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Abstract  

 

Dual Response is a promising augmentation of Choice-based Conjoint, which separates in 
each choice set the selection decision from the purchase decision. Yet, many purchase 
decisions might be redundant, if respondents stated (not stated) in previous choice sets that 
they would purchase a worse (better) product than the most preferred one in the current choice 
set. We propose Reduced Dual Response, which limits the number of purchase decisions. 
Therefore, we use the information from the selection decisions to pre-rank the products and 
then identify the product for which the respondent will be indifferent between buying and not 
buying. Additionally, we adjust for scale differences between the selection and the purchase 
decisions. A simulation study and in a large-scale empirical study demonstrate the superiority 
of Reduced Dual Response over Choice-Based Conjoint and Dual Response.  
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1 Introduction 

 
Choice-Based Conjoint is considered as an outstanding tool for marketing research, which 
allows for obtaining knowledge about the preferences of consumers. Typically, choice-sets in 
a Choice-Based Conjoint study include a no-purchase option and thereby concurrently elicit 
two decisions of the consumers: a selection decision – a trade-off, which product in a choice-
set they prefer most – and a purchase decision – whether the most preferred product provides 
sufficient utility for a purchase. Yet, if the consumer chooses the no-purchase option, no 
information is obtained about the relative attractiveness of the products, which leads to very 
scarce data, on which the estimation will be based.  
Dual Response is a promising approach to augment Choice-Based Conjoint, which separates 
the selection decision from the purchase decision by asking two separate questions (Dhar and 
Simonson 2003, Brazell et al. 2006): in the first question, to choose the most preferred 
product in a choice-set and in the second question, to decide, whether the consumer would 
actually purchase the most preferred product or not.1 Thus, it allows for obtaining information 
on the relative attractiveness of available products also in cases in which a consumer would 
have picked the no-purchase decision in a Choice-Based Conjoint task. Brazell et al. 2006 
demonstrate in a simulation study that Dual Response provides more efficient use of data, and 
consequently better prediction as well as greater significance of parameter estimates (Diener et 
al. 2006). 
However, these advantages require additional cognitive effort of consumers, who need to 
make the double amount of decisions. Yet, very likely, not all purchase decisions are required, 
if consumers already stated (not stated) in a previous choice-set that they would purchase a 
less (more) attractive product than the most preferred one in this choice-set. As demonstrated 
by Nowlis et al. 2002, respondents experience conflict or ambivalence even for simple tasks 
that require making trade-offs. Thus, questions without offering additional information should 
be avoided in surveys. 
Recent studies have empirically compared Dual Response to Choice-Based Conjoint (Dhar 
and Simonson 2003, Brazell et al. 2006). Dhar and Simonson 2003 find systematic violations 
of IIA caused by the deletion of the no-purchase option, however, Brazell et al. 2006 could not 
find support of this in their own studies, which they hypothesized to be driven through the 
larger number of attributes, they used. Nevertheless, both studies agree that respondents in a 
Dual Response study show higher purchase deferral, expressing itself in a up to 36% higher 
share of no-purchase decisions. Empirical superiority of either Dual Response or Choice-
Based Conjoint could not be proven yet. 
The aim of this paper is to propose a method that limits the number of purchase decisions. 
Therefore, we first ask all selection decisions and then use these observations to approximate 
a utility function, in order to rank all products. This ranking allows us, to more smartly 
identify which of the products the consumer will purchase and which ones not. We label this 
new data collection method Reduced Dual Response. We will compare in a simulation study 
the performance of our Reduced Dual Response to Dual Response as well as Choice-Based 
Conjoint and then compare the validity of all three approaches in a large empirical study. 
The remainder of this work is organized as follows: First, we briefly describe the 
implementation details of Reduced Dual Response. Afterwards, we present the resuls of the 
simulation study and finally the first results of our large empirical study. 
                                                 
1 Other variations of Dual Response, than using a dichotomous purchase question, also exist (see Diener et al. 

2006). I. e. Brazell et al. 2006 ask, whether the respondent would purchase any of the offered alternatives in a 
choice-set, explicitly including all alternatives, in the evaluation process. 
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2 Reduced Dual Response 

 
Figure 1 opposes Reduced Dual Response to Choice-Based Conjoint and Dual Response. 

Figure 1: Overview of Data-Collection Methods 

 
Reduced Dual Response first asks for all selection decisions (which of the offered products 
does a consumer prefer most) and subsequently selects the products for the purchase questions 
adaptively. The design for the selection decisions is generated such that it aims to get as much 
information as possible from an experiment of a given size (i. e. Kuhfeld et al. 1994 or Street 
and Burgess 2007).  
The products for the purchase questions are selected by the following idea: Assume that we 
perfectly know how a consumer brings the products of all attribute-level combinations – the 
complete factorial design – in a rank order, where all products are lined up between the least 
preferred and the most preferred product (subsequently called sorted complete factorial 
design). If we know that a consumer would not purchase a certain product, we also know that 
he would not likely purchase the products, beeing ranked below. Thereby, we assume in line 
with random utility maximization that the utility of the no-purchase option exceeds that of the 
presented product. Thus, subsequent purchase questions should present products offering a 
larger utility, vice versa. This enables to isolate a close range defined by two products, 
between which the purchase intensions of the consumer change.  
The approach for selecting the purchase questions reduces redundant purchase decisions, by 
making advantage of smartly parsing the sorted complete factorial design into the range of 
interest. Thus, it requires less information and therefore less cognitive effort by the consumer. 
In addition, the cognitive effort is further reduced, since respondents are no longer required to 
alternately perform different evaluation processes for each choice-set. Instead, they can 
concentrate on the selection decisions, and subsequently on their purchase decisions. 
Moreover, it has the power to inspect the whole sorted complete factorial design. This is an 
advantage over the traditional Dual Response, because it only asks the purchase questions 
regarding the most preferred product and therefore neglects the range of the less preferred 
products on the sorted complete factorial design. Since in real life settings, we observe 
consumers with heterogeneous preferences, there will also be likely consumers who would 
always purchase the most preferred product and therefore do not provide any information, 
below which they would not longer make a purchase.  
 

2.1 Ranking the complete factorial design 

 
At the end of the selection decision-making block, answered by a consumer h, we use the 
decisions to approximate the utility function of each consumer. Since we would like to avoid 
any noticable break in the survey, any estimation algorithm must be pretty fast on very scarce 
data. In addition, it should be stable, and its outcome should not depend on i. e. starting 
values. Obviously, sampling approaches by the use hierarchical bayes are too slow and the 
maximum likelihood estimation does not lead to stable parameters, if we just use individual 
observations. Surprisingly, the ordinary least square estimater fulfills the requirements and 
provides very accurate approximation (as will be shown in Section 3), even though its use is 



 3 

rather not typical in the context of discrete choice models. For each product i in the choice-
sets a, the decisions dh,i,a of a consumer h are coded as 1, if he decided for that product and 0 
otherwise: 

( )h,i,a h,0 i i,a h,1 h,i,a a h,i,a hd X , a A, i C , h H, N(0, )α ς α ε ε ϕ= + + ⋅ + ∈ ∈ ∈ ∈           (1) 

where, 

αh,0: Intercept of consumer h, 

Ca: Set of products in choice-set a. 

Note that we add a very small random number ςi,a (uniformly distributed between [-0.0001; 

+0.00001]) to every row of the design matrix Xi,a in order to avoid singularity and to ensure 

that it is invertible. The error term h,i,a hN(0, )ε ϕ∈  indicates that the estimation of the 

parameter vector h,1α̂  is done seperately for each consumer in the background, after finishing 

the selection decisions task. The obtained parameters are used to rank all products j in the 

complete factorial design according to h, jÛ =Xj· h,1α̂ . 

 

2.2 Generation of stimuli for the purchase decisions 

 

We select n (in the subsequent study=3) products from the sorted complete factorial design, 

which divide the range between the least and most preferred products into (n+1) equal sized 

ranges. If the rank is estimated perfectly and if there is no unobserved behavior in the decision 

making of the consumer, we would set n=1. The larger value for n makes the approach more 

stable, if some of the selection decisions of the consumer are not consistent from the 

viewpoint of the sorted complete factorial design. These set of n products are displayed in 

random order, which makes the selection strategy less apparent. 

Based on the observed purchase decisions dh,i,a’, we select the products for the next n purchase 

questions that will be posed to the consumer. A binary logit function specified by two 

parameters δh and χh enables the determination of an information gap – that range, where there 

is the biggest jump between estimated probability of a purchase and no-purchase decisions. 

The binary logit function approximates the decisions by: 

h i h
h,i ',a ' a '

h i h

ˆexp( U )
d̂ , a ' A,i ' C , h H

ˆexp(0) exp( U )

δ χ

δ χ

+ ⋅
= ∈ ∈ ∈

+ + ⋅
    ………… (2) 

We also include in the estimation the two assumed decisions of (no-) purchase for the (less) 

most preferred product in the sorted complete factorial design. The two parameters δh and χh 

are estimated such that the squared mean error between h,i ',a 'd̂  and h,i ',a 'd  is minimized. 

Figure 2: Identification of Largest Information Gap 
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Thereby, we make use of the fast Levenberg Marquardt non-linear least-squares fit algorithm. 

The result is illustrated in Figure 2. The selection of new products is repeated a predefined 

number of times depending on the number of products in the sorted complete factorial design. 
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2.3 Estimation 

 

The estimation of the parameters relies on random utility theory and is performed by the use 

of a multinomial logit model estimated with Hierarchical Bayes. In line with Diener et al. 

2006 and Brazell et al. 2006, we assume independence between the selection and purchase 

decisions. The likelihood is expressed as the joint probabilities of all consumers for choosing 

the most preferred product in the selection questions and making their purchase decisions in 

the purchase questions a’: 

( )
( )

( )
( ) ( )

h ,i ,a

h ,i ',a '

a a '

d
d

h,i h ,i '

h H a A i C h H a ' A ' i ' C 0 h,i 'h, j

J

exp U exp U
L(y | )

exp U exp Uexp U
β

∈ ∈ ∈ ∈ ∈ ∈

 
  

= ⋅     +   
 

∏∏∏ ∏∏ ∏
∑

          (5) 

 

 

3 Simulation Study 

 

We use a simulation study to validate the performance of the proposed Reduced Dual 

Response, taking Dual Response and Choice-Based Conjoint as a baseline. Therefore, we 

analyze the accuracy of the approximation of the preference order from the true rank order 

(equation 1) and compare the ability to recover true parameters values across three data 

collection methods. A data collection method should be preferred, if it either outperforms all 

others, or if it uses fewer questions to derive comparable results.  

The simulation study follows the set-up of Brazell et al. 2006. A 34-full factorial design is 

created by the use of Sawtooth consisting of 20 choice-sets showing 3 products and in case of 

Choice-Based Conjoint a no-purchase option. The levels of the first three attributes are 

effects-coded, while the last attribute is treated as a linear coded price, starting from 20$ and 

increasing by 5$ and 10$. We adjust the share of no-purchase decisions by incremently 

increasing the starting value of the price by 2$ resulting in 9 different choice designs. Mean 

values of the βs were (1, 0.5, 2, 1, 1.5, -0.5, -1) with an intercept of 10. Standard deviations 

were 0.2 for β and 0.5 for the intercept. Drawing from a normal distribution, we created 200 

consumers. We simulated their responses in all 9 conjoint studies for all three data collection 

methods by the use of the realizations from the cdf. Reduced Dual Response asks for 3x3 

purchase decisions and thus contains 11 purchase questions less than Dual Response. Thus, 

each study requires the evaluation of 80 (=20·4) alternatives in case of Choice-Based 

Conjoint, 100 (=20·3+20·2) in case of Dual Response and 78 (=20·3+9·2) in case of Reduced 

Dual Response. Estimation is done with Hierarchical Bayes by the use of standard diffuse 

priors.  

In order to test the accuracy of the approximation, we compute the mean Spearman rank 

correlation between the true and estimated rank of the complete factorial design. We obtain a 

value of 0.76 (p<.001) and conclude that our approximation of the rank shows highly 

significant correlation, for that it can be computed on individual level in less than one second. 

The root mean squared error (RMSE) serves to compare the ability to recover true parameter 

values. The results are illustrated and listed in Figure 3.  

In line with Brazell et al. 2006, we find strong support that possible gains in efficiency are 

possible with Dual Response instead of Choice-Based Conjoint. Comparing Reduced Dual 

Response with Dual Response and Choice-Based Conjoint, we find support that Reduced 

Dual Response performs equally well than Dual Response, even though it requires less than 

half of the purchase decisions. Since Dual Response concentrates its purchase questions more 

on the upper part of the whole sorted complete factorial design, it obtains slightly better 
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results, if the share of no-purchase decisions is close to 1. However, the differences are 

neglectable to those of Choice-Based Conjoint. 
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4 Empirical Study 

 

What remains to be shown, is, whether and which different selection behavior is associated 

with our approach. Therefore, we conducted a large empirical study in cooperation with one 

of the market leaders for Video-on-Demand services in Europe between July and September 

2008, in which we asked consumers for their willingness to purchase differently equipped 

video-on-demand packages. We received 880 completely filled questionaires, which we 

randomly split up among the three data collection methods. We use the scale proposed by 

Bettman et al. 1986, to test the perceived task difficulty. Table 1 shows that Reduced Dual 

Response is perceived significantly less difficult than Dual Response and not significant more 

difficult than Choice-Based Conjoint. These results indicate that Reduced Dual Response 

indeed reduces cognitive effort. 

Furthermore, we also obtained more well-balanced purchase decisions; Reduced Dual 

Response results in lower share of consumers, purchasing every offered product as well as a 

lower share, purchasing none of the offered products. This might support the argumentation in 

section 2 that Reduced Dual Response is better able to exploit the whole sorted complete 

factorial design.  

Table 1: Perceived Task Difficulty and Extreme Choice Behavior 
 Choice-Based Conjoint Dual Response Reduced Dual Response 

Perceived task difficulty 3.27a 3.57 3.33a 
Share of consumers always 
purchasing 

16.85 % 5.84 % 0.98 % 

Share of consumers never purchasing 17.23 % 30.84 % 6.86 % 

a: significantly lower than Dual Response (p<.05) 

We will present further insights in the results of the three data collection methods. Yet, 

preliminary results show that: 

- The choice of data collection method has serious implications for the prediction of 

WTP and market penetration. 

- Superiority of Reduced Dual Response is given in internal, predictive, and convergent 

validity.  

 

5 Summary 

We have shown in our simulation study that Reduced Dual Response performs equally well as 

Dual Response, but requires much less decisions from the consumers. Hence, the reduction in 

the number of purchase questions does not worsen its performance, but substantially reduces 

the cognitive effort of the consumers. The preliminary results of our large empirical study also 

indicate that Reduced Dual Response outperforms both, Choice-Based Conjoint and Dual 

Response. 

Share of No-Purchase 
Decisions (in CBC) 9 % 16 % 25 % 36 % 48 % 59 % 78 % 86 % 95 % 

Choice-Based 
Conjoint 

1.74 1.50 1.42 1.15 1.17 2.09 4.18 5.24 6.53 

Dual Response 
 

1.46 1.26 1.07 1.11 0.94 0.93 0.99 1.16 1.54 

Reduced Dual 
Response 1.31 1.29 1.18 1.05 1.09 1.08 1.24 1.54 2.11 

Figure 3: RMSE between true and estimated coefficients 
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