Consider a pivot style choice experiment where the choices are pivoted off of
each participant’s expectation of the future state. Let these states be described
by a vector of attribute levels [z1,...,2k,2:] = @ € X, where X is the set
of all possible combinations of attribute levels and the element xz. be a cost.
Let the participants beliefs about the future be represented by a probability
distribution f(x|@, z;) where 0 is a vector of parameters for the distribution
and z; is a vector of characteristics of the participant that impact their beliefs.

The experiment proceeds by offering the participant a set of alternatives
from which they choose one that they believe is the most likely, absent the
specific policy being considered in the choice experiment. Let the set A be the
set of alternatives offered to the participant as possible futures, with z. = 0 for
all elements in A. Let a be a partition of X such that | Ja = X and each € A
is in only one element of o and no element of o does not contain a vector in A.

We can then define the probabilities across « € A as
Pr(xzi) = / f(x|0, z;)dx
a(zio)

where x;( is the future chosen by the participant. A representation of this prob-
ability would be a multivariate ordinal distribution, if the underlying attributes
are continuous and the offered attribute levels are ordinal.

With the future chosen by the participant x;g, the set of possible choices
that could be offered to the participant is

B(xziy) ={x € A;x > xj0 = z. € A}

where > indicates that at least one element in @ is greater than its corresponding
element in x;9, and x. is a cost value from the set of possible cost values A.
included in the experiment. Note that since xz. = 0 for all elements in A, the
operation > will choose those elements of A where at least one of the non-cost
attributes is better than in x;9. Participants are offered a subset of the choices
in B(x;).

Assume that the utility the participant expects from any vector x is
Ui(ij) = Vi(®ij) + €i;

where the utility is made up of an observed component V;(x;;) and an un-

observed component ¢;;. For any single choice task, with x;; € B(w,), the



participant will choose the alternative if
Vi(zij) + €5 > Vi(xio) + €0

with the probability of the participant choosing x;; when their forecast future
is x;p being
Pr(zij|wio) = Pr{Vi(zi;) — Vi(wio) > €io — €35

The probability that participant ¢ chooses x;; is therefore
Pr(a}ij) = PI‘($Z‘0) X Pr(a}ij|mi0)

which allows for the form of the observed contribution to the participants utility
or the error to be conditional on the future predicted by the participant. Note
that with a pivot design where x;y is the common status quo across the set of
choices offered to the participant. The unobserved portion of the utility, €;q,
is common across the choice set as well, and needs to be accounted for in the
estimation (Train and Wilson, 2008).

Specific to the experiment reported on here, the choices are described by
three environmental attributes and one cost attribute. In choosing a predicted
future, the participant selects sequentially the future level of the three environ-
mental attributes from a menu that contains the levels of the attributes that
will be used in the choice experiment. Assume that the participants’ beliefs x,
are a draw from a quatravariate continuous distribution with the cost element
degenerate as x. = 0. Consistent with multivariate ordinal distributions, we
assume a set of cutoff variables 7;; that divide the domain of each environmen-
tal attribute into k7 regions, where k7 is the number of levels of attribute j
offered to the participant, and the subscript k indexes the attribute. We further
assume that the beliefs of participants i for the future level of attribute k can

be represented as

* /
Tior = Yok + 2V T €ok

where z; is a vector of characteristics for the participant, 7, captures the in-
fluence that individual specific characteristics have on the beliefs, v, is an
intercept, and egy, is an error term. Correlation between the participants beliefs
across attributes is likely, and captured through the distribution of the vector
€o. Estimation methods for the multivariate normal distribution are straightfor-

ward, although computationally intensive. Methods for the multivariate logistic



distribution have been developed and implimented by several authors (O’Brien
and Dunson, 2004; Nooraee et al., 2016; Hirk et al., 2019). The output of this
estimation includes for each participant a probability for each possible future
@ € A that they were offered to choose among. This provides Pr(x;g).

It is common to define the observed portion of the utility function as
Vi(z) = o +x'B+e

where individual heterogeneity can be introduced through interactions between
Bo and/or B with individual specific characteristics or through random param-
eters that themselves may have distributions that depend on levels of the in-
dividual specific characteristics. In this form, the utility depends on the level
of the attributes in the chosen alternative and in the participant forecast, and
possibly the individual specific characteristics. It does not depend on the size
of the choice set from which the choices the participant saw were drawn from.

The probability that the alternative is chosen is therefore
PI‘((BZ'J'|$13Z'0) =Pr ([30 + .’B;jﬂ — .’Bioﬁ > €0 — eij)

With the usual assumption that the error has an extreme value distribution,
estimation as a multinomial logit follows. When x;( serves as a pivot for multiple
choices by each participant, then estimation needs to account for the presence of
the common error €0 in all choices by the same participant (Train and Wilson,
2008).

The final likelihood is therefore the product of the probability that the par-
ticipant chose x;o as a prediction for the future and the probability that the
participant chose the alternative offered, x;;, instead of their predicted future
;0. It is in effect a weighted multinomial logistic regression where the weights
are the probability that the participant chose a particular future from the set

on offer.

References

Rainer Hirk, Kurt Hornik, and Laura Vana. Multivariate ordinal regression
models: an analysis of corporate credit ratings. Statistical Methods € Appli-
cations, 28(3):507-539, 2019.

Nazanin Nooraee, Fentaw Abegaz, Johan Ormel, Ernst Wit, and Edwin R



van den Heuvel. An approximate marginal logistic distribution for the analysis
of longitudinal ordinal data. Biometrics, 72(1):253-261, 2016.

Sean M O’Brien and David B Dunson. Bayesian multivariate logistic regression.
Biometrics, 60(3):739-746, 2004.

Kenneth Train and Wesley W Wilson. Estimation on stated-preference experi-
ments constructed from revealed-preference choices. Transportation Research
Part B: Methodological, 42(3):191-203, 2008.



