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Abstract

Preference surveys ask choice questions and direct questions about preferences (e.g., the
extent of agreement with a statement). Most econometric models that estimate preferences
ignore preference-statement data and rely solely on choice data. We develop and estimate
a FIML model that uses all the preference data to simultaneously explain both the observed
choices and statements of preference. Using the E-M algorithm, preferences and preference het-
erogeneity are estimated in the context of a discrete-choice, random-utility, latent-class model,
simultaneously estimating the: (1) number of preference classes, (2) probability that an indi-
vidual belongs to a particular class, (3) attribute parameters in the conditional, indirect-utility
function for each class, and (4) probability for each preference statement that an individual
in a particular class will give a particular response. The joint model generally tells the same
qualitative story as a model using choice data alone. However, while the weighted mean WTP
does not differ between the two models, there are significant differences in estimated WTP
for each class. Incorporating preference-statement data improves efficiency and the ability to
identify parameters.

Key words: Latent class, choice data, FIML, preference heterogeneity, preference state-
ments, Likert-scale questions

JEL code: C51,Q51,D12

In addition to choice questions (revealed and stated choices), preference surveys typically include

other questions that provide information about preferences. A common type of question assesses the
relative importance the individual places on different attributes of a good, providing evidence of the
individual’s preferences towards those attributes. Another type of question presents a preference
statement to the respondent and asks the extent to which she agrees or disagrees. Below are three
examples of this latter type of question. The first is from a survey of anglers [1], the second from

a survey of depressed individuals about possible treatment side-effects [2], and the third from a
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survey of mountain bikers [3].

For the fish you would like to fish for in the waters of Green Bay, how much would it
bother you, if at all, if PCBs resulted in the following fish consumption advisory: ”Do

not eat”. (1="Not at all bothersome’, ..., 5="Very bothersome’)

How much would little or no interest in sex bother you? (1="Not at all’, 2="Slightly’,

3="Some’, 4="A fair bit’, 5="A lot’)

I hate trying to keep up with riders faster than me. (1="Definitely agree’, 2="Some-
what agree’, 3="Neither agree nor disagree’, 4="Somewhat disagree’, 5="Definitely dis-

agree’)

In each question the respondent chooses the response category most consistent with his or her
preferences. What distinguishes these questions from conventional choice questions is that the in-
dividual is not choosing between states of the world, actual or hypothetical (e.g., choice questions
or a referendum CVM). Rather the individual is choosing her level of agreement with an expression
of preference or choosing a response category that best answers a direct question about his prefer-
ences. We call this other type of preference data preference statements. The response categories in
preference statements are often Likert scales, such as those shown above, but do not have to be.

We proceed assuming preferences are latent (unobservable) and both choice data (actual and
hypothetical) and preference statements are manifestations of those latent preferences. If correct,
there is a strong argument for incorporating the latter data into the estimation of preferences and
preference heterogeneity [4, 5, 6]. This approach is analogous to combining revealed preference and

stated preference data in order to increase estimation efficiency.!

1See, for example, Ben-Akiva and Morikawa [7], Cameron [8], Hensher and Bradley [9], and Adamowicz et al.

[10].



We assume a discrete-choice, latent-class, random-utility model. By assumption, there is some
small but unknown number of preference classes. Everyone within a class has the same preferences
but preferences vary across the classes. Class membership is latent. Using the E-M (expectation-
maximization) algorithm [11], we implement full-information maximum likelihood (FIML) estima-
tion to find the model parameters that maximize the likelihood of observing both the choice data
and the preference statements. To our knowledge, this is the first specification and estimation of
a FIML model with these two types of data and a rare application of the E-M algorithm with
environmental data.

We estimate a latent-class joint model for the preferences over the fishing characteristics of Green
Bay, a large bay on Lake Michigan. While Green Bay is a popular fishing area, it is contaminated
by PCBs and has fish-consumption advisories in place. The observed data include the choices made
over hypothetical fishing alternatives, the attributes of these alternatives, and preference statements.
Looking ahead, preference heterogeneity is adequately described with three classes. The model fits
the data well for both types of data. Willingness to pay (WTP) estimates and other summary
statistics from our joint model are presented, discussed, and compared with restricted forms of
the model. We find that for this particular application, qualitative results are similar between all
the models examined; however, there are significant quantitative differences. In addition, the joint

model shows significant gains in efficiency and estimation.



1 Background and terminology

In order to distinguish our model from previous work, we first identify three types of latent-class
models. A latent-class choice-only model is a latent-class model estimated with only choice data.
The choice data is used to estimate the number of classes, the probability of class membership,
and the preference parameters in each class’s conditional indirect-utility function. No preference-
statement data is used in latent-class choice-only models. Economic examples of latent-class choice-
only models are multiplying and include Provencher et al. [12], Greene and Hensher [13], Scarpa
and Thiene [14], Scarpa et al. [15], Kemperman and Timmermans [16], Colombo and Hanley [17],
and Patunru et al. [18].

Alternatively, one can estimate a latent-class model of preferences using only preference state-
ments - a latent-class preference-statement model. These models estimate the number of preference
classes, the probabilities of class membership, and probability of answering level s to preference
statement ¢; they do not estimate preference parameters, by class, in utility functions. No choice
data is used. Examples of latent-class preference-statement models include include McCutcheon
[19], Thacher et al. [2], Morey et al. [20], Aldrich et al. [21], Owen and Videras [22], and Morey
et al. [23].

Here, we build on previous work [20] and integrate choice data and preference statements in a
FIML latent-class model. Designate this a latent-class joint model.? It is a joint model because it
simultaneously utilizes two very different types of preference data. Combining the choice data and
preference-statement data results in more efficient estimates than would be obtained by either data

type alone. Restricted forms of our joint model include the latent-class preference-statement model,

2Morey et al. [20] proposed but did not estimate a sequential model using both types of data.



the latent-class choice-only model, and a standard logit model of choice estimated with choice data.
It is important to distinguish our model from the latent-class models of Swait and Sweeney [24],
Boxall and Adamowicz [6], Owen and Videras [22], and Patunru et al. [18]. These models also
combine choice data and preference statements but use this data differently from our model.
Swait and Sweeney [24] and Boxall and Adamowicz [6] use preference statements as exoge-
nous variables to explain observed choices, whereas our model explains both the choices and the
preference statements. Owen and Videras [22] and Patunru et al. [18] both are sequential esti-
mators. Owen and Videras [22] estimate a latent-class preference-statement model, then impose
each respondent’s estimated class-membership probabilities from that model on a probit model of
environmental choice. Rather than estimating a latent-class choice model with these probabilities
imposed (the sequential estimator suggested in Morey et al. [20]), they make the probability of mak-
ing an environmental choice a direct function of each respondents class-membership probabilities.
That is, in the second step, they do not estimate a latent-class choice model. Patunru et al. [18]
estimate a latent-class preference-statement model, then deterministically assign each respondent
to the class associated with their highest estimated class-membership probability. A separate choice

model is then estimated for each class, so class membership is deterministic at the second step.

2 The latent-class joint model

Assume the population consists of C' different preference classes. The researcher observes, for
each individual, the data (x;,y;); the matrix x; is the set of individual i’s answers to the preference

statements, where z;,, = 1 if individual ¢’s answer to statement ¢ is level s and 0 otherwise.



The vector y; is individual i’s discrete choice data (revealed preference, stated preference, or some
combination), where y,;; = 1 if individual ¢ chose alternative j in choice pair k£ and 0 otherwise.

Latent-class models assume that individuals in the same class respond and behave similarly to
one another: the response patterns of individuals from the same class are more correlated with each
other than with individuals in other classes. A standard assumption in latent-class models is that
once one has conditioned on class, all responses are independent, both across questions and across
individuals. Put simply, the correlation is completely induced by the latency of class membership;
an individual’s answers to all of the stated-choice and preference statements are independent of one
another once one conditions on class.

If one observes x;, y;, and class is unobserved, the likelihood function is:

L= H[Pr xl,yl}—H ZPr ) Pr(x;,yile) |, (1)

where Pr(c) is the unconditional probability of belonging to class ¢. Pr(x;,y;:|c) is a conditional
probability and represents the probability of observing the individual’s responses, conditional on
belonging to class c.

Given the independence induced by conditioning on class, the likelihood function can be rewrit-

ten as:
C
L= H Z Pr(c) Pr (x;|c) Pr (yilc) |, (2)
7 c=1
where
Q S
Prxile) = [T T (mase)™ (3)
q=1 s=1
and

= HH (Pije ). (4)
k=1 j=1

Tgsle 1S the probability that an individual in class ¢ answers level s to statement q. Pj. is the

probability of choosing alternative j in discrete-choice set k, conditional on being a member of class



S

c. Each mg.is estimated as a separate parameter subject to the constraint that > Tgsle = 1.3 The
s=1

Pji. are functions of the parameters in the class-specific conditional-indirect utility functions, the
B, parameters. That is, Pj. can be a probit or logit probability of choosing alternative j from
discrete-choice set k, conditional on being a member of class c.

Estimation is with the E-M algorithm, a Bayesian process.* The E-M algorithm works as fol-
lows. First, one selects initial values - guesses are fine - for each of the conditional probabilities,
Pr(c|x;,y;). These initial values are used to calculate the unconditional class membership proba-

bilities, Pr(c), which are simply the averages of the conditional class-membership probabilities for

all individuals:
XN
Pr(c) = N Zl Pr(c|x;,yi) - (5)

The conditional probabilities, unconditional class-membership probabilities, and preference state-
ments are then used to calculate the 74, (probability of answering level s to statement g, if in class
¢). The formula, obtained by maximizing the likelihood function and solving the first order condi-
tions, is:
N

PI‘(CZ' |Xi7 y1> Ligs

=1

1

Masle = Pr(c)N i (6)

The ratio is an estimate of the proportion of times individuals in class ¢ answer level s to statement
q. Then the estimated 7. are substituted into Equation 3 to calculate the conditional probability
of observing the individual’s responses, Pr (x;|c).

The above steps are an application of the E-M algorithm: one finds the values of the Pr(c) and

3This specification does not restrict the response categories to have an ordering, so is consistent with both nominal
and ordinal response categories. Imposing ordinality on the response categories reduces the number of parameters

to estimate but is restrictive.

4In theory, estimation can also be done by directly maximizing the full likelihood function. However, given the

large number of parameters, this is often not possible in practice.



the Pr (x;|c) that maximize the expectation of the joint likelihood function. It is an “expected” like-
lihood function because one is using the expected values of the conditional membership probabilities
as if they were the true values. After plugging the unconditional class membership probabilities
and the conditional response category probabilities into the likelihood function (Equation 2), a
maximization algorithm (such as Optimum or Maxlik in GAUSS [25]) can be used to maximize the
likelihood function with respect to the choice-based preference parameters, (..

At this point, better estimates of the conditional class membership probabilities (Pr(c|x;,y;))

can be obtained using Bayes theorem:

Q S K J
Pr(c) [T IT (7gste )™ I 1 H P]yléjck

—1s=1 k=1j=1
Pr(c[x;, y:) = : Pr(x;,y:) : : (7)

This completes one iteration of the E-M algorithm.
The process is repeated with these new, better estimates of the conditional class-membership
probabilities. Continue iterating until the conditional likelihood function increases by less than

some predetermined amount. The result is FIML estimates of all of the parameters.®

2.1 The latent-class choice-only model and the latent-class preference-
statement model

For purposes of comparison, consider two sub-models of the joint model: the latent-class choice-only
model and the latent-class preference-statement model.

The likelihood function for the latent-class choice-only model is:

chozce = H [Z PI' PI‘ yl )] : (8)

%

It is a function of only the choice data. The preference statements are ignored. The estimates of

C, the Pr(c), and the (. are those that maximize Equation 8. The software Latent Choice [26] has

5Gauss code to estimate the latent-class joint model is available by request from the first author.



a package to maximize Equation 8, or one can program the likelihood function in software such as
GAUSS [25] or R [27].

The likelihood function for the latent-class preference-statement model is:

C
Lps = H [Z Pr(c) Pr (xl|c)] : (9)

%

It is a function of only the preference statements. The choice data is ignored. The estimates of C,
the Pr(c), and the 7y, are those that maximize Equation 9. One can maximize Equation 9 using
the LC Cluster package in Latent Gold [28] or software such as GAUSS [25] or R [27].

The choice-only model and the preference-statement model will likely estimate different C' and
Pr(C). In both cases, although results are consistent, efficiency is not achieved because neither
method uses all of the data.

Morey et al. [20] suggested but did not implement a sequential estimator for all the choice data
and preference statements: first estimate a latent-class preference-statement model, use it to esti-
mate conditional class-membership probabilities (Pr(c|x;)) for all of the respondents, then estimate
a latent-class choice-only model with these estimated class-membership probabilities imposed. This

sequential estimator is inefficient relative to our joint FIML estimator, so not presented.

3 Application: preferences of Green Bay anglers

To demonstrate the approach, we apply the latent-class joint model to estimate preferences over
the fishing characteristics of Green Bay. The goal is to simultaneously use the choice data and

preference statements to characterize the preferences, and heterogeneity in those preferences, of
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anglers for the fishing characteristics of Green Bay. The site characteristics examined are launch
fees, catch rates by species (yellow perch, walleye, salmon, and bass), and fish consumption advisory
(FCA) levels for PCBs.

The target population is active Green Bay anglers who purchase Wisconsin fishing licenses in
eight Wisconsin counties near Green Bay; most Green Bay fishing days are by these anglers. The
sample consists of 640 anglers. See Breffle et al. [1] for a full description of the data.

Anglers answered fifteen preference statements and eight stated-preference choice-questions. The
choice-questions were of the type: Would you rather fish Green Bay under conditions A or B? (See
Figure 1.)

The fifteen preference statement are:

1. On a scale from 1 to 7 where 1 means ” Much Worse” and 7 means ”Much Better”,
how do you rate the quality of fishing on the water of Green Bay compared to other

places you fish?

2. On a scale from 1 to 5 where 1 means ”Not at all Bothersome” and 5 means ” Very
Bothersome”, answer the following question. For the fish you would like to fish
for in the waters of Green Bay, how much would it bother you, if at all, if PCBs

resulted in the following fish consumption advisories:
(a) Eat not more than one meal a week.
(b) Eat not more than one meal a month.
(¢) Do not eat.
3. On a scale from 1 to 5 where 1 means ”Strongly Disagree” and 5 means ” Strongly

Agree”, how do you feel about each of the following statements about boat launch

fees? If you don’t fish from a boat, please think of the daily boat launch fee as a
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fee you would have to pay to fish the waters of Green Bay.

(a) I would be willing to pay higher boat launch fees if catch rates were higher on
the waters of Green Bay.

(b) I would be willing to pay higher boat launch fees if the fish had no PCB

contamination.

4. On a scale from 1 to 5 where 1 is "Not at all important” and 5 is ” Very Important”,
when you were making your choices how important were each of the following?
(a) The average catch rate for yellow perch
(b) The fish consumption advisory for yellow perch
(c) The average catch rate for trout/salmon
(d) The fish consumption advisory for trout/salmon
(e) The average catch rate for walleye
(f) The fish consumption advisory for walleye
(g) The average catch rate for smallmouth bass
(h) The fish consumption advisory for smallmouth bass

(i) Your share of the boat launch fee (or daily access fee if not fishing from a boat)

Note that fourteen of the preference statements have five response categories and one has seven
response categories.

We assume that the deterministic part of the conditional-indirect utility function for a Green Bay
fishing day is a linear function of the average time to catch each species of fish (i.e., the reciprocal
of the catch rate), the cost of a trip to Green Bay, and dummy variables for eight of the nine FCA

configurations. Each of the FCA configurations specified the level (‘Do not eat’, ‘Eat only once a
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month’, ‘Eat only once a week’, or ‘No advisory’) for all of the four species. Level one indicates
PCB levels for which there is no fish consumption advisory. Level nine is the most restrictive of
the FCA configurations: do not eat for all four species. Level four corresponds to current FCA
conditions on Green Bay.

We assume the simple linear specification,

‘/jk|c = ﬁFee(Fee)
+ ﬁTbass (TbCLSS) + 5Tsalmon (Tsalmon) + ﬁTperch\c (TperCh) + 6Twalleye\c (Twalleye)

+ Broaie (FCAL) + Bpcag)e (FCA2) 4 ... 4+ Bpcagc (FCA9),

where Fee is the fee to fish and FC Az is level x of the FC A levels.® T'salmon, for example, is the
average amount of time to catch a salmon. By assumption, the marginal utility of income, —fc.,
does not vary by class. Preliminary analysis suggested that the effects of catch times for bass and
salmon do not vary by class, so they were restricted to be equal across the classes.

A logit specification is assumed for the Pjj|. so the probability of choosing alternative A in each

choice pair k is:
eVakle
P = =—.
Ak|c eVAk\c +eka|c

3.1 Estimated number of classes and model fit

In this section we explain the criteria used to determine the number of latent classes, assess fit, and
discuss how well our model fared on these measures. There is no classical statistical test to determine
whether increasing the number of classes significantly improves model fit. For example, a likelihood-
ratio test is not appropriate because one cannot show that the likelihood-ratio statistic for adding

a class has a chi-square distribution - the discrete nature of adding a class violates assumptions

6The omitted level (1) is no FCAs.

13



needed to prove the statistic is chi-square distributed [29]. What then is the appropriate way to
determine the number of classes?

In the latent-class choice-only literature, a number of papers have used information criteria to
determine the number of classes [14, 16, 18]. These criteria do not provide an absolute measure
of fit but do suggest which of two non-nested models provides a superior fit. However, because
they are not statistical tests, the analyst is faced with choosing among many possible information
criteria, each of which may lead to different conclusions. In the latent-class literature, especially in
the areas of education and psychology, the approach has been to find the most parsimonious model
with a good fit. In that literature, Pearson and Read-Cressie statistics are often used to examine
how well the model fits the data. These statistics compare the expected and actual frequencies
of responses [30]. Once a minimum number of classes has been identified that ‘fits’ the data,
information criteria are then used to examine the trade-off between parsimony and fit. However, as
has been frequently noted [31, 32], it is problematic to implement these statistics for survey data
because of the problem of sparse data (i.e., the number of possible response patterns is large relative
to the sample size). In fact, many possible response patterns are never observed, meaning that the
chi-squared approximation for the Pearson and Read-Cressie statistics will not be valid.” Alternate
statistical tests have been proposed for the case of binary response data [34, 35, 36].

Given these issues, we determined the number of classes and assessed the model on the basis of
two criteria: (1) information criteria and (2) competing measures of how well a candidate model

explains the data. We estimated models with one to four classes and on the basis of these criteria

"One potential solution to this implemented in the latent-class literature is bootstrapping the Pearson and Read-
Cressie statistics [33]. This is typically not a straightforward procedure and is made even more computationally
complex in the case of a joint model. Furthermore, given that the Pearson and Read-Cressie of statistics are not

used in latent-choice models, it is unclear whether they should be applied in the case of a joint model.
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determined that the preferences of the Green-Bay anglers are adequately characterized with three
classes.

Information criteria compare the (In) likelihood function for ¢ versus ¢ + 1 classes to see if the
increase in the likelihood is sufficient to warrant the addition of a class. Adding a class increases
the likelihood score but also increases the number of parameters, so there is a trade-off. Numerous
information criteria have been proposed to determine whether a class should be added [37, 38, 39,
40]. These information criteria are essentially log-likelihood scores with a penalty for sample size
and number of parameters. Yang and Yang [32] examine the ability of information criteria, including
those with sample size adjustments, to differentiate between latent-class models. Table 1 reports
the scores of each of the information criteria examined in Yang and Yang [32]. The three-class
model is preferred under all but one criteria (CAIC). In general, the CAIC tends to favor stricter
models and imposes a stronger parameter penalty.

The second criteria examined was how well the model explained the data using a number of
possible indicators of fit. Since there are two types of data (choice data and preference statements)
one can assess the fit in terms of only the choice data, the preference statements, or simultaneously
in terms of both. Here we do all three.

The simplest measure of fit is the percentage of responses that the model correctly predicts. A
individual’s response is defined as correctly predicted if the individual chooses the response category
with the highest estimated probability of being chosen. The three-class model correctly predicts
75% of the SP choice pairs answered and 41% of the preference statements. Thus, overall it correctly
predicts 53% of all the responses. A random allocation would correctly predict 50% of the choice
pairs, 20% of the preference statements, and 30% of all of the responses. There are two possible
issues with this measure of fit. First, discrete choice models are probabilistic: one is predicting the

percent of time that an alternative would be chosen if the experiment was replicated many times,
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not which alternative is more likely to be chosen [41]. Secondly, this measure of fit ignores the
underlying premise of latent-class modeling that one is estimating a response pattern as opposed to
individual responses.

Another measure of fit for the choice data is the relationship, by choice pair, between the number
of times alternative A was chosen and the model prediction of how many times it would be chosen.
Eighty choice pairs were presented (8 pairs in each survey version and 10 versions) and each pair
was answered approximately 64 times. For each pair one can compare the percentage of times
alternative A was chosen to the estimate of the percentage of times alternative A would be chosen.
The correlation between these percentages is 97%, suggesting a very good fit in terms of predicting
the responses to the choice questions. The model predicts alternative A will be chosen 2800 times
and it was picked 2, 829 times.®

To examine fit of the preference statements, we ran Pearson chi-square tests on each of the
individual questions, testing the null hypothesis that there is no difference between the number of
observed responses for each level and the expected number of responses for each level.? In all cases,
we are unable to reject the null hypothesis (p-value > 0.99) that the number of expected observations
in each response category is significantly different from the number of observed observations. Thus,
we conclude that at least for an individual question, there is a good fit. Again, because of the
problem of sparse data, we cannot do a chi-square on all of the preference statements simultaneously.

Finally, we examined how precisely the chosen model assigns respondents to classes. In general,

8The estimated number is calculated as follows. For each respondent who was asked and answered pair k (k =
1,2,..80), one calculates the probability that they will chose alternative A. The estimated times A is chosen in pair

k is these probabilities summed over all of the respondents who were asked pair k.

9For seven of the statements, there were too few observations in the missing category to calculate a valid Pearson
chi-square test. Thus, for purposes of the test, we equally apportioned missing observations across all other response

categories.
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for each respondent, of the three estimated conditional class-membership probabilities, one is much
higher than the other three, and often close to one. For example, the maximum of the three
conditional class-membership probabilities is 90% or greater for 79% of the sample and 95% or
greater for 71% of the sample. Thus, for a given response pattern, individuals are predicted to
belong to one particular class with a very probability. This implies that there are notable differences

in classes; in the case of classes that did not vary, one would expect probabilities closer to one-third.

3.2 Model results and interpretation

Table 2 reports the estimated (.. As expected, utility is negative for both fee and the amount of
time it takes to catch each fish species. Class 2 cares the most about the time to catch perch while
Class 3 cares the least.!? Class 1 cares a lot about the FCA level; disutility for this class increases
as the the level increases. Class 2 also cares about FCA levels but not nearly as much as Class 1.
Those in Class 3 generally do not care about the FCA level; except for levels 3 and 6, all of their
Brcaz are not significantly different from zero at the five percent level.

For a reduction from current FCA levels (level 4) to no FCAs (level 1), expected WT P is $22.66
for Class 1, $11.63 for Class 2, and zero for Class 3.1! The class-weighted probability average is
$11.00. Summarizing, the estimated (3, suggest a class that feels strongly about FCAs (Class 1), a
class with no WT'P for reducing FCA levels (Class 3), and a class that cares about perch and some

about FCAs (Class 2).

0Because the average real perch catch time is low (0.75 hours), all perch catch time parameters reported in the
paper represent the marginal utility of a change of one-tenth of an hour (i.e., six minutes). Average real catch times
for the other three species are multiple hours. So the marginal utilities correspond to a change in catch time of one

hour.

"This calculation restricts Src a4 to zero, as it is only significantly different from zero at the 10 percent level. For

Class 3 WTP is —$2.56 if one uses Brcas = .13.
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The 74 estimated 7y, for the preference statements tell a similar story but with some interesting
differences. These estimates are summarized in two ways. Table 3 reports the predicted average
response level, by class, for each of the fifteen preference statements.!?> Figure 2 summarizes the
results with a class-difference heat map.

Table 3 shows that the classes vary in the amount that they are bothered by FCAs. Consistent
with the estimated preference parameters, Class 1 is most bothered, followed by Class 2 and Class 3.
As would be expected, across all groups, individuals care most about the do-not-eat FCAs followed
by monthly restrictions. Consistent with these statements, Class 1 is most likely to agree and Class
3 least likely to agree that they would be willing to pay higher boat launch fees if the fish had
no PCB contamination. Class 2 attaches more importance to the perch catch times than do the
other classes, and they have the highest agreement with the statement that they would be willing
to pay more for lower catch times. Class 3 attaches the most importance to the fee. Class 3 is
less interested in fishing Green Bay than are the other two classes. They have the lowest average
response level on fourteen of the fifteen preference statements, the exception being the importance
they attach to the fee.

Figure 2, a class-difference heat map, shows how response-level probabilities for each preference
statement vary by class - the darker the color the more the probability of answering at that level
differs between the two classes specified. Specifically, for each preference-statement ¢, the class-
difference map shows the difference between the probability that a member of class r chooses
response level s and the probability that a member of Class ¢ chooses that level. For example, the
top third of the map is the Class 1 probability minus the Class 2 probability. In each third of the

heat map, the rows, 1 — 5, are the response levels.'® Each preference statement is a column and the

12The estimated 7y are reported in the appendix in Tables 8 and 9.

13For ease of comparison, no-response and the seven-level 'How does Green Bay compare’ question are suppressed

in the heat map.
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columns are sorted by the type of preference statement. Shades of red signal a positive difference
while shades of blue signal a negative difference. The darker the cell color, the larger the difference
between classes w and 7 in the estimated probability that they will choose level s. For example,
the dark red cell in the fifth row, fifth column indicates that members of Class 1 are much more
likely to find the FCA level for walleye to be extremely important than are members of Class 2.
The class-difference heat map shows the same FCA ranking indicated by the estimated 3,: Class 1
attaches the most importance, is most bothered by, and indicates the greatest WT P to eliminate
FCAs while Class 3 attaches the least importance, is least bothered by, and indicates the lowest
WTP to eliminate FCAs.

There are subtle differences in the stories told by the estimated 3. and the my,.. Consider Class
3. The B parameters in Table 2 generally indicate that members of Class 3 are not negatively
affected by FCAs. The w3 indicate that Class 3 is negatively affected, but only by the most
stringent FCA levels: “do-not-eat” for all species. One interpretation is that members of Class 3
would prefer a world with no “do-not-eat” FCAs. They have a slight preference for eliminating
FCAs but not enough to give up money or other site attributes to achieve it; thus they have no
WTP to reduce FCAs.

Based on the responses to the choice pairs and the preference statements, and given that the
policy emphasis is on the FCAs, we characterize the three classes as follows: Class 1 is the ‘Don’t
Like FCAs’ Class, Class 2 is the ‘Perch Important’ Class, and Class 3 is the ‘Won’t Pay To Reduce

FCAs’ Class.
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3.3 Comparison of latent-class joint model with choice-only and preference-
statement models

A natural question is how the joint model compares with a model that uses just choice data or
just preference-statement data. We compare across the three models on three criteria: estimation,
efficiency, and characterization of the classes.'* In general, the joint model tells the same qualitative
story as the choice-only and preference-statement models. However, the joint model provides gains

in efficiency and model estimation compared to the choice-only.

3.3.1 Estimation and efficiency

Estimation of the joint model was done with the E-M algorithm. It resulted in smooth conver-
gence and inversion of the estimated Hessian. This was not the case with the choice-only model. The
likelihood function for the choice-only model converged to a potential maximum but the Hessian
would invert only after B, parameters that were insignificant in the joint model were fixed at zero in
the choice-only model. We conjecture that by combining the preference statements with the choice
data, the maximum of the likelihood becomes more distinct. In the choice-only model there may
be likelihood flatness in the 3, and Pr(c) dimensions; in other words, different combinations of the
3. and Pr(c) values can produce almost equal likelihood values. Adding the preference statement
data weakens the multicollinearity link and improves identification for the numerical search process:
the Pr(c) now have to explain class membership for both the choice responses and the preference
statements.

Table 4 reports the parameter estimates from the choice-only model. For almost all the pa-

4We do not report comparisons with a standard logit model of pair-wise choices, as it is dominated by the

three-class choice-only model.
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rameters, the t-statistics on the joint model are larger than on the choice-only model (Table 4),

illustrating the efficiency gains of the joint model over the choice-only model.

3.3.2 Characterization of classes

Table 5 compares the characterization of the classes from the joint and choice-only models using
marginal WTP, as it controls for scale effects. For example, in the joint model, the marginal WTP
for Class 1 to reduce FCAs from level 2 to level 1 is $12.08. In the joint model, the marginal WTP
for Class 2 to reduce average time to catch a walleye by one hour is $0.75 and the marginal WTP
for class 2 to reduce average time to catch a perch by ten minutes is $1.87.

In general, the choice-only model tells the same qualitative story as was reported for the joint
model in Section 3.2: Class 1 cares the most about FCAs while Class 2 cares the most about perch
catch times. One difference between the choice-only and joint models is the importance of perch
catch times for Class 3; while both models identify Class 3’s marginal WTP to reduce perch catch
times to be the lowest across the classes, the choice-only model identifies it to be negative (and
significant at the 5% level). The most notable difference between the choice-only and joint models,
however, is in the magnitude of marginal WTP estimates for Classes 1 and 2 across the two models.

Compared to the joint model, the choice-only model results in higher marginal WTP estimates
for Class 1 and lower marginal WTP estimates for Class 2. For example, the ratio of estimated
WTP in Class 1 versus Class 2 for reducing FCA levels from the current levels (level 4) to no FCAs
is two-to-one in the joint model but ten-to-one in the choice-only model. Weighted mean marginal
WTP, however, is very similar across the joint and choice-only models.

We compare the preference-statement results in the joint model (Table 3) and preference-

statement model (Table 6) by examining predicted average response levels.'® Again, results are

15Tn comparison to Morey et al. [20], Table 6 presents predicted average response level.
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generally similar with some small differences.

There is some change in the characterization of the classes based on species-specific catch times
and FCAs. In brief, compared to the joint model, the preference-statement model provides higher
average responses for Class 3 for the general FCA questions and lower average response levels for
questions pertaining to trout and bass. The preference-statement model provides lower estimates for
Class 2 for the general FCA questions and questions pertaining to perch. In addition, the differences
between Classes 2 and 3 as identified by the joint and preference-statement models are the largest.
This tells us that the results from the joint and preference-statement models are differing the most
in how Classes 2 and 3 are composed.

We summarize the differences across the models by providing summary characterizations of each
of the classes in Table 7. A strong FCA class exists in all three models. An important difference
across models is in the characterization of Class 3: while in the choice-only model FCA levels do
not matter, in the preference-statement model they matter at the highest levels, just less than in
the other classes. The other cross-model distinction is in Class 2. For the choice data (included in
the the joint model and the choice-only model), Class 2 responses indicate strong preferences for
perch relative to other species. In contrast, in the preference-statement data (included in the joint
and preference-statement models), model Class 2 has a strong preference for perch and walleye,
both relative to the other species.

Finally, looking at the probability of belonging to each class, some general observations can
be drawn. While the characterization of Class 1 is quite consistent across the three models, the
probability of belonging to this group is significantly larger for the preference-statement model.
Perhaps because Class 2 is identified as a perch and walleye group, individuals who are identified
as belonging to the more general perch group are also getting lumped with Class 1. Similarly,

because the choice-only model identifies Class 3 as considering lower perch catch rates to be a bad,
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individuals who like perch but may be less strong in their feelings about FCAs are being assigned
to Class 2. This may be lowering the parameter estimates for FCAs in the choice-only model,

compared to the joint.

4 Conclusion

Latent-class choice-only models and latent-class preference-statement models are increasingly
appearing in the environmental economics literature. What distinguishes preference statements
from conventional choice questions is that the individual is not choosing between states of the
world but rather choosing a response category that best answers a direct question about their
preferences.

The contribution of this paper is the specification and FIML estimation of a latent-class joint
model, a model that uses both choice data and statements of preference. Similar in spirit to the
practice of combining stated and revealed preference data, this paper provides a method for combin-
ing preference-statement and choice data to obtain better estimates of preference parameters and
preference heterogeneity. The joint model is based on the premises that preferences are latent and
that both choice data and preference statements are manifestations of those unobserved preferences.
This model simultaneously estimates the number of latent classes, class-membership probabilities,
utility parameters by class, and responses to preference statements by class. We compare the results
from the joint model with the choice-only and preference-statement models.

We demonstrate the joint model with an application to angler preferences over the fishing char-

acteristics of Green Bay, a large PCB-contaminated fishing site. Each survey respondent answered

23



eight pair-wise choice questions and fifteen preference statements. The joint model identifies three
classes that best explain all of the data: a class whose choices are driven by FCAs levels, regardless
of species, a class whose choices are driven by the availability of perch and their FCA level, and
a class that only cares about the most severe FCA levels and is unwilling to pay to reduce FCAs.
This heterogeneity implies that policies designed to remove PCBs, thus reducing FCAs, will have
varying support among recreational anglers.

Preference-statement data has strengths that complement choice data. Survey respondents are
generally very familiar with preference statement questions. Likert questions, a common form for
preference statements, allow individuals to indicate intensity of preference and nuances in their
preferences. Preference-statement data is often discarded, however, as it has been unclear how to
incorporate preference-statement data into economic decision-making. Adding preference-statement
data to choice data increases the richness of the data. It allows for models that are potentially more
nuanced than those obtained from choice data alone.

We identify three primary conclusions from this study. First, while qualitative results are gen-
erally very similar across the three models examined, quantitative results for each class differ. In
this particular application, including the preference-statement data resulted in less extreme varia-
tion among groups. For example, in the joint model, estimated WT'P for removing PCBs for the
class that cares most about FCAs is twice the WTP for the class that care mostly about perch;
this same ratio is ten-to-one in the choice-only model. The weighted mean marginal WTP results,
however, are remarkably robust over both the joint and choice-only specifications and match well
to more traditional RUM specifications (see Breffle et al. [1]). Second, there are efficiency gains
from incorporating both types of data. Estimates from a model that uses only choice data are less
efficient than those from a model that incorporates both choice and preference-statement data. The

t-statistics from the joint model are generally much larger than the t-statistics from the choice-
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only model. Finally, there are potential estimation gains from incorporating both types of data.
The choice-only model had difficulty inverting. Adding the preference-statement data improved

identification.
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Figure 1: Example choice pair
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Table 1: Information Criteria

Classes ILm L. AIC-3 CAIC CAIC* HT-AIC BIC BIC* Parameters

2 -2318 5068 5710 5253 5009 5566 5109 144
3 -2088 4821 5780 5097 4827 0565 4882 215
4 -1984 4825 6101 5193 2008 o815 4907 286

See Yang and Yang [32] for the underlying formulas and the following authors for the original derivation: AIC-3 =
Andrews and Currim [42]; Consistent AIC (CAIC) = Bozdogan [38]; CAIC with sample size adjustment (CAIC*)=
Yang and Yang [32]; HT-AIC = Hurvich and Tsai [39]; BIC = Schwarz [40]; BIC with sample size adjustment

(BIC*)= Yang and Yang [32].
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Table 2: Estimated utility parameters (/,) from joint model

Parameters Class 1 Class 2 Class 3

Est t-stat Est t-stat Est t-stat
Bfee -0.051 -15.80*** -0.051 -15.80*** -0.051 -15.80%**
Brsatmon -0.030 -18.19%** -0.030 -18.19%** -0.030 -18.19%**
OTbass -0.032 -9.33***  _0.032 -9.33***  _0.032 -9.33*%**
Brperch -0.040 -4.19%**  -0.096 -12.80*** -0.016 -2.06**
Brwatieye -0.034  -4.45%FF  _0.038 -6.91FFF  _0.046 -7.47FFF
Brcaz -0.62 -4.95%F*  _0.15 -1.54* 0.074 0.75
Brcas -0.64 -4.93%** -0.42  -4.59%** 0.20 1.96**
Brcaa -1.2 -9.14%%* -0.59  -6.49%** 0.13 1.29*
Brcoas -1.5  -10.86***  -0.79 -8.23***  _0.069 -0.67
Brc a6 -1.1 -8 73k -0.65  -7.09%** 0.16 1.63**
Brcar -1.7 0 -12.74%F* 0 _0.92  -10.12%F*  -0.12 -1.27*
Brcas -2.2  -14.79%** -1.4  -14.43*%%*  -0.081 -0.79
Brcag -2.3  -15.6%** -1.6  -15.18*%**  _0.12 -1.23

Based on logit specification with 640 observations.

wok Rk and * indicate significance at the 1%, 5%, and 10% levels, respectively.
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Table 3: Joint model: predicted average response level, by class, for preference statements

Amount bothered statements® Class 1 Class 2 Class 3
FCA of eat no more than one meal/week 4.00 2.87 2.32
FCA of eat no more than one meal/month ~ 4.43 3.81 2.73
Do-not-eat FCA 4.79 4.57 3.42
Agreement statements’ Class 1 Class 2 Class 3
WTP for higher catch rates 2.86 3.04 2.49
WTP for no PCB contamination 3.76 3.54 2.63
Importance statements® Class 1 Class 2 Class 3
Catch rate: perch 3.53 3.89 3.04
FCA: perch 4.59 3.91 2.63
Catch rate: trout/salmon 3.23 2.60 2.59
FCA: trout/salmon 4.46 2.79 2.40
Catch rate: walleye 3.66 3.56 3.28
FCA: walleye 4.75 3.67 2.77
Catch rate: bass 3.46 2.99 2.92
FCA: bass 4.48 2.67 1.96
Fee 3.04 3.04 3.17
Comparison statement? Class 1 Class 2 Class 3
Green Bay compared to other sites 3.74 3.72 3.88

Calculated by multiplying each predicted response probability to the corresponding
Likert level. The full wording of the statements can be found beginning on Page 11.
@ Scale: 1 =Not at All, ..., 5 = Very Bothersome

b Scale: 1 =Strongly Disagree, ..., 5 = Strongly Agree

¢ Scale: 1 =Not at All Important, ..., 5 = Very Important

@ Scale: 1 =Much Worse, ..., 7 = Much Better
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Figure 2: Preference statements: differences in predicted response probabilities by class
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Table 4: Estimated utility parameters (/3.) from the choice-only model

Class 1 Class 2 Class 3
Est t-stat Est t-stat Est t-stat
Bree -0.062 -15.21* -0.062 -15.21* -0.062 -15.21%*

Brsatmon  -0.033  -7.92%  -0.033 -7.92% -0.033 -7.92*
Brpass  -0.034 -8.69% -0.034 -8.69* -0.034 -8.69%
Bryeren  -0.057 -4.24  -0.187 -7.53%  0.024 1.94*
Bruwalieye -0.038 -3.47%  -0.044 -3.81%  -0.048 -6.33*

Broas 1.01 -4.97 0.0¢ - 0.0¢ -
Broas 134 -6.20  -0.195 -1.44*%  0.262 2.91
Broag -1.88 -8.03* -0.191 -1.21% 0.0¢ -
Breas 253 -891*  -0.269 -1.71*  0.0° -
Breas 211 -8.23* -0.146 -0.92% 0.0° -
Brear 3.03 -9.65% -0.328 -2.15% 0.0¢ -
Breas 3.95 -10.37% -0.926 -5.29* 0.0¢ -
Bre o 425 -10.21%  -1.02 -6.07* 0.0¢ -

Based on logit specification with 640 observations.
* indicates that the joint model has a larger t-statistic than this model.

% Fixed at zero.
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Tsalmon
Thass
Tperch
Twalleye
FCA2
FCA3
FCA4
FCA5
FCAG6
FCA7
FCAS
FCA9

Table 5: Marginal WTP from the joint and choice-only models

$ 0.58
$0.63
$0.77
$ 0.66
$ 12.08
$ 12.43
$ 22.66
$ 28.78
$ 22.27
$ 33.08
$ 43.08
$ 45.24

$ 0.58
$ 0.63
$1.87
$0.75
$ 2.92
$ 8.15
$11.63
$ 15.51
$ 12.81
$ 18.02
$ 27.43
$ 31.35

Latent-class joint
Class 1 Class 2 Class 3

$ 0.58
$ 0.63
$ 0.32
$0.9
$-1.45
$-3.83
$ -2.56
$1.34
$-3.17
$2.39
$ 1.58
$ 2.42

$ 0.58
$0.63
$1.12
$0.77
$ 3.99
$ 5.67
$ 10.24
$14.71
$ 10.47
$17.25
$ 23.75
$ 26.28

Latent-class choice-only
Mean ‘ Class 1 Class 2 Class 3 Mean

$ 0.53
$ 0.55
$ 0.92
$ 0.61
$ 16.30
$ 21.77
$ 30.39
$ 40.93
$ 34.03
$ 48.79
$ 63.66
$ 68.61

$ 0.53
$ 0.55
$3.01
$0.71
$ 0°

$ 3.14
$ 3.08
$4.33
$2.35
$ 5.30
$ 14.94
$ 16.57

$ 0.53
$ 0.55
$ -0.40
$0.77
$ 0°
$-4.23
$ 0°
$ 0°
$ 0
$ 0
$ 0°
$ 0°

$ 0.53
$ 0.55
$1.73
$0.70
$ 4.40
$ 6.58
$ 9.80
$ 13.30
$ 10.41
$ 15.93
$ 24.95
$27.14

¢ Underlying parameter estimate fixed at zero to ensure convergence.
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Table 6: Preference-statement only model: predicted average response level, by class, for preference
statements

Amount bothered statements® Class 1 Class 2 Class 3
FCA of eat no more than one meal/week 3.99 2.69 2.54
FCA of eat no more than one meal/month  4.35 3.51 3.14
Do-not-eat FCA 4.72 4.25 3.85
Agreement statements’ Class 1 Class 2 Class 3
WTP for higher catch rates 2.77 297 2.58
WTP for no PCB contamination 3.64 3.41 2.75
Importance statements® Class 1 Class 2 Class 3
Catch rate: perch 3.68 3.59 3.25
FCA: perch 4.68 3.61 2.76
Catch rate: trout/salmon 3.19 2.78 2.2
FCA: trout/salmon 4.4 2.9 2.02
Catch rate: walleye 3.83 3.5 3.1
FCA: walleye 4.84 3.54 2.62
Catch rate: bass 3.53 3.13 2.47
FCA: bass 4.5 2.68 1.6
Fee 3.2 3.01 3.07
Comparison statement? Class 1 Class 2 Class 3
Green Bay compared to other sites 3.62 3.91 3.65

Calculated by multiplying each predicted response probability to the corresponding
likert level. The full wording of the statements can be found beginning on Page 11.
@ Scale: 1 =Not at All, ..., 5 = Very Bothersome

b Scale: 1 =Strongly Disagree, ..., 5 = Strongly Agree

¢ Scale: 1 =Not at All Important, ..., 5 = Very Important

@ Scale: 1 =Much Worse, ..., 7 = Much Better
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Class

Table 7: Class characterization and membership probability, by model

Description
Pr(c)

Description
Pr(c)

Description

Pr(c)

Joint

Strong FCA
26%

Perch
44%

Won’t pay to re-
duce FCAs; Severe
FCAs matter some
30%

34

Choice-only

Strong FCA
27%

Perch
52%

FCAs do not mat-
ter; perch a bad

22%

Preference-
statement

Strong FCA
38%

Perch and Walleye
30%

Severe FFCAs mat-
ter some

32%
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A Appendix

Table 8: Estimated Response Probabilities by Class

Comparison statement: quality of Green Bay
fishing compared to other places®

1 2 3 4 5 6 7
Class 1 2% 13% 19% 24% 21% 9% 4%
Class 2 2% 10% 22% 31% 18% 11% 1%
Class 3 4% 7% 12% 28% 23% 12% 6%

Numbers do not sum to 100% as no response is not reported.
¢ 1 = Much Worse ,...., 7 = Much Better, 8 = No response
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