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We provide a behavioral model in which consumers can identify their most-
preferred option among a set of alternatives but face uncertainty in their evaluation
of the outside good. The model rationalizes the dual-response format used in
choice-based conjoint analysis and extends the follow-up purchase question from
binary to ordinal, accommodating scales with any number of points. The resulting
likelihood couples a multinomial logit for the forced choice with a cumulative-link
ordinal model driven by the task’s inclusive value, and it nests the leading binary
dual-response models as its two-point special case. We derive the information gains
from finer response scales, provide estimation routines for aggregate and hierarchical
Bayesian versions of the model — including an extension with respondent-specific
cut points — and demonstrate the model’s superior performance relative to the
dichotomization and constant-probability heuristics currently used by practitioners.
An empirical application uses a choice-based conjoint study conducted in partnership
with a consumer insights consultancy.

1 Introduction

Consumers are good at telling us which product they like best. They are considerably less
certain about whether they would actually buy it. A shopper can pick a preferred bluetooth
speaker from a shelf of a dozen — or a preferred color from a dozen options of the same model
— and still hesitate at the moment of purchase; industry trackers consistently estimate that
roughly seven in ten online shopping carts are abandoned before checkout.! The comparison
among displayed alternatives and the commitment to purchase are different cognitive acts: the
former is a choice among fully described options in front of the consumer, while the latter
requires her to weigh the winner against an outside option — keep the money, wait for a sale,
buy elsewhere, do without — whose value she has not yet fully resolved. Survey respondents

'TODO: add citable source. The Baymard Institute maintains a running meta-analysis of cart-abandonment
studies with an average of roughly 70%.



reflect this distinction naturally. Asked “which of these would you choose?”, they answer
readily; asked “would you buy it?”, many prefer to answer “probably” than to commit to yes
or no. Uncertainty about a purchase feels natural, and stated purchase-likelihood scales have
been a fixture of marketing research for over half a century (Juster 1966; Morrison 1979).

Choice-based conjoint analysis, the workhorse of stated-preference measurement in marketing
(Allenby et al. 2019), has developed its own device for separating these two acts: the dual-
response design. In each task the respondent first makes a forced choice among the displayed
product profiles, and then answers a follow-up question about whether she would actually
purchase her selection. The design was introduced to solve a practical problem with the
traditional no-choice option. When “none of these” appears alongside the profiles in a single-
stage task, every task in which it is chosen contributes nothing to the estimation of attribute
preferences, and the efficiency loss grows with no-choice incidence (Brazell et al. 2006). The
dual response recovers that lost information — the forced choice always reveals preference
among profiles — while still measuring demand for the category through the follow-up question,
and it does so without systematically biasing preference estimates (Brazell et al. 2006; Dhar and
Simonson 2003). Following its implementation in Sawtooth Software’s widely used CBC system
(Diener et al. 2006; Sawtooth Software 2017), the dual-response format became standard
practice in commercial conjoint research, and it has continued to attract methodological
attention, from willingness-to-pay measurement (Schlereth and Skiera 2017) to the recent
behavioral and econometric re-examinations of Hung, Liu, et al. (2025) and Hung, Kurz, et al.
(2025).

Practice, however, has quietly moved beyond the models available to analyze it. The canonical
dual-response question is binary — “would you buy the option you selected above? (yes/no)” —
and the canonical models are correspondingly binary: a multinomial logit for the forced choice
paired with a binary logit for the purchase question (Diener et al. 2006; Hung, Liu, et al.
2025). But many applied researchers instead field an ordinal follow-up — “how likely are you
to buy the option you selected above?”, answered on a five- or seven- or eleven-point scale from
“very unlikely” to “very likely.” The ordinal format is attractive precisely because purchase
uncertainty feels natural to respondents: it lets them express a degree of conviction rather than
forcing a resolution they have not reached. It is also, as we show, more informative. Yet there
is no statistical model for it. Analysts confronted with ordinal dual-response data today either
dichotomize the scale at an arbitrary point (top box or top two boxes count as “buy”) and
estimate the binary model, or apply constant-probability weights that map each scale point to a
fixed purchase probability regardless of what was on the screen. The first discards information
the researcher paid to collect and hard-codes an arbitrary cut; the second, as our model makes
precise, ignores the fact that the meaning of “somewhat likely” depends on how attractive the
displayed alternatives were.

This paper provides the missing model. We start from a simple behavioral premise: the
consumer can rank the goods in front of her because she observes everything relevant about
them, but she faces genuine uncertainty about the outside good — the not-yet-arrived purchase
occasion that the follow-up question asks her to imagine. This premise does three things at



once. It rationalizes the dual-response design: the forced choice is the question the consumer
can answer with certainty, and the follow-up is the question about which she is uncertain,
so the design cleanly partitions what she knows from what she does not. It rationalizes the
ordinal format: a consumer who has not resolved her outside-good uncertainty holds a purchase
probability, and an ordinal scale is exactly an instrument for reporting a probability in bins.
And it delivers a likelihood: because the maximum of Gumbel utilities is itself Gumbel — with
location equal to the log-sum inclusive value — and is independent of which alternative attains
it, the joint probability of the pair (chosen profile, ordinal report) factors into a multinomial
logit times a cumulative-link ordinal model driven by the inclusive value of the task.

Within this framework we develop two variants that differ only in how literally the respondent
carries her uncertainty into the report. In Model A she reports the purchase probability
itself, binned by cut points on the unit interval; the implied ordinal likelihood has a Gumbel
(complementary log-log type) link. In Model B she behaves as the binary literature implicitly
assumes — resolving the outside-good draw and grading the resulting utility difference — which
yields a standard ordered logit link. The two variants have identical parameter counts and are
numerically close, but they carry different behavioral interpretations, and their binary special
cases differ in an instructive way. With a two-point scale, Model B collapses ezxactly to the
“Unified Model” of Hung, Liu, et al. (2025) — equivalently the DR-AnyMax model of Diener et
al. (2006), and, after telescoping, the standard single-stage multinomial logit with a no-choice
constant (Haaijer et al. 2001). Our model is thus a strict generalization of the leading binary
dual-response model: practitioners who adopt it lose nothing at W = 2 and gain the ability to
use every scale point of a richer follow-up. Model A’s binary case, by contrast, implies that
even the familiar yes/no follow-up should be analyzed with a complementary log-log rather
than logistic link when respondents remain genuinely uncertain — a one-line modification of
existing practice that is testable on existing data.

We make four contributions. First, the behavioral model itself: a utility-theoretic account of
dual-response conjoint in which outside-good uncertainty is the primitive, which rationalizes the
design, selects the link function, and nests the existing binary models as the two-point special
case. Second, an analysis of the information content of the ordinal follow-up: we derive the
Fisher-information increment contributed by a W-point second response and show it is positive
semi-definite and non-decreasing in scale refinement, extending the binary efficiency results of
Brazell et al. (2006) and Hung, Liu, et al. (2025) and giving design guidance on the choice of
W. Third, estimation machinery: maximum likelihood for the aggregate model and a custom
Markov chain Monte Carlo sampler for the hierarchical Bayesian model with heterogeneous
preferences — including an extension with respondent-specific cut points that accommodates
individual differences in scale usage (Greene and Hensher 2010; Falco et al. 2015) — with
complete replication code in R. Fourth, evidence: a simulation study demonstrating parameter
recovery and quantifying the losses from dichotomization and constant-probability weighting,
and an empirical application to a commercial choice-based conjoint study with an ordinal dual
response conducted in partnership with a consumer insights consultancy.

Our work sits at the intersection of three literatures. The dual-response and no-choice literature



in marketing established the design’s efficiency rationale and its estimation conventions (Brazell
et al. 2006; Diener et al. 2006; Haaijer et al. 2001; Schlereth and Skiera 2017; Hung, Liu, et al.
2025), and recent work shows the outside good remains the format’s active research frontier
— including evidence that its utility can drift over the course of a survey (Hung, Kurz, et al.
2025). The opt-out literature in choice modeling catalogs how misspecifying the outside option
distorts welfare and share predictions (Campbell and Erdem 2019). And a literature on ordered
and mixed response formats in preference measurement — from unified treatments of ratings,
rankings, and choices (Marshall and Bradlow 2002) to ordered-choice models with reporting
heterogeneity (Greene and Hensher 2010; Falco et al. 2015) — supplies tools we adapt to the
dual-response setting. To our knowledge, no prior work provides a utility-consistent joint model
of a forced choice and an ordinal purchase evaluation.

The remainder of the paper proceeds as follows. Section 2 develops the behavioral model, derives
the joint likelihood, establishes the nesting relationships, and presents the information-content
and estimation results. Section 3 reports the simulation study. Section 4 presents the empirical
application. Section 5 discusses implications for practice, including guidance on scale design,
and Section 6 concludes.

2 Model

2.1 Setup

Consumer ¢ = 1,..., N faces choice tasks t = 1,...,T. Each task presents a set of “inside”
goods JT = {1,2,...,J} alongside the ever-present “outside” good j = 0, so that the full
choice set is J = {0,1,2,...,J}.2 Consumer i derives utility u;t; from good j in task t:

Uity = h(th,IBi) + Nitj, (1)

where x;; is a length-P column vector of good characteristics, 3; is a length-P column vector
of consumer-specific taste parameters, and 7;;; encapsulates factors known to the consumer
but unobserved by the researcher. We take h(x;, 8;) = x;;8; and write V; = x;j B; for this
deterministic component, but the linear specification is not required.

The outside good is special in two respects. First, it is associated with a zero vector of
characteristics (x;0 = 0), so that Vi = 0; this is the standard normalization that anchors the
location of utility (Haaijer et al. 2001). Second — and this is the central behavioral assumption
of the paper — the consumer observes 7;;; for all inside goods but does not observe ;9. The

ZWe hold J fixed across tasks and consumers to lighten notation; nothing in what follows requires it.



inside goods are described completely on the screen in front of her; the outside good stands in
for a purchase occasion that has not yet arrived, and her evaluation of it is uncertain.? *

In each task the consumer provides two responses:
1. First response (choice). She reports her preferred inside good,

Jiy = argmax U . (2)
JeTH

This is a forced choice: the outside good is not among the options.

2. Second response (ordinal purchase evaluation). She reports a value y;; on a discrete
ordinal scale w € W = {1,..., W} (e.g., “very unlikely” to “very likely” on a five-point
scale) that characterizes her evaluation of purchasing j; — that is, of choosing j}; over
the outside good. The binary dual-response format of Brazell et al. (2006) and Diener et
al. (2006) is the special case W = 2.

We model ;4 % Gumbel (0,1), independent of x;; and independent across goods, tasks, and
consumers. Two classical properties of the Gumbel family organize everything that follows
(McFadden 1981; Cardell 1997).

Lemma 2.1. Let uy; = Vigg + migj with 0 ud Gumbel(0,1) for j € J*, and define u}, =
maxc 7+ Uitj. Then

(i) ul, ~ Gumbel (i, 1) with location

Ty =S,  Su= Y exp(Vigj); (3)
JjeJt

(ii) the identity of the maximizer j}, and the value of the maximum u}, are statistically
independent.

Property (ii) is what makes the dual-response likelihood tractable: whatever the consumer
tells us about the level of her best utility (the second response) is independent of which good
delivered it (the first response), conditional on the deterministic utilities.

3This can be motivated by a framework in which w0 = 0 and ws; = thl,Bi ~+ Mit; — Miro for j € J"', where ;0
captures the consumer’s uncertainty about her future tastes or circumstances at the moment of purchase.
Because utilities are ordinal and 7,0 is a common shock, it plays no role in the comparison among inside
goods.

“While the parametrization 7t ~ Gumbel (0,1) preserves symmetry among the J + 1 goods and is thus a
natural choice, the framework easily accommodates alternative distributions for n;t0. For example, an affine
function of individual characteristics could accommodate individual-level variation in the propensity to prefer
the outside good.



2.2 First Response: Multinomial Logit

The first response is a standard forced choice among the inside goods. Under the Gumbel
assumption,

. ) exp (Vits exp (Vits

Pr(jzt:j) = ( Z]) ' = ( ZJ)’ (4)
ket exp (Vitk) Si

the multinomial logit over inside goods only. Note that the outside good does not appear: the

forced choice is uncontaminated by the consumer’s uncertain evaluation of the outside good,
which is precisely the design’s appeal (Brazell et al. 2006).

2.3 Second Response: An Ordinal Model of the Purchase Evaluation

What does the consumer consult when answering “how likely are you to purchase the option
you selected?” We develop two behavioral models that differ only in how the consumer treats
the unobserved outside-good shock 7;:9. Both lead to likelihoods of the same cumulative-link
form, differing only in the link function, and both depend on the choice set only through the
inclusive value ;.

2.3.1 Model A: Reporting a Purchase Probability

Under Model A the consumer takes her uncertainty about the outside good seriously and
reports a probability. She knows u}, (she just identified j};) but does not know 79, so from her
perspective the probability that she would follow through and purchase j7; is

pit = Pr(nio < ujy | ujy) = F (ugy) (5)
where F'(z) = exp(—e™?) is the standard Gumbel CDF. The ordinal scale discretizes the unit
interval: fix cut points 0 = aqp < a1 < -+ < aw—1 < ay = 1 and suppose the consumer
reports

Yit =w = pit € [Qw-1,0). (6)

We assume consumers share the definitions of the qualitative scale labels, so the a,, are common
across consumers (we relax this in Section 2.6.1); the interior cut points are unobserved by the
researcher and are estimated.

Reporting y;: = w is equivalent to reporting that u}, € [F~!(cy_1), F~1(aw)), an interval state-
ment about the consumer’s best utility. From the researcher’s perspective, v, ~ Gumbel(f;;, 1)
by Lemma 2.1(i), so

Pr(yir = w) = Foumbel(,,,1) (Ffl(aw)) — FGumbel(7i;,,1) (Fﬁl(aw—ﬁ)

Sit Sit
w awl—h

(7)

=«



using Fumbel(,1)(€) = exp <_6—(c—ﬁ)) = exp (eﬁln a) = o’ when ¢ = F~!(a) = —In(—Ina).
The second-response probabilities are differences of powers of the cut points, with the exponent
S;t = efit summarizing the attractiveness of the task’s inside goods: the more attractive the
set, the more probability mass shifts toward high scale points.

2.3.2 Model B: Grading a Resolved Comparison

Under Model B the consumer behaves as the binary dual-response literature implicitly assumes:
she resolves (or acts as if she resolves) the outside-good shock and evaluates the realized utility
difference
dit = Uy — Nito-

Rather than reporting only its sign — the binary “would you buy it?” — she grades its
magnitude on the W-point scale: fix utility-scale cut points —co =cp <1 < -+ < cw-1 <
cyw = oo and suppose

yr =w <= di € [cy-1,Cw)- (8)
From the researcher’s perspective, u}, ~ Gumbel(7i;, 1) and 7,9 ~ Gumbel(0, 1) are indepen-

dent, so their difference is logistic: d;; ~ Logistic (fi;;, 1). Hence

1

Pr (yit = ’UJ) =A (Cw — ﬁlt) —A (wal - ﬁzt) ’ A(Z) = 14+e* :

(9)

This is an ordered logit (Greene and Hensher 2010) with the inclusive value fi;, as the (negatively
signed) linear predictor.

2.3.3 A Unified Cumulative-Link Representation

Define ¢, = F~!(a,) in Model A so that both models carry utility-scale cut points. Then
both second-response models take the cumulative-link form

B F (standard Gumbel) Model A,
Pr(yi < w) = G (cw — Fyr) , G= - (10)
A (standard logistic)  Model B.

The behavioral story pins down the link: a consumer who carries her outside-good uncertainty
into the report (Model A) generates a Gumbel — i.e., complementary log-log type — link,
while a consumer who resolves it and grades the outcome (Model B) generates the familiar
logistic link. The two links are numerically close over most of their range and diverge in the
tails; which better describes respondents is an empirical question we take up in Section 3 and
Section 4. Both are estimable at identical parameter counts (/W — 1 interior cut points), so the
comparison is a clean, non-nested horse race between links.



2.4 Joint Likelihood

By Lemma 2.1(ii), the value of u, is independent of the identity of j; and 7 is independent
of the inside-good shocks. The two responses in a task are therefore independent conditional
on (x¢,B3;), and the per-task likelihood contribution is simply the product of Equation 4 and
Equation 10:

eXp Vt sk - o
b (By0) = TPV G ey, )~ G g1 )] (1)
7
choice (MNL) ordinal purchase evaluation

with ¢ = (c1, ..., cw—1) and the full likelihood L; = [, ¢;;. We emphasize that this factorization
is not an assumption of independent errors across the two responses, as in the “DR-2Max”
tradition (Diener et al. 2006; Sawtooth Software 2017); it is a consequence of the max-stability
properties of the Gumbel family within a single, internally consistent utility draw. The same
realized utilities generate both responses.

2.5 Special Cases and Relation to Existing Models

Binary dual response, Model B. Set W = 2 with the single cut point ¢; = 7. From
Equation 9, Pr(would buy) = A (fi;; —v) = Sit/ (€7 + Sit), and the joint probabilities from
Equation 11 telescope:

exp (Vitj)
ev + S ’

exp (Vieg) €
S; er+ Sy

Pr (j,buy) = Pr (j,not buy) = (12)
With v = 0 these are ezactly the joint probabilities of the “Unified Model” of Hung, Liu, et al.
(2025) (their Eq. 4), which is in turn algebraically identical to the “DR-AnyMax” model of
Diener et al. (2006); and Equation 12 with free v is the standard single-stage MNL with a
no-choice alternative-specific constant (Haaijer et al. 2001). Our ordinal model is thus a strict
generalization of the leading binary dual-response model: at W = 2, Model B is that model,

and for W > 2 the additional cut points are the only new parameters.

Binary dual response, Model A. Set W = 2 in Equation 7: Pr(not buy) = af“ =
F (c1 — @), a complementary log-log rather than logistic binary response. Model A therefore
implies that even the familiar binary dual response is misspecified — mildly, given the proximity
of the links — when consumers genuinely face outside-good uncertainty at the moment they
answer. This observation gives the binary special case of Model A independent interest: it
provides a one-parameter alternative to the binary logit second stage that can be tested on

existing binary dual-response data.

DR-2Max. The other binary model in the literature, “DR-2Max” (Diener et al. 2006),
as implemented in Sawtooth Software’s CBC/HB (Sawtooth Software 2017), models the
second response as a binary logit on the chosen good’s deterministic utility: Pr(buy | j*) =



eVits* / (eVifﬂ‘* + e”’). This requires drawing a fresh error for the chosen good in the second stage

— the consumer who just declared j* best re-evaluates it from scratch. Under our framework
such conditioning is unnecessary: by Lemma 2.1(ii) the distribution of the best utility does
not depend on which good attained it, so the second response should depend on the set only
through 7z;,. This distinction is testable, and the existing evidence favors the inclusive-value
form: Diener et al. (2006) found DR-AnyMax fit dual-response data better than DR-2Max,
and Hung, Liu, et al. (2025) reach the same conclusion for their Unified Model.

Practitioner heuristics for ordinal dual responses. When practitioners field an ordinal
purchase-likelihood question today, common practice is either (i) dichotomization — collapse
the scale at some point (e.g., top box or top two boxes) and estimate the binary model,
discarding the ordinal information and hard-coding an arbitrary cut; or (ii) constant-probability
weighting — map each scale point to a fixed purchase probability (e.g., “definitely would buy”
= 0.9) independent of the choice set. Both are nested within, or dominated by, Equation 11:
dichotomization is Equation 12 applied to a coarsened y;;, and constant-probability weighting
violates Equation 7, under which the mapping from scale point to purchase probability neces-
sarily depends on the attractiveness of the inside goods through S;;. These two heuristics are
the benchmarks in our simulation study (Section 3).

2.6 Heterogeneity

We accommodate preference heterogeneity with a standard hierarchical Bayesian specification
(Rossi et al. 2005; Train 2001):

BN (B, %), (13)

with conjugate priors on (B, 25). In the main model the cut points ¢ are common across

7«

consumers: the scale labels (“very likely,” “somewhat likely,” ...) are assumed to mean the
same thing to everyone, while preferences vary.

2.6.1 Heterogeneous Cut Points

The assumption of a shared reporting scale is convenient but contestable: a rich literature
documents individual differences in the use of ordinal response scales (Greene and Hensher
2010; Falco et al. 2015). We therefore develop an extension with consumer-specific cut points.
Parameterize

c1 € R, Ciw = Cijw—1 T €Xp <5zw) forw=2,..., W —1, (14)

and let 6; = (¢i1, ds2, . .. ,51-7W_1)' follow a multivariate normal population distribution, esti-
mated jointly with (and, if desired, correlated with) 3,. The exponentiated increments enforce
monotonicity without constrained sampling. Identification at the individual level is necessarily
partial — with T tasks per consumer, individual cut points and individual preferences are



jointly informed by only 7" ordinal reports — so the hierarchical prior does real work here,
shrinking individual scale usage toward the population norm. Section 3 examines both the
payoff to modeling cut-point heterogeneity when it is present in the data-generating process
and the robustness of the common-cut-point model when it is not.

2.7 ldentification

Three normalizations do the identifying work. First, x;g = 0 anchors the location of utility:
all inside-good utilities are measured relative to the (mean) outside good. Second, the unit
Gumbel scale anchors the scale of utility, as in any logit model. Third, given these, the interior
cut points are identified by the joint distribution of first and second responses across tasks that
vary in attractiveness S;: tasks with more attractive inside goods shift the ordinal response
distribution upward at a rate governed by Equation 10, and the cut points are pinned down
by the levels at which those shifts occur. One practical caution follows directly: the design
matrix must not contain a constant common to all inside goods (attributes should be dummy-
or effects-coded against reference levels), since a common constant shifts 7z;, one-for-one against
the cut points. In the heterogeneous-cut-point extension, the population means of 8; are
identified in the same way, while individual deviations are identified — and shrunk — through
the hierarchy.

2.8 The Information Content of the Ordinal Response

How much does a W-point second response add over a binary one? The question has a clean
answer in terms of Fisher information, extending the efficiency analysis of Hung, Liu, et al.
(2025) from binary to ordinal second responses.

The per-task Fisher information about 8 decomposes into the familiar MNL term (Huber and
Zwerina 1996) plus a second-response increment. Writing 7, = G (¢, — 1) — G(cw—1 — 1) and
g = G, the second response contributes

(2) — - = s [9 (cw — 1) — g (Cw—1 — E)F
Ty = w (Fy; €) Xit X W= Z - ) (15)
w=1 w

where X;t = > e 7+ Pr (43 = J) %¢j is the choice-probability-weighted average attribute vector
(the gradient of f;; with respect to 8). Two properties follow. First, the increment is positive
semi-definite: the second response never destroys information, echoing the binary result of
Hung, Liu, et al. (2025). Second, w is non-decreasing under refinement of the scale partition —
coarsening an ordinal response is a garbling in the sense of sufficiency, so the binary response
(W = 2) is the least informative member of the family, and information rises toward the
continuous-report limit as W — oo. The practical magnitudes — how much of the binary-
to-continuous gap a five- or seven-point scale captures, and how the gains vary with task
attractiveness — are quantified in Section 3.

10



2.9 Estimation

The aggregate (homogeneous-8) model is estimated by maximum likelihood: the log of
Equation 11 summed over consumers and tasks is smooth in (3, c) after the monotonicity-
preserving reparameterization of the cut points, and standard quasi-Newton methods converge
quickly.

The hierarchical model is estimated with a custom Markov chain Monte Carlo sampler,
implemented in R with computational kernels in C++ (Rcpp), following the hybrid Gibbs
architecture of Rossi et al. (2005): (1) a random-walk Metropolis step for each 8; (and 6; in
the heterogeneous-cut-point extension) using the individual likelihood [T, ¢;; (2) a random-walk
Metropolis step for the common cut-point block on the unconstrained scale; and (3) conjugate
draws for the population moments (B, Eg). Model comparison uses the log marginal density

approximated by the method of Newton and Raftery (1994), matching the practice in Hung,
Liu, et al. (2025) and permitting direct comparisons among Model A, Model B, the binary
dual-response models, and the practitioner heuristics. Complete replication code, together with
three worked-example notebooks that build from the simplest homogeneous two-attribute case
to the full model with heterogeneous cut points, accompanies the paper.

3 Simulation Study

The simulation study has four goals: (i) verify that the estimation routines recover the
parameters of the data-generating process, for both the aggregate and hierarchical versions
of the model; (ii) quantify what is lost by the two approaches practitioners currently apply
to ordinal dual-response data — dichotomization and constant-probability weighting; (iii)
probe robustness to the placement of the cut points, including data-generating processes in
which respondents do not share a common interpretation of the scale; and (iv) quantify the
information gains from finer ordinal scales, making the Fisher-information results of Section 2.8
concrete. Throughout, Model A (Section 2.3.1) and Model B (Section 2.3.2) are simulated and
estimated in parallel, including cross-fit experiments in which data generated under one link
are estimated under the other.

3.1 Design

The baseline design mirrors a typical commercial study. Each synthetic respondent completes
T = 12 choice tasks; each task presents J = 4 inside goods described by P = 8 attribute levels
(dummy-coded from a small factorial, plus a continuous price term); the ordinal follow-up
uses a W = 5 point scale. Attribute levels are drawn to mimic a balanced fractional-factorial
design. The true cut points place meaningful mass in every scale category at typical task
attractiveness.
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Three families of estimators are applied to every simulated dataset:

1. The proposed model (Equation 11), under the correct link and under the misspecified
link (A estimated on B data and vice versa).

2. Binary benchmarks: the dual-response binary logit of Diener et al. (2006) and Hung,
Liu, et al. (2025) applied to dichotomized data, with the scale collapsed at each possible
cut point (top box, top two boxes, ... ), so the best-case and worst-case dichotomizations
are both visible.

3. The constant-probability heuristic: scale points mapped to fixed purchase proba-
bilities. We implement two versions — equal-interval probabilities (Pr(y = w) = 1/W
implied cut points) and cut points set to the observed marginal frequencies of the scale
points — reflecting the variants encountered in practice.

Performance is evaluated on four criteria, matching the decisions the model supports: parameter
recovery (bias and root mean squared error for 3, or for the individual-level 3, posteriors in the
hierarchical case (Sarrias 2020)); in-sample model comparison via log marginal density (Newton
and Raftery 1994); holdout prediction (hit rates for the first response, and predicted versus
actual distributions of the ordinal response, on withheld tasks); and predicted purchase-incidence
shares, the quantity practitioners ultimately report to clients.

3.2 Aggregate Model

We first simulate with homogeneous preferences (8, = B for all i) and estimate by maximum
likelihood.

3.3 Hierarchical Model

We then simulate with 8, ~ N'(B8,%X3) and estimate the hierarchical Bayesian model with the
MCMC sampler of Section 2.9.

3.4 The Cost of Current Practice

This subsection collects the comparisons that answer the practitioner’s question: how much
does the correct model actually matter?

12



3.5 Cut-Point Placement and Scale-Usage Heterogeneity

Two robustness experiments target the cut points. First, extreme placements: data-generating
processes in which one or more cut points sit far into the tails (e.g., a “very likely” category
that is almost never used), which stress the estimation of the associated a,, or ¢, and mimic
scales with too many points for the construct being measured. Second, heterogeneous scale
usage: data generated with respondent-specific cut points 8; as in Section 2.6.1, estimated
(a) with the common-cut-point model, to measure the robustness of preference estimates to
ignoring reporting heterogeneity, and (b) with the heterogeneous-cut-point model, to measure
what the richer specification buys and how much data it needs.

3.6 Information Gains from Finer Scales

Finally, we evaluate Equation 15 numerically across W € {2,3,5,7,11}, holding the design
fixed and placing cut points at population quantiles, to trace how the second response’s
Fisher-information increment grows with scale refinement — the ordinal extension of the
design-efficiency results in Brazell et al. (2006) and Hung, Liu, et al. (2025). We report both
the analytic D-efficiency gains and their finite-sample counterparts (RMSE ratios from the
Monte Carlo replications), and translate them into the practitioner’s currency: the reduction
in respondents (or tasks) required to match the accuracy of a binary dual-response study.

4 Empirical Application

We illustrate the model with data from a commercial choice-based conjoint study conducted in
partnership with a consumer insights consultancy, in which each choice task was followed by
an ordinal purchase-likelihood question.

4.1 Data

4.2 Model Specifications and Estimation

We estimate six specifications on the same data: Model A and Model B (Section 2), each in ag-
gregate and hierarchical form; the binary dual-response benchmark applied to the dichotomized

scale (top-two-box); and the constant-probability heuristic. Hierarchical specifications use the
sampler of Section 2.9.
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4.3 Results

4.4 Scale-Usage Heterogeneity
5 Discussion

5.1 What the Behavioral Model Changes

The premise that the consumer observes everything about the inside goods but not the
outside-good shock does more than motivate a likelihood; it reorganizes how the dual-response
literature’s models relate to one another. In the binary literature, the choice between DR-2Max
and DR-AnyMax was framed as a question about the second question’s wording — whether
the respondent evaluates her selected option or the whole set (Diener et al. 2006) — and the
shared-error Unified Model of Hung, Liu, et al. (2025) was motivated by the internal consistency
of a single utility draw. Our framework arrives at the inclusive-value form from the primitive
assumption about information: because the maximum of Gumbel utilities is independent of
which good attains it, any coherent report about the best option’s standing against the outside
good must depend on the task only through its inclusive value. The empirical success of the
AnyMax/Unified form over DR-2Max, documented in both Diener et al. (2006) and Hung, Liu,
et al. (2025), is what this framework predicts. Where our account differs from Brazell et al.
(2006) is in what the second response is: not a second choice from an augmented set, but a
report about an unresolved comparison — which is what licenses asking for it on an ordinal
scale in the first place.

The distinction between Model A and Model B is, likewise, a substantive behavioral question
dressed as a link function. Model A takes the respondent’s uncertainty literally — she reports
a probability — while Model B assumes she resolves the outside-good draw and grades the
outcome. Their binary special cases already separate the two: Model B recovers the standard
logit second stage, while Model A implies a complementary log-log second stage even for yes/no
data. Because the two links diverge mainly in the tails, discriminating between them requires
either large samples or designs with wide variation in task attractiveness; the model comparison
in Section 4 provides evidence from one commercial dataset, but we regard the question as
open and worth testing on the many existing binary dual-response datasets, where the Model
A binary case can be estimated with a one-line change to current code.

5.2 Implications for Practice

Three points bear directly on applied work. First, if an ordinal dual response has been fielded,
dichotomizing it is costly and arbitrary: the simulation results in Section 3.4 show that the
analyst’s choice of where to cut the scale moves managerially relevant quantities, while the
model uses every scale point and removes the choice. Second, constant-probability weighting has
a specific, diagnosable flaw: the purchase probability that a scale point implies is not a constant
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— under Equation 7 it depends on the attractiveness of the displayed set through S;; — so
calibrations struck on one design will not transfer to another. Third, the information results in
Section 2.8 and Section 3.6 give concrete design guidance: the follow-up question’s scale should
be chosen the way sample sizes are chosen, by information budgeting. Our results suggest most
of the binary-to-continuous information gap is captured by a five- to seven-point scale, after
which respondent burden and sparsely used categories argue against finer partitions.

5.3 Relation to the Outside-Good Literature

Our model holds the outside good’s mean utility fixed at zero and locates all action in the
consumer’s uncertainty about its realization. Two adjacent strands suggest natural extensions.
Hung, Liu, et al. (2025) show that a budget constraint applied to the second response — but
not the forced choice — improves fit and materially changes equilibrium price predictions; the
same asymmetric treatment is available here, censoring the ordinal report for options priced
above a respondent-level budget, and the ordinal response should sharpen the identification
of that budget since near-threshold options will earn lukewarm rather than merely negative
reports. Hung, Kurz, et al. (2025) document that the no-choice option’s utility can drift over
the course of a survey as respondents learn about the category; in our notation this is drift in
the cut points (or in the outside-good location), and the task-order diagnostics of Section 4.1
carry over directly. More broadly, the opt-out literature’s warning that a single constant rarely
captures heterogeneous non-purchase behavior (Campbell and Erdem 2019; Haaijer et al. 2001)
applies to the dual response as well; the heterogeneous-cut-point extension of Section 2.6.1 is
one response, and richer structures (e.g., serial non-purchasers as a latent class) are compatible
with the framework.

5.4 Limitations

Four limitations qualify the results. First, the Gumbel error assumption is load-bearing: the
factorization of the joint likelihood and the inclusive-value form of the second response both rest
on max-stability, and relaxing the error family (e.g., toward mixed or nested structures within
a task) would break the closed form, though not the framework — the second response would
simply require simulation over the max distribution. Second, we treat tasks as independent
draws, abstracting from learning, fatigue, and reference formation across the sequence (Hung,
Kurz, et al. 2025). Third, the common-cut-point model assumes a shared reading of the scale
labels; the extension of Section 2.6.1 relaxes this, but individual-level identification is necessarily
thin with commercial task counts, and our recommendation to treat scale-usage heterogeneity
as a robustness check rather than a default reflects that. Fourth, like all stated-preference
methods, the model calibrates stated rather than revealed purchase behavior; the ordinal report
inherits whatever hypothetical bias attends purchase-intent questions generally (Morrison 1979),
and linking the estimated cut points to realized purchase rates — the ordinal analogue of the
calibration literature on binary intentions — is a natural next step.
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6 Conclusion

Dual-response conjoint designs separate a question consumers find easy — which of these
do you like best? — from one they find genuinely uncertain — would you actually buy it?
This paper takes that uncertainty seriously as a modeling primitive. When the consumer
observes everything about the displayed alternatives but not her valuation of the outside
good, the natural follow-up question is ordinal, and the natural model is the one derived
here: a multinomial logit for the forced choice joined to a cumulative-link ordinal model
on the task’s inclusive value, with the link function determined by whether the respondent
reports her purchase probability directly (Model A) or grades a resolved comparison (Model B).
The framework nests the leading binary dual-response models as its two-point special case, so
nothing is lost relative to current best practice; a W-point scale strictly adds Fisher information,
and the common practitioner shortcuts — dichotomizing the scale or assigning fixed purchase
probabilities to its points — are shown to be, respectively, wasteful and internally inconsistent.
Simulation evidence confirms that the aggregate and hierarchical Bayesian estimators recover
the model’s parameters, including the cut points that give the scale labels quantitative meaning,
and the empirical application demonstrates the model on commercial data.

Beyond the specific model, the paper’s broader point is that response formats and statistical
models should be developed together. The ordinal purchase-likelihood question earned its place
in practice because it matches how respondents experience purchase decisions; it lacked only a
likelihood. Supplying one turns an informal fielding habit into a measurement instrument —
and opens a research agenda that includes calibrating estimated cut points against realized
purchase behavior, exploiting the ordinal response to identify budget constraints, and optimal
design of the scale itself.
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