximized, where
X is the matrix of explanatory variables and P is the
number of parameters. For further details, see Kuhfeld,
Tobias, and Garratt.
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Table 1. Random Utility Function Estimates
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Parameter Estimates (Asymptotic T-Statistics in Parentheses)

Uncalibrated

Conditional Logit

Certainty-Calibrated

Conditional Logit Frontier-Calibrated

Variable Model Model Mixed Logit Model
Intercept 0.4323 —2.5769 —2.8538
(0.4280) (—2.8605) (—1.5099)
Donation amount 4.0917 3.9462 4.0020
(1.9411) (1.6271) (1.9626)
Donation amount squared —=1.7850 —2.5286 —1.5043
(—1.0586) (—1.3149) (—0.9139)
Minimum participation rate 1.8774 —2.1636 2.0090
(0.9201) (—1.0101) (1.0650)
Minimum participation rate 1.8027 5.1263 1.9378
squared (1.0367) (2.9424) (1.1745)
Donation amount * minimum —1.6335 —1.1695 —1.7351
participation rate (—0.9349) (—0.6847) (—1.1228)
Male dummy variable —1.7065 0.5290 —2.3840
(—2.1590) (1.6488) (—1.5424)
Exponential distribution param- —_ — 0.0683
eter (a)? (0.7207)
Log-likelihood function value —186.60 —152.57

Notes: The donation amount DON was divided by 100 and the minimum participation rate was scaled to the interval

(0, 1). The number of observations was 197.

2 The expected value of the exponential random variable equals 1/c.

The survey yielded 197 choices, which
were used to estimate a random utility model
for the public good. Utility for donations to
the public good is stated to be a function of
the donation amount, the minimum participa-
tion rate, and gender. The utility from not do-
nating was set to zero. Thus, if utility for a
particular donation amount and minimum par-
ticipation rate is greater than zero, the student
makes the donation. Otherwise, the donation
is not made. In the next section, we show that
the utility estimated from the choice-experi-
ment survey overestimates the number of stu-
dents that would donate. The ability of the cer-
tainty and frontier calibration to correct for
this overestimation is then evaluated.

Calibrating Utility for the Public Good

Based on student answers to the conjoint sur-
vey, the following random utility function was
estimated for the public good. The utility from
choosing Option A on the choice experiment
survey was assumed to follow

3) Uy=X,B + g4

= Bo + BI(DON,) + B,(DON,)?
+ Bs(MPR,) + B,(MPR,)?

+ Bs(DON#MPR,) + B(MALE) + ¢,

where DON is the fixed amount of money that
can be donated, MPR is the minimum partic-
ipation rate, MALE is a dummy variable for
males, and ¢, is a zero-mean random error.
The value of DON and MPR was scaled to the
(0, 1) interval to facilitate convergence in non-
linear estimation. The subscript A refers to
Option A on the survey. The utility from Op-
tion B is the same as Equation (3) except with
subscript B instead of A, while utility from
Option C (no donation) simply equals &.
The utility function was first estimated us-
ing the standard conditional logit model, the
estimates of which are shown in the second
column of Table 1. This is referred to as the
uncalibrated conditional logit model. The min-
imum participation rate had a positive and in-
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creasing effect on donations, indicating that it
does help control free riding in public goods
provision. The sign on DON may be seem
odd, because the price coefficient is usually
thought to be negative. However, the donation
is not the price of a public good but an in-
vestment, so the sign on donation could be
positive or negative. Finally, the estimates
suggest that males expressed a lower desire to
donate than females.

Although many individual coefficients are
insignificant, likelihood ratio tests show that
all variables are jointly significant. Moreover,
when utility is estimated without quadratic or
interaction terms, all coefficients except the in-
tercept are significant.* This indicates the stu-
dents are indeed responsive to the public good
attributes, although the response gets hidden
when quadratic and interaction terms are used.
In many cases, this would lead one to adopt a
simple linear model. However, the purpose of
this study is to compare calibrations, not func-
tional form. For objectivity, we choose to
specify a single, flexible function form a
priori and to hold this functional form con-
stant across calibration.

Next, the certainty calibration is used to re-
estimate utility for the public good, producing
a certainty-calibrated conditional logit model.
For all individuals in the conjoint survey who
responded “yes” they would donate but in-
dicated a certainty level less than eight, their
answers were recoded to “no.” The recoded
data were then used to estimate a conditional
logit model, producing the estimates shown in
the third column of Table 1. Not surprisingly,
this leads to different preferences for donating
to the public good. The two most salient dif-
ferences are the lower intercept, indicating a
lower probability of donating, and a change in
the gender coefficient sign. Most females re-
sponded they would donate but indicated a
low certainty score. Therefore, while females
had a higher probability of donating according
to the uncalibrated utility function, males had

4 This estimated model is U = 0.8713 + 1.4026(DON)
+ 2.8979(MPR) — 1.7039(MALE). All parameters ex-
cept the intercept are significant at the 1% level. The
intercept is not significant at the 10% level.
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a higher probability of donating according to
the certainty-calibrated utility function.

Finally, utility was estimated using the
frontier calibration. Let U¥ be hypothetical
utility, or the utility that describes individuals’
choices in hypothetical situations, and let U4
be utility that best describes individuals’
choices in real situations where a real good is
obtained at a real cost. Similar to Hofler and
List, define the rclationship between UY and
U% as

C))] Uf{:U;\l+vA+MA:XAB+‘)A+MA'

The difference between Equation (4) and the
Hofler and List model is that we assume v, to
follow the extreme-value distribution instead
of a normal distribution. The two distributions
are similar, so this should not affect the results,
though it greatly simplifies estimation. The
term ., is assumed to equal the hypothetical
bias. Recall that the utility of not donating is
set to equal zero, so a positive v, and ., in-
creases the propensity to donate toward Op-
tion A. The w, term is not included in the
utility from not donating (Option C). The dis-
tribution of p, is assumed to follow the non-
negative, exponential distribution p, ~ ae i
for i = A, B. With the hypothetical bias term
u;» Equation (4) becomes a mixed logit model
where the probability of choosing Option A
on the choice experiment survey is

(5) Pr, = f f {[exp(X4B + o)l
o Jo
1 4 exp(X,B + y)

T exp(XpB + pp)l}

X e —patug) d, dulr

Expressions for the probability of choosing
Options B and C follow similarly. This model
is referred to as the frontier-calibrated mixed
logit model. The parameter estimates were ob-
tained using simulated maximum likelihood
with Halton sequences as described by Train.
The estimates, shown in the last column of
Table 1, show that the estimate of « is 0.0683,
which implies the mean of u, is a large
1/0.0683 = 15. Likelihood-ratio tests suggest
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Table 2. Results of Donation Forecasting Contest

Percent of Students Donating

Average Log-Likelihood Function
of Actual Checkoff Donations?

Model to Public Good (55 observations)
Prediction from uncalibrated Males: 92% -0.7207
conditional logit model Females: 98%
All: 94%
Prediction from certainty-cali- Males: 43% ~0.8416
brated conditional logit model Females: 33%
All: 40%
Prediction from frontier- Males: 24% —0.8934

calibrated mixed logit model

Actual donations

Females: 638%
All:
Males: 72% —

39%

Females: 84%
All: 76%

2 A larger OSLLF value indicates more accurate forecasts.

this parameter is insignificant. Nevertheless, it
produces a very different profile of student
preferences for the public good, as demon-
strated in the next section.

A Forecasting Contest

Approximately 1 week after the conjoint sur-
vey was administered, students were given
their first opportunity to donate toward the
public good. The 55 students present that day
were given the form in Appendix A describing
the opportunity to donate 80 points (out of the
100 points they were given) to the public
good. If at least 70% of students did not do-
nate, they were told that their donated points
would be refunded. Because students must ei-
ther donate 80 points or no points, the total
value of the public good can be estimated by
multiplying 80 points times the actual dona-
tion rate. Because more points increase the
probability of a higher grade, they can be used
as a measure of value, similar to dollars in
most valuation studies. Total contributions to
the public good depend on the actual donation
rate, thus, each model was judged based on its
ability to forecast the donation rate.

The actual donation rate was 76%, barely
exceeding the minimum participation rate. Of
the 55 students present, 36 were males. Based
on these demographics and using the uncali-
brated model, one would predict 92% of males

and 98% of females to donate the 80 points
(see Table 2), yielding a total donation rate of
94%. This probability is calculated by the for-
mula

(6)  probability of donating =

exp(Xoyur)
1+ exp(XourB) ’

where X, contains data for X in Equation
(3), where DON = 0.8 and MPR = 0.7. There
are two possible reasons for this hypothetical
bias. With private goods, individuals who ex-
press a high level of uncertainty using the 1-
10 certainty scale also tend to display greater
hypothetical bias (Johannesson et al.). This ex-
periment employed a public good, and stu-
dents may also signal a high participation rate,
hoping the instructor would reveal this high
rate. From a student’s point of view, this high
rate may induce greater donations by others,
enabling her to free ride with greater reward.
This is a strategic bias. The objective of this
study is to evaluate the ability of the certainty
and frontier calibration to account for uncer-
tainty and strategic-bias, improving estimates
of actual donation rates.

Using the certainty-calibrated model, we
would predict 40% of students to donate, well
below the actual rate of 76%. The donation
rate using the frontier-calibrated model is es-
timated by assuming that p,; equals the hypo-
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thetical bias. To predict actual donations, the
term y; is removed from utility, allowing the
probability of donating to be calculated using
Equation (6). The predicted participation rate
is 39%, which is very similar to the certainty
calibration. The two calibrations differ greatly
in the donation rates for males and females,
but when gender types are combined, the rates
are almost identical. Both calibration methods
produce similar results and both underestimate
the value of students’ willingness to donate.
Moreover, the difference in the donation rates
for the calibrated and uncalibrated models is
statistically different from the true donation
rate of 76%. No model provided unbiased es-
timates of the donation rate.

Seven more donation opportunities were
provided, but after the first donation opportu-
nity, students received feedback on the out-
come.’ In particular, the students saw how the
nondonators benefited at the expense of do-
nators. This likely caused students’ preferenc-
es for the public good to change, such that the
results from the conjoint survey are no longer
pertinent to the public-good experiment. For
this reason, we only evaluate the ability of
conjoint surveys to predict behavior at the first
donation opportunity.

Which method performed the best at fore-
casting actual donations? Note that the fore-
casts in Table 2 are out-of-sample forecasts.
We then may want to use forecast-evaluation
techniques to rank each of the three models.
In a recent article, Norwood, Lusk, and Bror-
sen illustrated a forecast-evaluation method
for a discrete variable with good small- and
large-sample properties. This method is re-
ferred to as the out-of-sample log-likelihood
function (OSLLF) criterion and is calculated
as follows:

55
(7)  OSLLF = Y DIn[Pr(D, = 1)]
i=1
55
+ 2 (1 = D)In[1 — Pr(D, = 1)],

5 A total of eight donation opportunities were pro-
vided, whereas students were told they would have 10
opportunities. This was to prevent the students’ actions
being influenced by a perception that it was the last
time the game would be played.
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where i denotes the ith student, D, = 1 if the
student donated and zero otherwise and Pr(D,
= 1) is the probability of the ith student do-
nating as given by each model. A higher
OSLLF value indicates more accurate fore-
casts. The average OSLLF value for each
model across each student is given in Table 2.
The uncalibrated model produced the best
forecasts, while the certainty- and frontier-cal-
ibrated model performed similarly.

Overall, no single model predicted well.
The calibrated models underestimated and un-
calibrated models overestimated donations.
Several remedies are available. First, one
could employ a composite model, where the
projected donation rates from the uncalibrated
model and one of the calibrated models are
averaged. This average is 67%, which is closer
to the true donation rate of 76%. Alternatively,
if a threshold of six is used in the certainty
calibration (instead of eight), the projected do-
nation rate is 77%, only one percentage point
away from the true rate.

However, all of these remedies are the re-
sult of data mining. In cases where calibration
provides biased predictions of observed be-
havior, there is always some ad hoc modifi-
cation that will make it unbiased. What the
results do show is that neither calibration will
always be unbiased. Prior to this study, the
frontier calibration has been tested only once
and was found to be an unbiased predictor of
true values. This study finds the frontier cali-
bration to be downward biased. Two previous
studies have tested the certainty calibration in
out-of-sample predictions (Poe et al.; Vossler
et al.).5 The certainty calibration using the
eight threshold was unbiased in Vossler et al.,
but was downward biased in this study and the
Poe et al. study. At this point in time, the most
we can conclude is that the two calibrations
are likely to provide predictions of actual val-
ues that are either unbiased or downward bi-
ased. This suggests that researchers can use

6 The threshold value of eight was calculated from
the Champ and Bishop study, so it cannot be counted
as an out-of-sample test. By construction, any test of
the frontier calibration is an out-of-sample test. This is
because information on real values never enters into
the frontier calibration.
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calibrated and uncalibrated values as upper
and lower bounds for true values.

Concluding Comments

The most common critique of stated-prefer-
ence methods is hypothetical bias. Regardless
of whether the good is a private or public
good, individuals tend to say they value a
good more than they will actually pay for it.
This has led researchers to search for methods
of reducing values derived from hypothetical
questions, such that predictions of true values
are improved. Two such methods have illus-
trated this potential: the certainty calibration
and the frontier calibration.

Both calibrations are appealing in that they
require no additional information other than
what is contained in the stated-preference ex-
periment. This is the first study to analyze ei-
ther calibration in a conjoint analysis, and the
first to compare them using the same data. The
two calibrations provided almost identical pre-
dictions of actual values, although they dif-
fered on whether men or women donate more.
Given the similar results and the fact that the
certainty calibration is easier to implement,
this study prefers the certainty calibration over
the frontier calibration. However, while the
certainty calibration can only be used in sur-
veys with a specific type of certainty question,
the frontier calibration can be used with any
study.

This study found the frontier calibration to
underpredict true values, which is contrary to
Hofler and List, who found it unbiased. Sim-
ilarly, we found the certainty calibration
downward biased. Combining these results
with previous studies, one should not expect
either calibration to provide unbiased esti-
mates of true values. However, this should not
discourage researchers from using calibration.
The research conducted thus far yields two
general conclusions. First, uncalibrated mod-
els will overestimate true values. Second, cal-
ibrated models are either unbiased or will un-
derestimate true values. Researchers can
therefore use calibrated and uncalibrated mod-
els to provide upper and lower bounds to cap-
ture true values.

Journal of Agricultural and Applied Economics, April 2005

[Received June 2004; Accepted September 2004.]

References

Bagnoli, M., and B.L. Lipman. ‘“‘Provision of Pub-
lic Goods: Fully Implementing the Core
Through Private Contributions.” The Review of
Economic Studies 56,4(October 1989):583-601.

Blumenschein, K., M. Johannesson, G.C. Bloom-
quist, B. Liljas, and R.M. O’Connor. ‘“Experi-
mental Results on Expressed Certainty and Hy-
pothetical Bias in Contingent Valuation.”
Southern Economic Journal 65,1(July 1998):
169-77.

Blumenschein, K., M. Johannesson, K.K. Yokoya-
ma, and PR. Freeman. “Hypothetical Versus
Real Willingness to Pay in the Health Care Sec-
tor: Results from a Field Experiment.” Journal
of Health Economics 20(2001):441-57.

Champ, P, and R.C. Bishop. “Donation Payment
Mechanisms and Contingent Valuation: An Em-
pirical Study of Hypothetical Bias.” Environ-
mental and Resource Economics 19(2001):383—
402.

Coulibaly, N., and B.W. Brorsen. “Explaining the
Differences Between Two Previous Meat Ge-
neric Advertising Studies.” Agribusiness
15,4(1999):501-15.

High Plains Journal. ‘‘Producers Support Beef
Checkoff, Study Finds.” Internet Site: http://
www.hpj.com/archives/2004/mar04/
Producerssupportbeefcheckof CFM (Accessed
March 4, 2004).

Hofler, R., and J.A. List. “Valuation on the Fron-
tier: Calibrating Actual and Hypothetical State-
ments of Value.” American Journal of Agricul-
tural Economics 86,1(February 2004):213--21.

Johannesson, M., G.C. Blomgquist, K. Blumen-
schein, P. Johannsson, and B. Liljas. “Calibrat-
ing Hypothetical Willingness to Pay Respons-
es.” Journal of Risk and Uncertainty 8(1999):
21-32.

Kuhfeld, W.E, R.D. Tobias, and M. Garratt. “Effi-
cient Experiment Design with Marketing Re-
search Applications.”” Journal of Marketing Re-
search 31,4(November 1994):545-57.

List, J.A., and C. Gallet. ‘“What Experimental Pro-
tocol Influence Disparities Between Actual and
Hypothetical Stated Values?” Environmental
and Resource Economics 20(2001):241-54.

Messer, K.D., HM. Kaiser, and W.D. Schulze.
“Status Quo Bias and Voluntary Contributions:
Can Lab Experiments Parallel Real World Out-
comes for Generic Advertising?”’ Proceedings



Norwood: Preference Calibration

of the National Institute for Commodity Pro-
motion, Research and Evaluation. NICPREO4-
03. R.B. 2004-03. February 2004.

Norwood, B., J. Lusk, and W. Brorsen. “Model Se-
lection for Discrete Variables: Better Statistics
For Better Steaks.”” Journal of Agricultural and
Resource Economics, 29, 3(2004):404-19.

Poe, G. L., J.E. Clark, D. Rondeau, and W. Schulze.
“Provision Point Mechanisms and Field Valid-
ity Tests of Contingent Valuation.”
mental and Resource Economics,
105-31.

Environ-
23(2002):

247

Train, K.E. Discrete Choice Methods with Simula-
rion. New York: Cambridge University Press,
2003.

Vossler, C.A., R.G. Ethier, G.I.. Poe, and M.P.
Welsh. “Payment Certainty in Discrete Choice
Contingent Valuation Responses: Results from
a Field Validity Test.” Southern Economic
Journal 69,4(2003):886-902.

Winn, C., EB. Norwood, C. Chung, and C. Ward.
“Surveying the Feasibility of a Voluntary Beef
Checkoff.” Presented at the Annual Meetings of
the American Agricultural Economics Associa-
tion in Denver, CO, August 1-4, 2004.



248 Journal of Agricultural and Applied Economics, April 2005

Appendix A. Example Donation Question

Thank you for attending class. By coming to class today you are awarded 100 participation points.

Please read the following question carefully and check yes or no. Do not discuss this with any class-
mates.

Name

Would you like to donate 80 of your participation points to the PUBLIC FUND? Each of your class-
mates present today will be asked if they would like to donate the same amount. All donations to
the PUBLIC FUND will be increased by 100%, and then distributed equally among all those pres-
ent, even to those who did not donate 80 points. Those absent from class will not receive any
points.

If a minimum participation rate of 70% is not met, the PUBLIC FUND will not be used and all
donations to the PUBLIC FUND will be refunded in full to the donor. The minimum participation
rate is defined as the percent of people who donate to the PUBLIC GOOD.

At this time, would you like to donate 80 participation points?

Please check one.

[J YES O NO

Note: I will not reveal your answer to anyone. Your answer will be kept strictly confidential.

Appendix B. Example Conjoint Survey Question

1.A) In the table below, please select the donation scenario you prefer if these were the only options
available. If you would not donate under either scenario, simply select “Neither Donation Scenario.”

Donation Scenario

Attribute Donation Scenario A Donation Scenario B Neither Donation Scenario

Number of points 30 points 70 points Neither donation scenar-

Minimum participation io A nor B is pre-
rate 85% 5% ferred. If these were

the only two options
available, I would not
make a donation.

I would choose (please [0 I would prefer to [0 I would prefer to [J I would not donate
check ONLY ONE donate to Dona- donate to Dona- to scenarios A or B
OPTION) tion Scenario A tion Scenario B

If you chose to donate to Donation Scenario A or B, please answer the following question.

1.B) On a scale of 1 to 10, where 1 means “‘very uncertain” and 10 means “very certain,” how cer-
tain are you that you would voluntarily donate the points for the donation scenario you chose in
Question 1.A if given the opportunity (CIRCLE ONE NUMBER)

1 2 3 4 5 6 7 8 9 10

very uncertain very certain




