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a b s t r a c t 

The use of Hierarchical Bayes (HB) estimation techniques for choice-based conjoint (CBC) data offers the 

opportunity to directly use HB draws for preference simulations. This paper analyzes the use of HB draws 

for shares of choice predictions. Five different choice rules are compared: the first choice rule applied to 

HB draws, the logit choice rule applied to HB draws, the randomized first choice rule, the traditional 

first choice rule and the traditional logit choice rule. Each two different holdout choice scenarios are 

constructed containing one time two extremely similar and the other time very unique alternatives to 

assess how well the choice rules tolerate the IIA property in predicting choice shares. We present a Monte 

Carlo study to systematically explore shares of choice predictions based on the different choice rules and 

further verify whether our findings hold in empirical settings. The key finding of our Monte Carlo study 

is that using HB draws either combined with the first choice rule or the logit choice rule substantially 

improves choice share predictions when compared to the other choice rules, regardless of the type of 

holdout choice scenario. While the logit choice rule applied to HB draws performs a touch better for 

simulated data, the first choice rule applied to HB draws provides the best choice share predictions for 

each of the five empirical data sets. Using HB draws does not only provide the best predictive validity 

but, more importantly, it is theoretically correct when applying a Bayesian estimation approach to CBC 

data. 

© 2021 Published by Elsevier B.V. 
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. Introduction 

Since its introduction to marketing research ( Green & Rao, 

971 ), conjoint analysis has become a widely applied method 

or measuring, analyzing, and predicting consumer preferences. 

n recent years, (choice-based) conjoint analysis has also ex- 

anded to other disciplines with increasing intensity in opera- 

ions management contexts ( Braun, Schmeiser & Schreiber, 2016 ; 

amm, Cochran, Curry & Kannan, 2006 ; Foster, Turner & Fergu- 

on, 2014 ; Gensler, Hinz, Skiera & Theysohn, 2012 ; Halme & Kallio, 

011 , 2014 ; Karniouchina, Moore, van der Rhee & Verma, 2009 ; 

aldonado, Montoya & Weber, 2015 ; Meeran, Jahanbin, Goodwin 

 Neto, 2016 ; Natter & Feurstein, 2002 ; Steiner, 2010 ; Tsafarakis, 

rigoroudis & Matsatsinis, 2011 ; Wang, Camm & Curry, 2009 ). One 
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tions: A study based on conjoint choice data, European Journal of Oper
f the main reasons for applying conjoint analysis in marketing 

ractice is to conduct preference or market simulations (e.g., Green 

 Srinivasan, 1990 ; Rao, 2014 ; Wittink & Cattin, 1989 ; Wittink, 

riens & Burhenne, 1994 ). Based on a (hypothetical) market sce- 

ario, preference simulations enable managers to explore how re- 

pondents may react to new product entries or product modifi- 

ations among a competitive environment (“what if” scenarios), 

s well as predict preference shares, which are also referred to 

s shares of choice ( Huber, Orme & Miller, 1999 , 2007 ; Braun et

l., 2016 ; Voleti, Srinivasan & Ghosh, 2017 ). 1 Green and Krieger 

1988) recognized early the importance of simulating preference 

hares by stating “in virtually all industry applications of conjoint 

nalysis, […] individual part-worth [utility] functions, along with 

ne or more new product descriptions, are typically entered into 

 buyer choice simulator to find the share of choices (i.e., “market 
1 In the relevant literature, the terms shares of choice , shares of preference , choice 

hares , and preference shares are used interchangeably, along with the terms conjoint 

imulation , preference simulation , and market simulation . 

s for improving shares of choice predictions in conjoint simula- 

ational Research, https://doi.org/10.1016/j.ejor.2021.05.056 
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2 This means, when the exercise of predicting shares of choice is repeated several 

times, each alternative is expected to be chosen with a frequency implied by its 

choice probability. 
hare”) received by each product” ( Green & Krieger, 1988 , p. 114). 

imilarly, Natter and Feurstein (2002) noted that “in many stud- 

es, the CBC model is used to build a market simulator to develop 

arketing strategies; i.e., shares of preference are taken as market 

hare forecasts” ( Natter & Feurstein, 2002 , p. 448). Rao (2014) ar- 

ued that stable market shares provide the basis for maximizing 

he long-term profitability of new products or product lines (cf. 

ao, 2014 , p. 225). A large body of academic papers further focus 

n conjoint-based optimal product (line) design. These papers aim 

o develop efficient heuristics in NP-hard problem settings to max- 

mize shares of choice and/or profit from product (line) sales to an 

ggregate of customers. An overview of this stream is provided by 

elloni, Freund, Selove & Simester (2008) who compared the most 

mportant methods developed here to date. Accurately predicting 

reference shares is also a key element related to this issue. 

Of course, care is required when interpreting simulated choice 

hares as expected market shares. Because preference simulations 

ely on several assumptions that may differ from real market con- 

itions (e.g. equal awareness and/or availability of all products con- 

idered, no out-of-stock conditions, all relevant attributes included, 

o budget constraints for respondents), choice shares should be in- 

erpreted as relative indicators of preference rather than directly as 

xpected market shares ( Orme & Johnson, 2006 ). 

Three steps are generally required to conduct preference simu- 

ations based on conjoint data. First, part-worth utilities previously 

stimated in a conjoint study have to be provided. Choice-based 

onjoint analysis (CBC, Louviere & Woodworth, 1983 ) has today be- 

ome the standard approach for most conjoint applications, with 

he multinomial logit model (MNL) being the most widely used 

iscrete choice model for utility estimation. In addition, incorporat- 

ng heterogeneity of consumer preferences into studies has become 

tate of the art, with part-worth utilities resulting from CBC stud- 

es (and preferably estimated on the individual respondent level 

sing Hierarchical Bayes (HB) methods) primarily used for mar- 

et simulations ( Braun et al., 2016 ; Natter & Feurstein, 2002 ). Cur-

ently, the standard estimation approach for considering random 

aste variation in CBC studies remains the Hierarchical Bayes multi- 

omial logit model with the multivariate normal distribution used 

s probability distribution, also called the HB mixed logit model 

see Train, 2009 , and Appendix A for more details). 

Secondly, a market scenario has to be defined to explore com- 

etitive or cannibalization effects. For example, if a firm wants to 

odify one of its established items, the market scenario consists 

f the modified item plus all of the relevant existing own and 

ompetitive items (except the product prior to modification, cf. 

ao, 2014 ). And third, to predict which items respondents would 

hoose, choice rules are used that translate respondents’ utilities 

nto expected individual choice probabilities. These can be aggre- 

ated across respondents to obtain the share of them who prefer 

ne product compared to the other competing items ( Voleti et al., 

017 ). 

Each choice rule has its pros and cons, and different choice 

ules do not necessarily lead to the same choice share predictions. 

he selection of the choice rule should therefore be well consid- 

red. Given that the HB mixed logit is used to estimate individual 

art-worth utilities (which we will assume throughout the paper), 

he following choice rules for predicting shares of choice are ap- 

lied: (1) the first choice (FC) rule, (2) the logit choice (LC) rule, 

3) the randomized first choice (RFC) rule, (4) HB random draws 

ombined with first choice simulations (HBFC), and (5) HB random 

raws combined with logit choice simulations (HBLC). It is impor- 

ant to note that, if a Bayesian method is employed for parameter 

stimation (like the HB mixed logit in this study), a fully Bayesian 

pproach must be used to derive related quantities based on this 

odel (like shares of choice predictions in this study). This means 

hat only the HBFC rule or the HBLC rule come into question from 
2 
 theoretical perspective. Nevertheless, we can observe the usage 

f all five choice rules mentioned above both in the academic liter- 

ture and in market research practice. The present study wants to 

larify that using HB draws does not only provide superior choice 

hare predictions compared to the other choice rules but, in par- 

icular, is theoretically correct when conducting preference simula- 

ions in a Bayesian context. 

The FC rule assumes that each respondent deterministically 

i.e. with certainty) chooses the product with the highest pre- 

icted utility (e.g., Elrod & Kumar, 1989 ; Green & Krieger, 1988 ; 

ao, 2014 ). In contrast, the LC rule assumes that the probability 

f choosing an item is proportional to the exponential function 

f its expected utility, and allows “vote splitting” across items in 

he sense that there is a chance of choosing any of the alterna- 

ives according to their choice probability (e.g., Green & Krieger, 

988 ). 2 Both the FC rule and the LC rule were traditionally ap- 

lied to point estimates of part-worths. But even after HB es- 

imation techniques became available, HB draws were still aver- 

ged to obtain point estimates of part-worths for each respondent, 

nd these point estimates were subsequently subjected to the FC 

nd/or LC rule for shares of choice predictions (e.g., Braun et al., 

016 ; Foster et al., 2014 ; Karniouchina et al., 2009 ; Moore, 2004 ,

998 ; Natter & Feurstein, 2002 ). The RFC rule modifies the first 

hoice rule by repeatedly adding some random error to point es- 

imates of part-worths (attribute variability) and/or to each total 

roduct utility (product variability). Shares of choice are then pre- 

icted by applying the first choice rule each time to the respec- 

ive disturbed utilities ( Huber et al., 1999 ; Orme & Baker, 20 0 0 ;

rme & Huber, 20 0 0 ). It is also possible to directly use the HB

andom draws generated during the HB estimation process as in- 

uts for the first choice rule or the logit choice rule (e.g., Dotson 

t al., 2018 ; Dotson, Büschken & Allenby, 2020 ; Feit, Beltramo & 

einberg, 2010 ; Orme & Baker, 20 0 0 , Aribarg, Arora & Kang, 2010 ;

oubia, de Jong, Stieger & Füller, 2012 ) as an alternative to aver- 

ging the HB draws to point estimates in a first step and adding 

andom error to the point estimates in a second (as with the RFC 

ule). Similar to the RFC rule, shares of choice predictions are pro- 

uced based on hundreds or thousands of random draws instead 

f only single point estimates. To the best of our knowledge, only 

ew researchers to date have utilized the estimated posterior distri- 

utions of part-worth parameters in operations research contexts, 

.e. direct HB random draws for shares of choice predictions (e.g., 

amm et al., 2006 ; Gilbride, Lenk & Brazell, 2008 ; Wang, Camm & 

urry, 2009 ). 

The HB mixed logit model is the standard approach for estimat- 

ng decision makers’ preferences based on conjoint choice data, but 

ompeting choice rules coexist in the academic literature and mar- 

et research practice when it comes to predicting shares of choice 

“market shares”) based on these HB estimates (although the use 

f the posterior distribution of estimated parameters (HB draws) 

s conceptually the only consistent implementation within a fully 

ayesian approach). This prevalence of the different choice rules 

aises questions about how and whether they still effectively re- 

over preference shares. One aspect here is the degree of simi- 

arity between alternatives to which the choice share predictions 

pply, and it is well-known that the different choice rules are dif- 

erently prone to the independence of irrelevant alternatives prop- 

rty (IIA) (see the detailed discussion on choice rules in Section 

 ). No study currently exists that has systematically analyzed the 

omparative performance of the different choice rules (and in par- 

icular of directly using HB draws) for shares of choice predictions. 

o the best of our knowledge, the comparative performance of us- 
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ng HB draws for shares of choice predictions has been assessed in 

nly two empirical studies ( Baier & Polasek, 2003 ; Orme & Baker, 

0 0 0 ), and each of these used only one single empirical data set

or drawing conclusions. In addition, only the study by Orme and 

aker (20 0 0) was conducted within a discrete choice context (RFC, 

BFC, HBLC), while Baier and Polasek (2003) compared the predic- 

ive performance of different choice rules (FC, LC, HBFC) for met- 

ic conjoint data. Recently, Sawtooth Software hosted a modeling 

ompetition for researchers with a CBC data set specially created 

or it, including 21 out-of-sample holdout tasks with different de- 

rees of inter-product similarity ( Orme, 2017 ). As a by-product of 

his modeling competition, Sawtooth Software additionally com- 

ared the performance of the HBLC rule versus the RFC rule (and 

lso the LC rule) for shares of choice predictions. 

To close this research gap, we propose a Monte Carlo study 

long with additional analyses using empirical data. In the Monte 

arlo study, the performance of the five choice rules is evaluated 

nder experimentally varying conditions using several statistical 

riteria for predictive accuracy. Analyses of variance (ANOVAs) are 

urther conducted to evaluate the impact of the experimental fac- 

ors on the measures of predictive accuracy. We further analyze 

ow shares of choice predictions depend on the parameter re- 

overy performance of the HB mixed logit under different exper- 

mental conditions. We also investigate the power of the different 

hoice rules to handle shares of choice predictions when alterna- 

ives are highly similar, and will assess how well they tolerate the 

IA property. Of particular interest is the comparative performance 

f the RFC rule, which (among other things) was specifically intro- 

uced to allow similar alternatives to compete more closely, reduc- 

ng the IIA bias in preference simulations as a result. 

The choice of our experimental factors and the data generation 

rocess is based on previous Monte Carlo studies related to con- 

oint or discrete choice analysis ( Andrews, Ainslie & Currim, 2002 , 

ndrews, Ansari, & Currim, 2002 ; Vriens, Wedel & Wilms, 1996 ; 

irth, 2010 ). These previous studies focused on the comparative 

erformance of competing statistical methods for preference es- 

imation, but not on the comparative performance of competing 

hoice rules for share predictions. 3 When verifying whether our 

ndings from the Monte Carlo study also hold under real data con- 

itions, we additionally compare the five choice rules using five 

mpirical data sets. Generally, we expect an improved predictive 

ccuracy for choice rules that use random draws as compared to 

nly point estimates, because the use of draws accounts for pref- 

rence uncertainty. We further expect an additional benefit from 

sing HB instead of RFC draws since the information about a re- 

pondent’s choice behavior along with her/his choice task is here 

mplicitly preserved and utilized for choice share predictions. 

The article proceeds as follows. We first review previous pa- 

ers that have dealt with choice rule comparisons in the context 

f choice-based conjoint analysis or that involve HB draws ( Section 

 ). We then characterize the choice rules in more detail and ex- 

lain the IIA property ( Section 3 ). This is followed by a description

f the experimental design of our Monte Carlo study, specifically 

ntroducing the factors that were experimentally varied, explaining 

he data generation process, and describing the statistical criteria 

sed for comparing true with predicted shares of choice ( Section 

 ). We also present the results of the Monte Carlo study and dis- 

uss our findings in Section 4 . Finally, we present and discuss the 

esults of applying the five choice rules to empirical data in Section 
3 Vriens et al. (1996) compared different conjoint segmentation methods (two- 

tage versus integrated approaches); Andrews, Ansari & Currim (2002) compared 

onjoint models estimated at different levels of aggregation (among others Hierar- 

hical Bayes versus finite mixture models); and Wirth (2010) compared the perfor- 

ance of the HB mixed logit using different levels of information (involving choices 

f only the best concept versus the best and worst concepts from each choice task). 

a

i

c

b

a

I

u

3 
 . The paper closes with a discussion of our study’s implications 

nd limitations, with an outlook for future research ( Section 6 ). 

. Previous research 

Early studies comparing different choice rules focused on the 

raditional first choice and logit choice rules (e.g., Elrod & Ku- 

ar, 1989 ; Finkbeiner, 1988 ; Green & Krieger, 1988 ). Even after HB 

stimation techniques became established (e.g., Allenby & Ginter, 

995 ; Allenby, Arora & Ginter, 1995 ; Lenk, Desarbo, Green & Young, 

996 ) and the RFC choice rule was introduced ( Huber et al., 1999 ),

ery few studies analyzed the use of HB draws or the RFC rule for 

hoice share predictions. Huber et al. (1999) , and Orme and Hu- 

er (20 0 0) conducted an empirical CBC study on mid-sized televi- 

ions to examine the ability of the RFC choice rule under different 

evels of variability to correctly reflect similarity effects in mar- 

et simulations. The authors assessed the impact of the RFC rule 

pplied to the aggregate logit, latent class logit, and individual- 

evel models estimated using the HB mixed logit or Sawtooth Soft- 

are’s ICE (individual choice estimation) method. For each of these 

odels, three levels of variability were examined within the RFC 

ramework: (1) no variability, which is equivalent to using the first 

hoice rule; (2) adding product variability, which is equal to ad- 

usting the scale under the logit choice rule; and (3) adding both 

roduct and attribute variability where the latter explicitly corrects 

or product similarity. Holdout tasks containing extremely similar 

lternatives were designed to test the performance of the RFC vari- 

nts to handle different degrees of similarity among products. Pre- 

icted combined shares of the near substitute alternatives as a per- 

entage of their actual shares, as well as the mean absolute er- 

or (MAE) in predicted choice shares across holdout alternatives 

ere then computed. RFC with product and attribute variability 

rovided the best share predictions, but attribute variability was 

learly the crucial component for improving choice share predic- 

ions. 

Orme and Baker (20 0 0) used the empirical CBC data set col- 

ected by Huber et al. (1999) to compare shares of choice predic- 

ions based on HB draws versus the RFC choice rule. The mean ab- 

olute error (MAE) between actual and predicted choice shares for 

oldout alternatives was calculated and subsequently scaled as a 

ercentage of the test-retest MAE for repeated choice tasks. The 

esults showed that both using HB draws and applying the RFC 

ule to individual-level point estimates of part-worths (i.e. adding 

nly attribute variability) worked well. However, predictions based 

n the RFC rule were slightly more accurate for the data set con- 

idered compared to those based on HB draws. Importantly, due 

o the much slower processing times and limited storage capaci- 

ies of computers 15 years ago, only 35,0 0 0 burn-in iterations were 

sed for HB estimation, which may be too small to ensure conver- 

ence of the Markov chain. Similar to Huber et al. (1999) , adding 

ttribute variability proved essential for a good performance of the 

FC choice rule, while adding product variability in addition to at- 

ribute variability did not provide further substantial benefits. It is 

orth mentioning that Orme (2017) recently reported some new 

esults from the comparison of using HB draws (HBLC) versus the 

FC choice rule for shares of choice predictions. Different from the 

tudy of Orme and Baker (20 0 0) , HB draws worked slightly better 

han RFC in terms of correlations between predicted choice shares 

nd observed out-of-sample choice shares in holdouts. The find- 

ngs were based on a CBC data set for vacation cruise packages 

ollected especially for the modeling prize competition launched 

y Sawtooth Software in 2016 and they were only briefly discussed 

s a supplement to the main results of this modeling competition. 

mportantly, no information on the number of burn-in iterations 

sed for HB estimation was provided, and only 200 draws per re- 
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pondent were used for preference simulation. We further com- 

ent on this latter issue in Section 5 . 

Baier and Polasek (2003) compared the traditional FC rule, 

he LC rule, and the HBFC rule in the context of metric/ratings- 

ased conjoint data. FC and LC were applied to point estimates 

f individual part-worths obtained from standard ordinary least 

quares (OLS) regressions on the one hand and a compositional 

elf-explicated model (SEM) on the other. In addition, individual- 

evel part-worths were estimated using HB regressions, and the 

enerated HB draws were used for first choice simulations (HBFC). 

ased on holdout validation, the comparative performance of the 

hoice rules was assessed (among others) in terms of Spearman’s 

 between predicted and true choice shares. The results showed 

 higher predictive accuracy for the HBFC rule compared to the 

C rule, albeit a slightly worse predictive performance compared 

o the traditional FC rule. However, if individual part-worths can 

e estimated using single OLS regressions (due to sufficient de- 

rees of freedom), the lower level of the HB model should con- 

erge against or at least come close to those OLS part-worths. In 

his special case, it was not unexpected that HB draws didn’t out- 

erform first choice predictions based on OLS. And in fact, it is al- 

ost impossible to estimate individual-level part-worths based on 

hoice data using separate choice models (MNL models) for each 

espondent because conjoint choice data provide much less infor- 

ation compared to metric (ratings-based) conjoint data. Holdout 

alidation in the empirical study by Baier and Polasek (2003) was 

lso based on only one single holdout, limiting the generalizability 

f their results. 

Arenoe (2003) conducted ten commercial CBC studies of pack- 

ged goods, evaluating the effects of using different estimation and 

rediction techniques on the external validity of CBC (i.e. the abil- 

ty of CBC to accurately predict real market shares). The techniques 

ncluded three methods for utility estimation (aggregate logit, in- 

ividual choice estimation, and HB mixed logit); three choice rules 

FC, RFC with product variability only, RFC with both product and 

ttribute variability); and two correctional measures (weighting re- 

pondents by their purchase frequency and weighting estimated 

roduct shares by their distribution level). The MAE and the Pear- 

on correlation coefficient between real and predicted shares ap- 

lied to past market situations were used as measures for external 

alidity. The findings with regard to the choice rules showed that 

he RFC with product variability error and RFC with product and 

ttribute variability errors outperformed the first choice rule on 

ost occasions. There was also weak evidence that RFC with ad- 

itional attribute-error correction for similarity outperformed RFC 

ith product variability error only. 

Table 1 summarizes the main characteristics and findings of 

hese studies. Only very few studies to date have compared the 

redictive performance of different choice rules in the context of 

BC data. All of them used empirical data, with only one of them 

nvestigating the use of HB draws for shares of choice predictions 

 Orme & Baker, 20 0 0 ). Furthermore, the findings of this study were

ased on only one single data set. 4 To the best of our knowl- 

dge, no previous study has systematically analyzed the perfor- 

ance of using HB draws in comparison to the RFC rule, the logit 

hoice rule, and the first choice rule for shares of choice predic- 

ions. This is why we present in a first step a Monte Carlo study 

ased on synthetic CBC data, which will allow systematic explo- 

ation of whether one choice rule is able to provide more accurate 

hare predictions than others under certain market conditions. 

One of these conditions is the degree of similarity among prod- 

cts to which the choice share predictions apply. If the degree of 
4 Likewise, only one study compared the performance of HB draws for shares of 

hoice predictions to other choice rules based on metric conjoint data ( Baier and 

olasek 2003 , see Table 1 ). 

t

i

2

s

4 
imilarity between each two alternatives strongly differs (for ex- 

mple, two of three alternatives are highly similar, while the third 

lternative is not), the IIA property comes into play. Here the ques- 

ion arises regarding how the different choice rules are capable of 

andling different levels of similarity in the sense that IIA prob- 

ems can be kept as small as possible. 5 In our Monte Carlo study, 

e address this question by systematically constructing scenarios 

here choice sets one time contain two extremely similar, and 

he other time quite unique (i.e. mutually very dissimilar) alter- 

atives. In the empirical part of this paper, we further compare 

ll five different choice rules based on five different empirical data 

ets to allow more generalizable implications than previously for 

eal CBC data settings as well. We also verify here whether our 

ndings from the Monte Carlo study hold in empirical settings as 

ell ( Section 5 ). The studies listed in Table 1 can be further dis-

inguished regarding whether they treat the internal or external 

alidity of conjoint simulations. The internal validity is usually ac- 

omplished via holdout validation (as in Baier & Polasek, 2003 ; 

uber et al., 1999 ; Orme & Baker, 20 0 0 ; Orme & Huber, 20 0 0 ),

hereas the external validity refers to the comparison between 

redicted shares of choice and real market shares (as in Arenoe, 

003 ). In our studies, we focus on the internal validity of the dif- 

erent choice rules for preference simulations. For holdout vali- 

ation we use several measures of predictive accuracy (previous 

tudies only focused on minimizing the MAE; for example, predic- 

ive measures that penalize larger prediction errors more strongly 

e.g. RMSE) were not considered). The following section describes 

he five choice rules investigated in this study (FC, LC, RFC, HBFC, 

BLC). 

. Choice rules 

.1. First choice rule (FC) 

The deterministic FC rule is a very strong choice rule because 

ach respondent is assumed as choosing with certainty the item 

ith the highest predicted utility from a set of alternatives. The 

C rule assigns a probability of one to the alternative with the 

ighest utility, and probabilities of zero to all other items, even 

hen utility differences between alternatives are only marginal. As 

 consequence, shares of choice for alternatives with above-average 

tility may be strongly overestimated on the aggregate (market) 

evel. The FC rule can however be appropriate for non-routine pur- 

hases such as durables like automobiles or personal computers, 

nd high-involvement choice decisions. With frequently purchased 

onsumer goods on the other hand (e.g. beverages), respondents’ 

hoice behavior may be more probabilistic, making preferences 

ary across different use occasions ( Elrod & Kumar, 1989 ; Green & 

rieger, 1988 ; Rao, 2014 ). The FC rule is furthermore not affected 

y the IIA property (see below). 

.2. Logit choice rule (LC) 

The LC rule assumes that the probability of selecting a product 

s proportional to the exponential function of its expected utility. 

t therefore permits continuous probabilities of choice, i.e. each al- 

ernative has the chance to be chosen according to its estimated 

hoice probability instead of assigning a probability of 1 to the 
5 The IIA property is both an issue for model estimation and choice share predic- 

ions. Accommodating preference heterogeneity using the HB mixed logit for util- 

ty estimation is known to soften (but not fully eliminate) the IIA property ( Train, 

009 ). Using HB draws appears to provide a natural solution to keep IIA problems 

mall for subsequent shares of choice predictions (see Section 3 ). 
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Table 1 

Previous studies related to choice rule comparisons based on CBC data or involving HB draws. 

Study Conjoint 

Approach 

Data 

Basis 

Estimated 

Models 

Choice Rules 

Comparisons 

Measures of Predictive 

Accuracy 

Main Findings 

Huber, Orme, and 

Miller (1999) (also 

see Orme and 

Huber 2000) 

Choice-based Empirical Aggregate 

Logit, Latent 

Class, HB, ICE 

RFC with three levels of 

variability (no variability, 

only product variability, 

both product and attribute 

variability) 

MAE based on holdout 

tasks, predicted combined 

shares of near substitutes 

versus combined actual 

shares 

Adding attribute variability is 

crucial for a good performance 

of RFC 

Orme and Baker 

(2000) 

Choice-based Empirical HB RFC (attribute variability, 

both product and attribute 

variability), HB draws 

MAE between actual and 

predicted shares based on 

holdout tasks 

RFC with attribute variability 

slightly more accurate than HB 

draws 

Baier and Polasek 

(2003) 

Metric Empirical OLS, SEM, HB FC, LC, HB draws 

(unrestricted, with ordinal 

constraints for some 

attributes) 

Spearman’s r between 

actual and predicted 

shares based on holdout 

task 

Predictive performance of HB 

draws better than when based 

on LC, and slightly worse than 

under FC 

Arenoe (2003) Choice-based Empirical Aggregate 

Logit, HB, ICE 

FC, RFC (product 

variability only, both 

product and attribute 

variability) 

MAE and Pearson 

correlation between real 

and predicted market 

shares (past market data) 

RFC with both product and 

attribute variability and RFC 

with only product variability are 

better than FC 

Our approach Choice-based Synthetic + 

Empirical 

HB, Aggregate 

Logit 

FC, LC, RFC (with attribute 

variability), HB draws 

(HBFC, HBLC) 

MAE, MSE, RMSE, MAPE, 

RAE between true/actual 

and predicted shares 

based on holdout tasks 

Synthetic data: HB draws 

applied to choice simulations 

(HBFC, HBLC) are much more 

accurate compared to the other 

choice rules 

Empirical data: HB draws 

applied to first choice 

simulations (HBFC) with the 

lowest prediction errors 
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6 IIA problems in preference simulations could also be addressed using a multi- 

nomial probit model, recently proposed e.g. by Dotson et al. (2018) . However, es- 

timation of probit models is computationally still much more expensive because 

the resulting integrals have to be evaluated numerically (e.g., see Train, 2009 ). This 

becomes even more relevant in Monte Carlo studies with a large number of treat- 

ments and replications, as in our study. Note however that the probit model pro- 

vides a closed-form solution for full conditionals. Therefore, Gibbs sampling in- 

stead of the Metropolis-Hastings (MH) algorithm could be used for MCMC estima- 

tion, which eliminates the need for tuning MH parameters as required for the logit 

model (e.g., see Albert & Chib, 1993 , Fahrmeir & Kneib, 2011 , Chapter 2). 
tem with the highest utility ( Green & Krieger, 1988 ): 

 n ( j) = 

exp (μ · V n j ) 

M ∑ 

m =1 

exp (μ · V nm 

) 

, (1) 

here P n ( j) is the probability that respondent n chooses alterna- 

ive j in a particular choice task. V n j is the deterministic utility of 

lternative j , and μ > 0 represents the scale parameter of the logit 

odel. A weakness of the LC rule is that it suffers from the in-

ependence of irrelevant alternatives (IIA) property. This implies 

hat the ratio of probabilities of choosing one product over an- 

ther remains constant independent of whether further products 

re available in a choice task or in a competitive market scenario. 

s a consequence, if a new alternative is introduced, the probabil- 

ties for the existing alternatives are reduced by the same percent- 

ge, proportional to their pre-introduction preference shares (e.g., 

en-Akiva & Lerman, 1985 ; Green & Srinivasan, 1978 ; Jain & Bass, 

989 ; Louviere & Woodworth, 1983 ; Louviere, Hensher, Swait & 

damowicz, 2010 ; Luce, 1959 ; McFadden, 1974 ; Ray, 1973 ; Train, 

009 ). The IIA property can lead to counterintuitive results if some 

lternatives are very similar to each other while others are not 

 Vermeulen, Goos & Vandebroek, 2008 ). For very similar alterna- 

ives, it might be expected that the sum of their predicted shares 

f choice should be about the same compared to the share of 

hoice if just one of the alternatives were present. However, due to 

he IIA property, the LC rule overestimates the joint share, result- 

ng in a so called “share inflation” for similar items ( Chakraborty, 

all, Gaeth & Jun, 2002 ; Finkbeiner, 1988 ). The limitations arising 

rom the IIA property are commonly explained with the classical 

red bus-blue bus” paradox ( Debreu, 1960 ). Accordingly, applying 

he LC rule when larger differences in similarities among alterna- 

ives exist can lead to highly distorted forecasts. In this case, can- 

ibalization effects may be underestimated by the predicted joint 

hares of choice with e.g. a product line extension (e.g., Huber et 

l., 1999 , 20 07 ; Orme & Huber, 20 0 0 ). In order to combine the ad-

antages and avoid the drawbacks of the FC rule (immune to share 
5 
nflation, but probably not very realistic) and the LC rule (often 

ore realistic, but prone to the IIA property), the RFC rule as well 

s the use of HB random draws as an input to the FC rule (HBFC)

r to the LC rule (HBLC) present themselves as promising reme- 

ies. 6 

.3. Randomized first choice rule (RFC) 

The RFC rule proposed by Huber et al. (1999) , and supported 

y Sawtooth Software modifies the FC rule by adding random er- 

or to the point estimates of the part-worths (attribute variability) 

nd/or to each overall product utility (product variability). Adding 

andom components is repeated numerous times, each time intro- 

ucing new random error terms and subsequently assuming that 

he respondent chooses the product with the highest utility ( Huber 

t al., 1999 , 2007 ; McCullough, 2002 ; Orme & Baker, 2000 ; Orme

 Huber, 20 0 0 ): 

 j = (β + ε β ) x j + ε j , (2) 

here U j is the utility of alternative j , β represents the vector of 

art-worths, x j is a dummy vector indicating the presence ( = 1) or 

bsence ( = 0) of attribute levels of alternative j , ε β is a random er-

or term added to the part-worths, and ε j is a random error term 

dded to alternative j . Note that ε β is held constant across alter- 

atives, while ε j is unique for each alternative. The random error 
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Table 2 

Advantages and drawbacks of the choice rules. 

Choice rule Advantages Drawbacks 

FC immune to IIA problems strict and possibly not very 

realistic because the product 

with the highest total utility 

is assumed to be chosen 

with certainty 

LC often more realistic due to the 

chance of choosing any 

alternative that has a non-zero 

choice probability 

prone to IIA property 

RFC combines benefits of FC and 

LC, i.e. allows “vote splitting”

and correction for product 

similarity 

no theoretical foundation is 

provided for adding 

estimation-independent 

random errors to point 

estimates 

HBFC / HBLC 

(HB draws + FC, 

HB draws + LC) 

allows “vote splitting” and 

correction for product 

similarity, contains more 

information than RFC draws 

because the error directly 

comes from HB estimation, i.e. 

the individual scaling of a 

respondent’s part-worths is 

preserved 

HB draws must be available 

(which is e.g. not the case 

for classical random-effects 

models or latent class 

models), saving HB draws 

requires large storage 

capacity 

p

p

c

t
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erm ε β introduces correction for product similarity, allowing sim- 

lar alternatives to compete more closely. If ε j = 0 then duplicate 

lternatives always have their share divided in two. If ε β = 0 and 

 j is Gumbel-distributed, then shares of choice predictions after 

any draws are identical to the LC rule. Since one central focus of 

his paper is on the capability of the different choice rules to ac- 

ount for similarity relationships between alternatives, and adding 

roduct variability clouds these similarity relationships (e.g., Huber 

t al., 1999 ), we concentrate on the effects of adding attribute vari- 

bility only. In doing this, we follow the default setting of Saw- 

ooth Software ( ε j = 0), assuming full correction for product sim- 

larity, using their method for auto-calibration of the amount of 

ariance of the error term to disturb the part-worths. It is also 

mportant to note that point estimates for respondents resulting 

rom the HB mixed logit model already contain a certain scal- 

ng related to the variance of the Gumbel-distributed error term. 

dding a new product error term (product variability) here seems 

nreasonable because it would arbitrarily change the original scal- 

ng of the HB utilities. In contrast, adding attribute error to point 

stimates is reasonable, and reconstitutes some of the variance of 

he part-worths that was previously eliminated by averaging hun- 

reds or thousands of HB draws to point estimates. As such, shares 

f choice predictions based on directly using the HB draws of the 

arkov chain versus RFC draws (i.e. ex-post disturbed point esti- 

ates obtained from adding attribute error only) are directly com- 

arable. 

.4. HB random draws as input to the FC or LC rule (HBFC, HBLC) 

Using the HB mixed logit model for utility estimation offers the 

pportunity to directly utilize HB random draws as inputs to FC 

r LC simulations. In particular, with the use of HB, multiple esti- 

ates of part-worths are generated applying Markov Chain Monte 

arlo (MCMC) techniques. These estimates are draws from the pos- 

erior distribution of part-worths for each respondent. These indi- 

idual draws can be saved after the so-called burn-in phase (i.e. 

fter convergence of the Markov chain) and used directly as in- 

uts to the FC rule or the LC rule, producing shares of choice pre-

ictions for each respondent based on hundreds or thousands of 

B draws. 7 Not averaging the individual draws to point estimates 

reserves the individual scaling of a respondent’s part-worths as 

volved through the Markov chain (resembling both variances and 

ovariances across part-worths estimated in the upper level of the 

B model 8 ), as opposed to the RFC rule which adds a new model- 

ndependent IID error term to the point estimates after having av- 

raged the individual HB draws of a respondent. It is important 

o ensure via a large number of burn-in iterations that conver- 

ence of the Markov chain to the posterior distribution has been 

chieved ( Train, 2009 ) (see Appendix A ). Convergence can be for- 

ally tested by using the Gelman-Rubin potential scale reduction 

actor (PSRF) (see Supplementary Materials ). Obviously, when us- 

ng a proper Bayesian framework like the HB mixed logit model 

or estimation, any function of parameters should correctly con- 

ider the underlying distribution of parameters to derive further 

uantities of interest (as seen with choice shares in our context). 

owever, as mentioned in the introduction, past and even current 

esearch has repeatedly neglected this fact, continuing to use point 

stimates nevertheless. 
7 This means that the FC and LC rules are employed as before, albeit at the draw 

evel (i.e. for each draw of the Markov chain). A respondent’s probability of choos- 

ng an alternative is obtained by calculating the share of first choices across the 

B draws (HBFC), or by averaging the resulting probabilities across the HB draws 

HBLC). 
8 https://sawtoothsoftware.com/help/lighthouse-studio/manual/hid _ 

andomizedfirstchoice.html . This means that the RFC rule considers indepen- 

ent draws with equal variance and zero covariances across part-worths. 

v

s

fl

a

t

t

i

6 
Overall, both RFC, HBFC, and HBLC simulate multiple choices 

er respondent based on underlying distributions of attribute level 

art-worth parameters. 9 The difference however is that HB draws 

ontain more information because the error directly comes from 

he HB estimation stage, whereas the RFC method adds a new 

stimation-independent error after having averaged a respondent’s 

raws from the HB model to point estimates ( Huber et al., 2007 ).

o from a statistical point of view, HB provides more empirically 

orrect draws of random error around point estimates. RFC fails 

o be properly motivated, because no theoretical foundation is 

rovided for adding ex-post estimation-independent random error 

 Huber et al., 2007 ). The main advantages and drawbacks of the 

ve choice rules are summarized in Table 2 . 

. Design of the Monte Carlo study and results 

.1. Experimental factors 

As mentioned above, the choice of our experimental factors 

nd the data generation process derive from previous Monte Carlo 

tudies ( Andrews, Ainslie & Currim, 2002 , Andrews, Ansari, & Cur- 

im, 2002 ; Vriens et al., 1996 ; Wirth, 2010 ). Three experimental 

actors were manipulated for model estimation, and each factor 

as varied on several levels, as shown in Table 3 . 

There were 2 2 x 3 = 12 experimental conditions for model esti- 

ation. With five replications per experimental condition (i.e. six 

uns per treatment) and subsequent shares of choice predictions 

ased on each of the five choice rules for each preference data 

et (run), we obtained a total of 12 × 6 × 5 = 360 observations for 

tatistical analysis (i.e. the choice rules were also systematically 

aried like the other factors). Part-worth utilities were estimated 
9 In random utility models like the HB mixed logit, respondents’ choices are as- 

umed to be absolutely deterministic while the researcher might not observe all in- 

uencing factors a respondent considers for her/his choice decision. Therefore, from 

 Bayesian perspective, respondents’ repeated choices in conjoint experiments help 

he researcher to update her/his prior beliefs about respondents’ preferences, and 

hese beliefs are represented by the distributions of part-worth parameters used as 

nput for choice share predictions. 

https://sawtoothsoftware.com/help/lighthouse-studio/manual/hid_randomizedfirstchoice.html
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Table 3 

Experimental factors and factor levels. 

Factor # Factor levels Factor levels 

1. Number of choice tasks (excl. 2 holdouts) 3 7, 11, 15 

2. Sample structure 2 less heterogeneous, more heterogeneous 

3. Model complexity (number of parameters) 2 simple, complex 
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sing the HB mixed logit model, the standard HB estimation ap- 

roach for conjoint choice data. The objective was to analyze the 

erformance of the different choice rules, i.e. the first choice (FC) 

ule, the logit choice (LC) rule, the randomized first choice (RFC) 

ule with correction for similarity (attribute variability), the first 

hoice rule based on HB draws (HBFC), and the logit choice rule 

ased on HB draws (HBLC) under varying experimental conditions. 

o previous study has systematically compared these five choice 

ules. Later, we further add the aggregate MNL model as a bench- 

ark for choice share predictions to assess how much of the bias 

aused by the IIA property can already be addressed by allowing 

or unobserved preference heterogeneity across respondents using 

he HB mixed logit model for estimation (compare Section 4.5 ). 

Based on the results of two meta-analyses, we limited the num- 

er of choice tasks per respondent for part-worth estimation to 

 maximum of 15 (factor 1). Hoogerbrugge and van der Wagt 

2006) analyzed 37 HB-CBC studies (i.e. CBC studies where the HB 

ixed logit was used as an estimation model, as in our study) and 

bserved no substantial improvement in predictive validity when 

sing more than 15 choice tasks. Kurz and Binner (2012) ana- 

yzed 12 HB-CBC studies and reported similar findings. In partic- 

lar, they found that respondents may reach an “Individual Choice 

ask Threshold (ICT)” beyond which they may become disengaged 

nd tend to use simplification strategies. As a consequence, the 

redictive performance of HB-CBC may stagnate or even decrease 

f a larger number of choice tasks per respondent are used. Sim- 

lar to Hoogerbrugge and van der Wagt (2006) , Kurz and Binner 

ecommended using no more than 15 choice tasks. 

To compare the predictive performance of the five choice rules 

n our Monte Carlo study, we included two fixed holdout tasks in 

ddition to 7, 11, and 15 choice tasks used for model estimation. 

e expected a decrease in predictive accuracy as the number of 

hoice tasks used for model estimation decreased because less in- 

ormation on the individual respondent level would then be avail- 

ble for part-worth estimation. A corresponding significant effect 

as been confirmed by Wirth (2010) who reported worse shares of 

hoice predictions for a lower number of choice tasks. 

Because the HB approach borrows information from the sample 

opulation for estimating part-worths on the individual respon- 

ent level, it can further be assumed that the amount of prefer- 

nce heterogeneity in the sample affects the individual-level part- 

orth estimates. Factor 2 considered this aspect, and allows that 

espondents may be more or less heterogeneous in their part- 

orth structures (also compare Andrews, Ainslie & Currim, 2002 , 

ndrews, Ansari, & Currim, 2002 ; Vriens et al., 1996 ; Wirth, 2010 ).

he findings of the latter three papers 10 indicate that the predic- 

ive performance of HB models (significantly) benefits from more 

eterogeneous samples. Wirth (2010) found that one potential ex- 

lanation for this unexpected result is the Bayesian shrinkage of 

ndividual parameters towards the population mean in HB models, 

hich is ceteris paribus stronger for heterogeneous samples and 

elps improve shares of choice predictions. 

We further manipulated the complexity of the choice task, and 

ifferentiate between simple and complex conjoint scenarios (fac- 

or 3). The term simple scenario means that relatively few pa- 
10 Vriens, Wedel, and Wilms (1996) did not consider HB models. (

7 
ameters need to be estimated (six attributes, three attribute lev- 

ls), while the complex scenario is characterized by a relatively 

igh number of parameters (twelve attributes, five attribute levels). 

hus, the total number of parameters to be estimated for each re- 

pondent was twelve for the simple condition (two parameters per 

ttribute) and 48 for the complex condition (four parameters per 

ttribute), respectively. 11 We expected the predictive accuracy to 

e worse for complex compared to simple conjoint scenarios due 

o the higher number of individual parameters to be estimated. In 

ther words, given a certain amount of information on the individ- 

al respondent level (determined by the number of choices per in- 

ividual), a larger number of parameters would reduce the degrees 

f freedom for part-worth estimation, and shares of choice predic- 

ions would suffer from less reliable part-worth estimates. A signif- 

cant negative impact of an increasing model complexity on shares 

f choice predictions was found by Wirth (2010) . Since previous 

onte Carlo studies reported significant effects of the number of 

hoice tasks, the sample structure, and the model complexity on 

he predictive performance of HB models, we included them in our 

tudy as experimental factors to control for systematic effects that 

therwise would be attributed to the choice rules. 

Of additional note here is the issue of parameter recovery. 

iven a fixed number of parameters to be estimated at the individ- 

al respondent level, a lower number of choice sets per respondent 

nd therefore less individual information should make it harder to 

ccurately recover the true part-worths. As a result, goodness of 

arameter recovery may differ depending on experimental condi- 

ions, and a worse parameter recovery (expected here for a lower 

umber of choice sets) might negatively affect shares of choice 

redictions. Similarly, given a certain number of choice tasks per 

espondent, a higher model complexity is expected to produce a 

arger bias in parameter recovery. Expressed differently, a larger 

umber of parameters to be estimated given the same amount of 

ndividual respondent information should worsen parameter recov- 

ry as well as the accuracy of shares of choice predictions. Finally, 

oodness of parameter recovery could ultimately depend on the 

ample structure and thus affect the accuracy of shares of choice 

redictions as well. We later analyze how the accuracy of shares 

f choice predictions also depends on the goodness of parameter 

ecovery, i.e. the accuracy of recovering the true preferences in the 

arameter estimation stage under the different experimental con- 

itions (see Appendix D ). 

Beyond the factors varied in this study, we held other factors 

ommon across treatments (data sets) to keep the computational 

urden manageable. First, we set the sample size to 200 respon- 

ents for all treatments. In previous studies, variations in sample 

ize did not show a noticeable effect (if any at all) on the predic- 

ive performance of HB models (compare Andrews, Ainslie & Cur- 

im, 2002 , Andrews, Ansari, & Currim, 2002 ; Wirth, 2010 ). Second, 

e used the standard error variance of the MNL model that corre- 

ponds to a scale factor of one. And third, the number of alterna- 

ives per choice task was held constant. Both the choice tasks used 

or model estimation and the two fixed holdout tasks consisted of 

hree alternatives. We further didn’t include a no-purchase option 
11 Note that the part-worth utility for one level of each attribute is set to zero 

constituting the reference category). 
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ecause considering one provides no additional benefit in the con- 

ext of simulated data. 

.2. Data generation 

The HB mixed logit approach assumes (a) the MNL model as 

 discrete choice model for each respondent (lower level model) 

nd (b) a multivariate normal distribution βn ∼ N( ̄β, V β ) for the 

opulation of respondents (upper level model). 12 Following pre- 

ious Monte Carlo studies, V β was specified as a diagonal matrix 

compare e.g. Andrews, Ainslie & Currim, 2002 , Andrews, Ansari, 

 Currim, 2002 ; Wirth, 2010 ). The data generation process was 

ased on Wirth (2010) , and followed Wirth’s experiences about 

ypical distributions of average part-worths in real-world applica- 

ions. Accordingly, for 80% of the attribute levels the correspond- 

ng population mean betas (contained in β) were randomly drawn 

rom the interval [ −2, 2], and for each 10% of the attribute lev-

ls randomly from the intervals [ −5, −2] and [2, 5]. The covari- 

nce matrix V β captures the amount of preference heterogene- 

ty across respondents and was generated from a combination of 

amma and uniform draws, approximating a multivariate normal 

reference distribution as a result. Depending on the specification 

f the gamma and uniform distributions, more or less heteroge- 

eous samples were obtained (factor 2). In addition, the variances 

long the main diagonal of V β were allowed to differ between at- 

ribute levels (for details on generating the covariance matrix see 

irth (2010) ). The resulting distributions of individual-level part- 

orths for a less heterogeneous and for a more heterogeneous 

ample are exemplarily illustrated in Appendix B , Fig. B.1 . As can 

e seen from the density plot in Fig. B.1 , part-worth utilities for 

ach attribute level are normally distributed across respondents 

ith different variances across attribute levels, thus representing 

 multivariate normal distribution of preference heterogeneity (as 

pecified for the data generation process). 

After the “true” individual-level part-worths βn were gener- 

ted, deterministic utilities of respondent n for each alternative in 

ach choice task were obtained from computing the linear com- 

ination U n = X βn . Choice tasks were generated using the com- 

lete enumeration algorithm implemented in the Sawtooth soft- 

are. Lastly, a Gumbel-distributed error term was added to U n to 

btain the stochastic utilities (using the standard error variance of 

he MNL). Based on the simulated choices for 200 respondents, the 

ndividual-level part-worths (as well as the population mean betas 

and the covariance matrix V β ) were then re-estimated using the 

B mixed logit model. 

The two holdout tasks with three alternatives (products) were 

arefully designed for each treatment. To address the potential IIA 

ias, one holdout task was designed to have two of the three al- 

ernatives extremely similar to each other in their profiles. In con- 

rast, the second holdout task consisted of alternatives that were 

ll different from each other. The holdout tasks were generated as 

ollows: First, we designed a holdout task with two alternatives 

 and B such that the shares of choice of the two alternatives 

ere about 70% for A and 30% for B. Next, a third alternative C 

as introduced that was very similar to alternative A. Similarity 

as achieved by modifying one attribute level of alternative A at 

 time. The sum of deterministic utilities across respondents was 

omputed for each possible combination of attribute level modifi- 

ations. Finally, we decided upon the attribute level combination 

or alternative C that minimized the utility difference between al- 

ernative A and C across respondents. 13 Alternatively, we designed 

 holdout task with a third alternative C’ where the combination of 
12 The HB mixed logit is described in greater detail in Appendix A . 
13 Note that the construction of the holdout tasks was based on the generated 

true” individual-level part-worths. Summing up deterministic utilities across re- 

s

w

c

8 
ttribute levels was as different as possible from both alternatives 

 and B. Finally, we separately compared the true to the predicted 

hares of choice for each of the two holdout tasks, resulting in 360 

bservations for each holdout scenario. 

.3. Measures of performance 

No single best forecasting measure exists according to Winkler 

nd Murphy (1992) . It is therefore reasonable to use alternative 

tatistics for measuring predictive accuracy, each of them having 

omewhat different strengths and weaknesses. Under each treat- 

ent, we compared the predicted shares of choice ( ̂  W j ) based on 

he re-estimated part-worths to the “true” shares of choice ( W j ) 

ased on the generated part-worths across alternatives j in hold- 

ut task k along the following five measures of predictive accuracy 

 Leeflang, Wittink, Wedel & Naert, 20 0 0 ): 

The Mean Absolute Error (MAE) measures the average absolute 

eviation between true and predicted shares of choice: 

AE ( W ) = 

1 

J 

∑ 

j 

∣∣ ˆ W j − W j 

∣∣ (3) 

By squaring the deviations, the Mean Squared Error (MSE) 

eights large prediction errors more heavily than small predic- 

ion errors. The disproportionate influence of larger deviations is 

 desirable property, because larger prediction errors with regard 

o shares have disproportionate negative effects on managerial de- 

isions ( Chakraborty et al., 2002 ): 

SE(W) = 

1 

J 

∑ 

j 

(
ˆ W j − W j 

)2 
(4) 

Taking the square root of the MSE yields the Root Mean Squared 

rror (RMSE) . Like the MSE, the RMSE penalizes larger prediction 

rrors more strongly but finally reports the average prediction er- 

or in the dimension of the original measurement units. Therefore, 

he RMSE is directly interpretable in terms of measurement units: 

MSE ( W ) = 

√ √ √ √ 

∑ 

j 

(
ˆ W j − W j 

)2 

J 
(5) 

The Mean Absolute Percentage Error (MAPE) is a dimensionless 

easure. Similar to the MAE, absolute rather than squared predic- 

ion errors are computed. However, each absolute prediction error 

s expressed relative to the true choice share for alternative j : 

APE ( W ) = 

1 

J 

∑ 

j 

∣∣∣∣
ˆ W j − W j 

W j 

∣∣∣∣ · 100% (6) 

The Relative Absolute Error (RAE) compares the prediction error 

f a given model to the prediction error obtained from a naive 

orecasting model, where the latter defines a benchmark by using 

hoice probabilities that would result purely by chance (as denoted 

y B j ) 
14 : 

AE ( W ) = 

∑ 

j 

∣∣ ˆ W j − W j 

∣∣
∑ 

j 

∣∣B j − W j 

∣∣ (7) 

If the RAE statistic is less than one the forecasting model out- 

erforms the chance model, and if the RAE statistic is greater than 

ne the forecasting model is worse than the chance model. 
pondents would not be allowed based on (re-)estimated individual-level part- 

orths due to the individual scaling of the parameter estimates. 
14 Having three alternatives in each holdout task, the choice probability due to 

hance was 33.33% for each alternative. 
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Table 4 

Effect sizes of main and interaction effects for holdout choice scenarios 

where two out of three alternatives are extremely SIMILAR measured by 

eta squared ( η2 ) . 

Predictive Accuracy 

Source 

(d.f.) 

MAE MSE RMSE MAPE RAE 

Choice rule 

(4) 

.229 .171 .226 .248 .228 

Number of choice tasks 

(2) 

.112 .094 .117 .124 .112 

Sample structure 

(1) 

.013 .013 .013 .023 .013 

Model complexity 

(1) 

.117 .102 .121 .101 .117 

Sample structure x 

Model complexity 

.014 .004 .016 .014 .014 

Sample structure x 

Number of choice tasks 

.009 .013 .008 .012 .009 
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as the two first-order interactions discussed above show smaller 

15 The plots for the sample structure x model complexity interactions are identical 

or look at least very similar for all other predictive accuracy measures. 
Values of zero indicate no prediction error for all five measures 

f predictive accuracy, i.e. a perfect prediction of the “true” choice 

hares. 

.4. Discussion of results 

The impact of the number of choice tasks, the sample structure, 

he model complexity, and in particular the type of choice rule on 

ach of the five dependent measures for the accuracy of shares 

f choice predictions was investigated by analyses of variance for 

oth main effects and first-order interaction effects (between fac- 

ors). Recalling that the number of choice tasks, the sample struc- 

ure, and the model complexity were manipulated for the model 

stimation stage, and the performance of the different choice rules 

n shares of choice predictions were potentially moderated by the 

enerated condition, conducting analyses of variance enables us to 

nvestigate the main effect of the type of choice rule (i.e. aver- 

ged over the manipulated conditions for parameter estimation); 

he main effects of each of the three factors choice tasks, sample 

tructure and model complexity; as well as first-order interaction 

ffects between the type of choice rule and the number of choice 

asks, sample structure, or model complexity (i.e. whether differ- 

nces in the predictive performance of the choice rules critically 

epend on the manipulated conditions) on the accuracy of shares 

f choice predictions. 

There were two different holdout choice scenarios, as noted 

bove. One was designed to have two of the three alternatives ex- 

remely similar to each other in utility (SIMILAR). The second hold- 

ut choice scenario consisted of three alternatives that were all dif- 

erent from each other (DISSIMILAR). A total of ten ANOVAs (five 

easures of predictive accuracy times two holdout scenarios) were 

onducted accordingly, each based on 360 observations with 330 

egrees of freedom for error (within-group degrees of freedom). 

 first inspection of the ANOVA results revealed that the variance 

omogeneity assumption was often not met. It is well known that 

he F-test is fairly robust against violations of the assumption of 

ariance homogeneity when group sizes are equal, as is the case in 

ur setting with six observations for each group ( Box, 1954 ; Glass, 

eckham & Sanders, 1972 ). Nevertheless, we applied the Box cor- 

ection for heterogeneous variances ( Box, 1954 ) to ensure that this 

iolation did not seriously affect the F-statistic. The Box approxi- 

ation corrects the F-statistic by adjusting the degrees of freedom 

see Supplementary Materials ). 

F-tests for main and interaction effects and corresponding p- 

alues as well as the explained variances from the ANOVAs for 

ach performance measure are provided as Supplementary mate- 

ials (see Tables S1 and S2). As seen, the F-test was highly robust 

ecause there were no substantial differences with regard to the 

ignificance of main and first-order interactions effects with versus 

ithout the Box correction. This allowed us to proceed to the next 

tep of summarizing the ANOVA results. All main effects turned 

ut highly significant, independent of whether two very similar al- 

ernatives were contained in the holdout choice scenario or not. 

ith regard to first-order interactions, we observed significant ef- 

ects between the factors sample structure and model complexity 

sample structure x model complexity) and between the factors 

ample structure and number of choice tasks (sample structure x 

umber of choice tasks) for both types of holdout choice scenarios 

nd across nearly all predictive measures. 

Both interaction effects are depicted in Fig. 1 exemplarily for 

he holdout choice scenarios of the DISSIMILAR type and the MAE 

easure. Considering the sample structure x model complexity inter- 

ction on the left-hand side of Fig. 1 , the patterns of means show

hat given a complex CBC model (twelve attributes, five levels) the 

ample structure of respondents (more heterogeneous versus less 

eterogeneous) had virtually no effect on predictive accuracy: the 
9 
AE was stable under the two conditions (as shown by the near- 

orizontal line). However, for a less complex CBC model, predictive 

ccuracy can be strongly improved when the sample structure is 

ore heterogeneous. Stated differently, a model with few param- 

ters (part-worths) combined with a higher level of respondent 

eterogeneity has a large positive effect on the predictive accu- 

acy. Therefore, a higher level of heterogeneity across respondents 

s beneficial for choice share predictions. 15 The interaction sample 

tructure x number of choice tasks is illustrated on the right-hand 

ide of Fig. 1 . In general, and as expected, a decrease in the number

f choice tasks led to worse share predictions, (also see the dis- 

ussion on main effects below). However, for a less heterogeneous 

espondent sample, decreasing the number of choice tasks had a 

uch stronger negative effect on predictive accuracy compared to 

 more heterogeneous sample. Again, a higher level of heterogene- 

ty across respondents seems beneficial for shares of choice pre- 

ictions. Nearly the same patterns of means could be observed for 

oldout choice scenarios of the SIMILAR type. Findings of previous 

onte Carlo studies have so far only suggested that the predic- 

ive performance of HB models might benefit from more heteroge- 

eous samples ( Andrews, Ainslie & Currim, 2002 , Andrews, Ansari, 

 Currim, 2002 ; Wirth, 2010 ), but have not provided any differ- 

ntiated views concerning these two interactions. In contrast, 90% 

f all interaction effects between the type of choice rule and the 

ther factors (across both types of holdout choice scenarios) were 

ot significant, suggesting that differences in the performance of 

he choice rules do not critically depend on the experimental con- 

ition (compare Supplementary Materials , Tables S1 and S2). 

We calculated eta squared ( η2 ) as a measure of effect size in 

NOVA to further assess the relevance of the main and first-order 

nteraction effects. The corresponding effect sizes are reported in 

ables 4 and 5 . We followed Cohen’s (1988) guidelines to inter- 

ret the effect size ( η2 = 0.01 small effect, η2 = 0.06 medium ef- 

ect, η2 = 0.14 large effect). For the holdout choice scenarios with 

wo extremely similar alternatives ( Table 4 , SIMILAR), we observe 

ery large effect sizes for the choice rule with respect to all perfor- 

ance measures, as well as medium effect sizes for the number of 

hoice tasks and the model complexity. For holdout choice scenar- 

os of the DISSIMILAR type ( Table 5 ), the effect sizes of the choice

ule are still larger, except for the MSE. In contrast, the effect sizes 

f the number of choice tasks and the model complexity, although 

till medium, are somewhat smaller. The sample structure as well 
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Fig. 1. Interaction effects between the factors sample structure and model complexity (left-hand side) and between the factors number of choice tasks and sample structure 

(right-hand side) for holdout choice scenarios with DISSIMILAR alternatives (exemplarily for the MAE statistic). 

Table 5 

Effect sizes of main and interaction effects for holdout choice scenarios 

with DISSIMILAR alternatives measured by eta squared ( η2 ) . 

Predictive Accuracy 

Source 

(d.f.) 

MAE MSE RMSE MAPE RAE 

Choice rule 

(4) 

.248 .170 .251 .322 .248 

Number of choice tasks 

(2) 

.078 .074 .078 .078 .078 

Sample structure 

(1) 

.023 .030 .024 .065 .023 

Model complexity 

(1) 

.088 .069 .092 .080 .088 

Sample structure x 

Model complexity 

.029 .013 .026 .004 .029 

Sample structure x 

Number of choice tasks 

.034 .027 .035 .013 .034 
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ffect sizes under both types of holdout choice scenarios. 16 Over- 

ll, the type of choice rule, and the number of choice tasks and 

he model complexity appear to be primary drivers for shares of 

hoice predictions. 

Tables 6 and 7 display the means of the five measures of pre- 

ictive accuracy depending on the experimental condition and type 

f choice rule. For factors with more than two levels, post hoc tests 

ere conducted to examine which of the factor level means sig- 

ificantly differed from each other. The Bonferroni correction was 

sed for the post hoc tests. 

The following first focuses on holdout choice scenarios of the 

IMILAR type that should be much more prone to an IIA bias due 

o the fact that they contain two extremely similar alternatives. 

ubsequently, we compare these results to those obtained for hold- 

ut choice scenarios of the type DISSIMILAR where the IIA prop- 

rty should be of less concern, as here all three alternatives are 

uite different from each other. In general, the results in Table 6 re- 

eal a significant impact of all factors on all measures of predictive 

ccuracy. As expected, the performance measures become consid- 
16 As mentioned above, 90% (or 27 out of 30) of the interaction effects between 

he type of choice rule and any of the three factors (number of choice tasks, sample 

tructure, and model complexity) were not significant, and the remaining three in- 

eractions showed only small effect sizes between 0.021 and 0.028. In addition, two 

f these were significant according to the F-test ( p ≤ . 05 ) , but not the Box correc- 

ion ( p ≥ . 05 ) . At the same time, these were the only two effects where the F-test 

nd Box approximation diverge in their statistical implications (see Supplementary 

aterials , Tables S1 and S2). This again emphasizes how differences in the perfor- 

ance of the choice rules do not critically depend on the manipulated conditions. 
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10 
rably worse when the CBC model is complex (twelve attributes, 

ve attribute levels) rather than simple (six attributes, three at- 

ribute levels). Further, prediction errors significantly increase with 

maller numbers of choice tasks. The smaller the number of choice 

asks per respondent given the number of parameters to be es- 

imated, the more information across respondents is pooled, i.e. 

he more the individual-level part-worths are shrinked towards the 

opulation mean. As a consequence, because of less heterogeneity 

n estimated part-worths, the IIA property is more prevalent be- 

ause less heterogeneity coincides with more IIA problems (com- 

are e.g. Orme, 1998 ). Importantly, the decrease in predictive accu- 

acy is much more pronounced when the number of choice tasks 

s reduced from 15 to 11 compared to a further reduction from 

1 to 7. In addition, with respect to the sample structure, the re- 

ults show that a more heterogeneous sample structure leads to 

ignificantly lower prediction errors than a less heterogeneous one 

but note that the factor sample structure showed only small effect 

izes on the measures of predictive accuracy). 

With regard to the choice rule, the most important finding is 

hat both the HBFC rule and the HBLC rule, i.e. using HB draws as 

nputs to the FC rule or LC rule, by far provides the lowest pre- 

iction errors. Both choice rules lead to comparably low predic- 

ion errors that do not differ significantly across all five perfor- 

ance measures, with HBLC performing slightly better. 17 On the 

ne hand, the use of HB draws repeatedly applied to first choice 

imulations appears to soften the strictness of the FC rule consid- 

rably. On the other hand, the use of HB draws repeatedly applied 

o logit choice simulations seems to strongly soften the IIA prop- 

rty. In comparison to using HB draws, the accuracy of shares of 

hoice predictions is considerably worse under the FC, LC, and RFC 

ule, respectively. As mentioned, the LC rule suffers from the IIA 

roperty to a degree that the total share of the two similar al- 

ernatives is overestimated, leading to an inflated joint share for 

he two alternatives. Although not suffering from the IIA property, 

hare predictions based on the FC rule are still worse than based 

n the LC rule, and the FC rule leads to the highest prediction er- 
17 As mentioned in footnote 7, a respondent’s probability of choosing an alterna- 

ive using the HBLC rule was obtained by averaging over the resulting probabilities 

cross the HB draws. Alternatively, a multinomial draw could be taken for each of 

he draws based on the draw-specific probabilities for the alternatives to decide 

hich alternative would be chosen each time. Prediction errors for shares of choice 

redictions turned out identical up to the first and often even the second decimal 

lace for nearly all means of performance measures in Tables 6 and 7 . We would 

ike to thank an anonymous reviewer for pointing out the multinomial draw vari- 

nt. 
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Table 6 

Means of performance measures by experimental condition (i.e. for each factor level) a for holdout choice scenarios where two out 

of three alternatives are extremely SIMILAR. 

Predictive Accuracy 

Factor MAE MSE RMSE MAPE RAE 

Choice rule 

(1) FC 11 .134 4,5 ∗∗ 190 .009 4,5 ∗∗ 12 .274 4,5 ∗∗ 36 .048 4,5 ∗∗ .337 4,5 ∗∗

(2) LC 9 .129 4,5 ∗∗ 131 .000 4,5 ∗∗ 10 .187 4,5 ∗∗ 30 .414 4,5 ∗∗ .277 4,5 ∗∗

(3) RFC 9 .759 4,5 ∗∗ 150 .631 4,5 ∗∗ 10 .802 4,5 ∗∗ 31 .829 4,5 ∗∗ .296 4,5 ∗∗

(4) HBFC 5 .212 1,2,3 ∗∗ 49 .447 1,2,3 ∗∗ 5 .860 1,2,3 ∗∗ 16 .395 1,2,3 ∗∗ .158 1,2,3 ∗∗

(5) HBLC 4 .825 1,2,3 ∗∗ 43 .487 1,2,3 ∗∗ 5 .425 1,2,3 ∗∗ 15 .304 1,2,3 ∗∗ .147 1,2,3 ∗∗

Number of choice tasks 

7 9 .677 15 ∗∗ 156 .998 15 ∗∗ 10 .779 15 ∗∗ 31 .576 15 ∗∗ .293 15 ∗∗

11 8 .798 15 ∗∗ 126 .674 15 ∗∗ 9 .785 15 ∗∗ 28 .761 15 ∗∗ .267 15 ∗∗

15 5 .560 7,11 ∗∗ 55 .072 7,11 ∗∗ 6 .164 7,11 ∗∗ 17 .657 7,11 ∗∗ .169 7,11 ∗∗

Sample structure 

Homogeneous 8 .616 ∗ 128 .649 ∗ 9 .572 ∗ 28 .576 ∗∗ .261 ∗

Heterogeneous 7 .408 ∗ 97 .181 ∗ 8 .247 ∗ 23 .420 ∗∗ .224 ∗

Model complexity 

Simple 6 .202 ∗∗ 68 .427 ∗∗ 6 .898 ∗∗ 20 .573 ∗∗ .188 ∗∗

Complex 9 .822 ∗∗ 157 .403 ∗∗ 10 .921 ∗∗ 31 .423 ∗∗ .298 ∗∗

∗Indicates that the difference between two means is significant at the .05 level (as indicated by the Bonferroni correction method). 
∗∗Indicates that the difference between two means is significant at the .01 level (as indicated by the Bonferroni correction method). 
a Superscripts on means refer to the factor levels and indicate the factor level that leads to a significant difference between the 

means of the measure of performance. 

Table 7 

Means of performance measures by experimental condition (i.e. for each factor level) a for holdout choice scenarios with DISSIMILAR 

alternatives. 

Predictive Accuracy 

Factor MAE MSE RMSE MAPE RAE 

Choice rule 

(1) FC 9 .986 4,5 ∗∗ 154 .685 4,5 ∗∗ 11 .096 4,5 ∗∗ 46 .370 4,5 ∗∗ .303 4,5 ∗∗

(2) LC 9 .067 4,5 ∗∗ 132 .377 4,5 ∗∗ 10 .077 4,5 ∗∗ 42 .889 4,5 ∗∗ .275 4,5 ∗∗

(3) RFC 9 .253 4,5 ∗∗ 137 .475 4,5 ∗∗ 10 .290 4,5 ∗∗ 43 .476 4,5 ∗∗ .280 4,5 ∗∗

(4) HBFC 4 .386 1,2,3 ∗ 37 .117 1,2,3 ∗∗ 4 .874 1,2,3 ∗∗ 22 .472 1,2,3 ∗∗ .133 1,2,3 ∗∗

(5) HBLC 4 .136 1,2,3 ∗ 33 .698 1,2,3 ∗∗ 4 .605 1,2,3 ∗∗ 21 .688 1,2,3 ∗∗ .126 1,2,3 ∗∗

Number of choice tasks 

7 9 .006 15 ∗∗ 137 .426 15 ∗∗ 9 .949 15 ∗∗ 39 .941 15 ∗∗ .273 15 ∗∗

11 7 .581 15 ∗∗ 106 .304 15 ∗∗ 8 .496 15 ∗∗ 38 .387 15 ∗∗ .230 15 ∗∗

15 5 .509 7,11 ∗∗ 53 .480 7,11 ∗∗ 6 .120 7,11 ∗∗ 27 .809 7,11 ∗∗ .167 7.11 ∗∗

Sample structure 

Homogeneous 8 .147 ∗∗ 121 .328 ∗∗ 9 .066 ∗∗ 40 .308 ∗∗ .247 ∗∗

Heterogeneous 6 .584 ∗∗ 76 .813 ∗∗ 7 .311 ∗∗ 30 .450 ∗∗ .199 ∗∗

Model complexity 

Simple 5 .846 ∗∗ 65 .639 ∗∗ 6 .476 ∗∗ 29 .943 ∗∗ .177 ∗∗

Complex 8 .885 ∗∗ 132 .501 ∗∗ 9 .901 ∗∗ 40 .815 ∗∗ .269 ∗∗

∗Indicates that the difference between two means is significant at the .05 level (as indicated by the Bonferroni correction method). 
∗∗Indicates that the difference between two means is significant at the .01 level (as indicated by the Bonferroni correction method). 
a Superscripts on means refer to the factor levels and indicate the factor level that leads to a significant difference between the 

means of the measure of performance. 
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ors independent of which predictive validity measure is used. The 

ccuracy of choice share predictions based on the RFC rule is not 

ignificantly different from that based on the FC and the LC rules. 

onsequently, in contrast to directly using HB draws for first choice 

imulations, generating draws by adding estimation-independent 

andom errors to point estimates does not seem to improve shares 

f choice predictions compared to the simpler LC and FC rules. We 

id not expect that worse performance by the RFC rule compared 

o the HBFC and HBLC rules, particularly given the empirical find- 

ngs by Orme and Baker (20 0 0) (see Section 2 . Importantly, these

ndings were based on one single empirical data set). 

Similar findings were obtained for the holdout choice scenar- 

os of the DISSIMILAR type ( Table 7 ). Here, the ANOVA results also

ndicate a statistically significant impact of all factors on all mea- 

ures of predictive accuracy. However, compared to the holdout 
11 
hoice scenarios of the type SIMILAR, we observe that the means 

f nearly all predictive measures are somewhat lower. Interest- 

ngly, the means of the MAPE statistic are consistently higher than 

n Table 6 . Since the MAPE measures prediction errors relative to 

he true choice share, they are more heavily weighted when true 

hoice shares are small. In fact, the true choice share of the third 

lternative C usually turned out lower when it was constructed as 

airwise different from the alternatives A and B (DISSIMILAR sce- 

arios) compared to the case where it was constructed to be highly 

imilar to alternative A (SIMILAR scenarios). This occurred because 

lternative A was the item with the higher share among alterna- 

ives A and B, thus alternative C as a rule obtained a higher true 

hare in scenarios of the type SIMILAR when it was designed to 

e highly similar to alternative A. Consequently, rather small true 

reference shares occurred more often in holdout choice scenarios 



M. Hein et al. European Journal of Operational Research xxx (xxxx) xxx 

ARTICLE IN PRESS 

JID: EOR [m5G; October 13, 2021;19:21 ] 

o

v

D

s

b

o

c

m

t

a

t

r

s

l

n

i

e

p

f

i

v

r

h

t

f

p

n

r

H

t

w

u

c

u

4

t

s

p

c

h

t

f

a

t

m

m

o

w

t

l

s

b

a

f

T

d

b

d

t

a

r

m

t

a

r

i

t

m  

A  

g

c

e

o

g

m

r

o

g

n

a

b

H

i

(

p

(

r

p

u

H

t

t

s

p

t

s

t

d

m

i

a

C

u

o

t

p

t

w

i

d

f

5

f

c

c

18 Dotson et al. (2018) recently demonstrated that accounting for heterogeneity 

does not fully correct for the IIA in the HB mixed logit, hence “heterogeneity does 

not “fix” the problem of IIA, as often assumed in marketing and applied economics 

literature” ( Dotson et al. 2018 , p. 43). 
19 We provide details on computation times for parameter estimation and prefer- 

ence simulation in Appendix E . 
f the type DISSIMILAR, leading to higher means of the MAPE. RAE 

alues are low for both types of holdout choice scenarios (SIMILAR, 

ISSIMILAR) indicating that all choice rules provide much better 

hares of choice predictions than the chance model. The RAE is a 

it better (lower) when the alternatives are all different from each 

ther. 

Further, we observe noticeable differences com pared to holdout 

hoice scenarios of the type SIMILAR with respect to the perfor- 

ance of the choice rules. First, the FC rule performs much closer 

o the LC and RFC rules. Since the three alternatives were specified 

s very different in their profiles, and hence utility differences be- 

ween alternatives usually turned out to be not too small, the FC 

ule is more appropriate for predicting choices. Moreover, the re- 

ults show that prediction errors under the LC rule are only slightly 

ower compared to holdout choice scenarios with two similar alter- 

atives (except for the MAPE). This finding indicates that account- 

ng for heterogeneity by using the HB mixed logit model for utility 

stimation in general softens the IIA property, because otherwise 

rediction errors under the LC rule should have turned out higher 

or holdout choice scenarios of the SIMILAR type. 

At this point, the most important result of our study is that us- 

ng a choice rule based on HB draws (HBFC or HBLC) clearly pro- 

ides the lowest prediction errors compared to the other choice 

ules investigated. This finding holds, independent of whether 

oldout choice scenarios contain two extremely similar alterna- 

ives (making predictions prone to an IIA bias) or not. We did in 

act expect the superiority of using HB draws for shares of choice 

redictions based on the provided arguments (see Section 3 ), just 

ot with this level of clarity. We did not expect that the RFC 

ule would perform considerably worse compared to the HBFC and 

BLC rules, nor that the RFC rule would perform even worse than 

he LC rule, especially when two of the three holdout alternatives 

ere extremely similar (i.e. when they provide nearly the same 

tility to respondents). As a consequence, these findings should en- 

ourage practitioners to directly use HB draws for preference sim- 

lations. 

.5. Refinement 

We extended our Monte Carlo study by additionally including 

he aggregate MNL model to further assess how much the con- 

ideration of preference heterogeneity per se contributes to im- 

rove shares of choice predictions (the aggregate MNL was ex- 

luded in the first step because it completely ignores respondent 

eterogeneity). Consequently, we expected a huge error for predic- 

ions based on the aggregate MNL, which should considerably af- 

ect the ANOVA results, including with regard to the other factors 

nd their levels. In addition, the aggregate MNL is fully prone to 

he IIA property. 

Accordingly, we generated data for 2 2 x 3 = 12 additional treat- 

ents (compare Table 3 ), again with five replications per experi- 

ental condition (a total of six runs), obtaining an additional 72 

bservations for statistical analysis. For the aggregate MNL, part- 

orths were determined via traditional maximum likelihood es- 

imation, with shares of choice consistently computed using the 

ogit choice (LC) rule. The means of our five performance mea- 

ures, depending on the type of holdout choice scenario, the num- 

er of choice tasks, the sample structure, the model complexity, 

nd the type of choice rule used, and now including predictions 

rom the aggregate MNL model, are summarized in Appendix C , 

ables C.1 and C.2 . Both tables show that shares of choice pre- 

ictions based on the aggregate MNL model (values indicated in 

old) turn out extremely badly. As a rule, prediction errors un- 

er the aggregate MNL model are at least twice as high compared 

o any other of the previously considered choice rules that were 

ll applied to individual-level part-worths. Generally, prediction er- 
12 
ors for the factors number of choice tasks, sample structure, and 

odel complexity increase under each factor level simply because 

he much higher prediction error of the aggregate MNL is addition- 

lly distributed across factors and factor levels. 

It is well known that accounting for heterogeneity can further 

educe IIA problems, so that when choices are aggregated across 

ndividual respondents, aggregate shares do not strictly adhere to 

he IIA property (see Alvarez & Nagler, 1998 ; Ben-Akiva & Ler- 

an, 1985 ; McFadden, Train & Tye, 1977 ; Orme, 1998 ). As seen in

ppendix C , Tables C.1 , and C.2 , the prediction errors under the ag-

regate MNL (and using the LC rule) are much higher for holdout 

hoice scenarios of the type SIMILAR (except for the MAPE), as we 

xpected due to the larger influence of the IIA property for hold- 

ut scenarios of that type. However, having accounted for hetero- 

eneity by estimation of individual-level part-worths using the HB 

ixed logit, prediction errors occurring as a result of using the LC 

ule largely decreased to comparably low error levels in both hold- 

ut choice scenarios (e.g. for the MAE from 23.258 with the aggre- 

ate MNL to 9.129 for the HB mixed logit in holdout choice sce- 

arios with similar alternatives, see Table C.1 ). This indicates that 

ccommodating individual heterogeneity already remedies the IIA 

ias to a greater extent, even if point estimates are used from the 

B mixed logit estimation as done with the LC rule. 18 However, us- 

ng the HBLC rule (but also HBFC) instead of the logit choice rule 

LC) provides an additional boost in the accuracy of choice share 

redictions by balancing out much more of the remaining IIA bias 

e.g. the MAE considerably decreases further from 9.129 for the LC 

ule to 4.825 for the HBLC rule, see Table C.1 ). Stated differently, 

rediction errors can be largely reduced even further when directly 

sing the draws from the posterior distribution of the estimated 

B model, which is in line with a fully Bayesian approach. Note 

hat some IIA bias is also prevalent in holdout choice scenarios of 

he type DISSIMILAR, otherwise the LC rule should have provided 

till lower prediction errors here. The reason for this additional im- 

rovement in predictive accuracy through the use of HB draws is 

hat model-inherent uncertainty in the choice behavior of the re- 

pondents can be taken into account for preference simulation, fur- 

her reducing IIA problems. Recalling that the RFC rule was intro- 

uced among other things to allow similar alternatives to compete 

ore closely and reduce the IIA bias as a result. The power of us- 

ng HB draws to reduce the IIA bias is nevertheless much higher 

ccording to our results from the Monte Carlo study. Finally, Tables 

.1 and C.2 demonstrate that the much better performance when 

sing HB draws for shares of choice predictions compared to the 

ther choice rules is highly robust against differences in similari- 

ies between options. There is obviously no alternative to using the 

osterior distribution of estimated parameters to minimize predic- 

ion errors. In other words, the HB mixed logit approach deals very 

ell with shares of choice predictions for both dissimilar and sim- 

lar alternatives if it is consistently applied in a Bayesian sense by 

irectly using the individual HB draws from the estimated model 

or preference simulations (HBFC, HBLC). 19 

. Empirical study 

Findings from Monte Carlo studies with artificial data can dif- 

er from those of empirical studies with real data. If artificial data 

ontain inadvertent biases and do not adequately reproduce the 

hoice behavior of real respondents, findings from Monte Carlo 
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Table 8 

Data set characteristics. 

Characteristics Data sets 

Drill hammer Glass insurance Summer tires Lottery Tablet 

Country Spain Netherlands Germany Belgium United Kingdom 

Year 2009 2010 2011 2009 2010 

Respondents 280 496 662 413 1000 

Choice tasks 15 15 8 15 13 

Alternatives 4 4 4 4 4 

Attributes 8 6 17 8 14 

Parameters 12 16 94 30 43 
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Table 9 

Predictive performance of choice rules (shares of choice predictions) in empirical 

settings. 

Predictive Accuracy a 

Data set Choice rule MAE MSE RMSE MAPE RAE 

Drill hammer 

(1) FC 3.49 21.14 4.14 17.47 .34 

(2) LC 2.85 12.25 3.35 18.98 .28 

(3) RFC 2.66 10.74 3.09 15.40 .26 

(4) HBFC 2.47 10.12 3.02 11.61 .24 

(5) HBLC 2.59 10.86 3.05 16.86 .25 

Glass insurance 

(1) FC 2.81 15.54 3.43 11.73 1.02 

(2) LC 2.98 17.25 3.58 12.61 1.02 

(3) RFC 2.58 13.06 3.06 11.17 .88 

(4) HBFC 2.07 10.81 2.49 9.05 .72 

(5) HBLC 2.51 13.56 3.07 10.75 .86 

Summer tires 

(1) FC 2.82 13.32 3.35 12.23 1.02 

(2) LC 2.76 13.42 3.32 12.05 .94 

(3) RFC 1.64 4.39 1.99 6.99 .77 

(4) HBFC 1.08 2.34 1.35 4.64 .50 

(5) HBLC 1.88 6.55 2.28 8.16 .66 

Lottery 

(1) FC 2.13 7.14 2.53 8.74 .43 

(2) LC 1.57 3.76 1.85 6.44 .31 

(3) RFC 1.46 3.45 1.70 5.84 .29 

(4) HBFC 1.43 3.33 1.65 5.74 .28 

(5) HBLC 1.67 4.35 1.93 7.04 .32 

Tablets 

(1) FC 4.29 30.75 5.13 17.85 1.64 

(2) LC 3.95 28.69 4.80 16.60 1.48 

(3) RFC 2.86 16.05 3.48 12.16 1.01 

(4) HBFC 2.81 15.81 3.41 11.95 .98 

(5) HBLC 3.36 22.81 4.14 14.25 1.24 

a Bold values indicate the best-performing choice rule. Underlines indicate that the 

performance of a choice rule is not statistically different from the best-performing 

rule (p > .05). 
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tudies can be misleading and not generalizable to empirical set- 

ings, and bear the risk of providing wrong implications in prac- 

ical applications. 20 For example, real respondents may use sim- 

lification strategies by concentrating on key attributes like brand 

r price, undermining the assumption of compensatory choice be- 

avior assumed in all previous Monte Carlo studies. On the other 

and, some respondents might become bored during later choice 

asks, leading to a higher degree of stochastic choice behavior than 

onsidered with artificial data (e.g., Selka, Baier & Kurz, 2014 ). 

To test if our findings from the Monte Carlo study (which 

learly favor the use of HB draws) also hold in real-life scenar- 

os, we compared the performance of the choice rules for shares 

f choice predictions based on five empirical data sets. The em- 

irical data sets were provided by Kantar TNS, one of the world’s 

argest market research institutes. The characteristics of the data 

ets with regard to the CBC design used (number of choice tasks, 

umber of alternatives per choice task, number of attributes, num- 

er of parameters, number of respondents), the product category, 

ear of data collection, and country are summarized in Table 8 . 

The data sets vary with respect to the number of choice tasks (8 

o 15), number of attributes (6 to 17), and number of parameters 

12 to 94). Note that we included these three design parameters 

ith comparable ranges in our Monte Carlo study as experimental 

actors (compare Table 3 ). The only exception is the summer tires 

tudy, which involves a higher number of attributes and a much 

arger number of parameters to be estimated. In addition, the five 

BC studies cover very different product categories and were con- 

ucted in five different countries. In all data sets, the choice tasks 

ere composed of three “real” alternatives and a no-purchase op- 

ion. 

The drill hammer study was conducted to determine whether 

nd which value added services can justify a markup. Optimal new 

roduct design to attract as many customers as possible was the 

bject of investigation both in the glass insurance and the lottery 

tudies. The starting point for the summer tires study was the EU- 

ide introduction of different labels for summer tire classification. 

he objective of the study was to explore if and how the new EU 

lassifications affect customers’ perceptions of summer tire offer- 

ngs. Finally, the tablet study was set up to analyze which com- 

uter components may compensate for a loss in utility resulting 

rom not being able to offer well-known operating systems such as 

OS or Android. All five empirical studies shared similar objectives, 

.e. finding new product designs or modifying/extending existing 

roduct designs to eventually increase market share, or revenues, 

r contribution to profit from sales to a population of target cus- 

omers. Note that accurately predicting shares is as well essential 

or revenue or contribution to profit calculations because prefer- 

nce/market shares are integral part of them. 

We again performed holdout validation to compare the capabil- 

ties of the different choice rules for shares of choice predictions in 
20 We would like to thank two anonymous referees for pointing this out. o

13 
mpirical settings. Here we repeatedly (five times in each data set) 

hose one random choice task to represent a holdout, ran the HB 

ixed logit model based on the remaining choice tasks, and cal- 

ulated our five performance measures (MAE, MSE, RMSE, MAPE, 

AE) for the holdout alternatives. 21 We checked the convergence 

f the Markov chains to the posterior distributions via the potential 

cale reduction factor ( Brooks & Gelman, 1998 ), with correspond- 

ng PSRF values of R < 1 . 1 for the drill hammer, glass insurance,

nd lottery data, and PSRF values of R < 1 . 2 for the summer tires

nd tablet data. 

Table 9 displays the results of the holdout validation aggregated 

cross the five random holdout choice tasks per data set. It pro- 

ides a clear picture about the performance of the different choice 

ules, confirming the main finding of our Monte Carlo study that 

he use of HB draws should be the method of choice for shares 
21 We would like to thank one of the anonymous referee for suggesting this kind 

f holdout validation. 
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f choice predictions in preference simulations. In all five empir- 

cal settings, the HBFC rule (using HB draws for first choice sim- 

lations) consistently beats the HBLC rule, and provides the low- 

st prediction errors (most accurate predictions) independent of 

hich performance measure is considered. The RFC rule usually 

erforms second-best (on par with HBLC for drill hammer and 

lass insurance), and noticeably better (even much better for sum- 

er tires and tablets) than the LC rule. This was unexpected in 

ight of the findings of our Monte Carlo study. The FC rule per- 

orms either clearly the worst (drill hammer, lottery, tablet) or at 

east not (substantially) better than the LC rule (glass insurance, 

ummer tires), which is in line with the findings of the Monte 

arlo study. 22 While the HBFC rule only slightly outperforms the 

FC rule in two data sets (lottery, tablets), it provides much more 

ccurate shares of choice predictions in two other categories (glass 

nsurance, summer tires). Further, the HBLC rule performs (clearly) 

orse than the RFC rule in three data sets (tablets, summer tires, 

ottery), and even somewhat worse than the LC rule for the lottery 

ata. 

Overall, using HB draws as inputs to first choice simulations 

HBFC) performs extremely robustly in all five empirical data sets. 

t also seems to work better than the HBLC rule in empirical set- 

ings (as opposed to the results of the Monte Carlo study). Im- 

rovements from using the HBFC rule over the HBLC rule are espe- 

ially noteworthy for summer tires and tablets. For summer tires, 

he HBFC rule provides an improvement in absolute errors (mea- 

ured by RMSE and MAE) over the HBLC rule of nearly one per- 

entage point. 

Even an improvement in shares of choice predictions of less 

han one percentage point can have dramatic effects on revenues. 

ake for example the tablet market with its sales volume of 14 

illion units at the time the data were collected in September of 

010. The market share was 21.2% for one of the industry’s leaders 

ho offered its tablet for 600 euros. A prediction error of 0.5 share 

oints corresponds to a revenue forecast that is off by 42 million 

uros in this case. Similarly, the summer tire market in Germany 

ad a market volume of 17 million units in 2011. Considering one 

f the largest players in this market at that time with a market 

hare of 30.5%, and a unit tire price of 66.59 euros, the same pre-

iction error of 0.5 share points would generate a revenue forecast 

hat is off by more than 5.5 million euros. 23 Our empirical findings 

egarding the comparative performance of the choice rules there- 

ore clearly confirm the results of our Monte Carlo study, suggest- 

ng the use of HB draws and in particular the HBFC rule for pref-

rence simulations in practical settings. 

As discussed in Section 2 , Orme and Baker (20 0 0) reported 

lightly more accurate shares of choice predictions based on the 

FC rule as compared to the HBFC rule in their empirical CBC 

tudy. They argued with the reverse number of levels (RNOL) ef- 

ect as a possible explanation for the slightly worse performance 

f the HBFC rule. According to the RNOL effect, within-respondent 

ariances of HB draws for individual part-worths turn out higher 

or attributes with more levels when compared to attributes with 

ewer levels (which is reasonable from a statistical point of view, 
22 At the individual holdout task level, the HBFC rule provides the best predictive 

erformance in 78 out of 125 cases (5 data sets x 5 random holdouts x 5 perfor- 

ance measures = 125 performance evaluations), followed by the HBLC rule (17), 

he RFC rule (15), the LC rule (10), and the FC rule (5). The results for each single 

andom holdout are available from the authors upon request. 
23 Processing times for model estimation ranged between seven minutes (430 sec- 

nds) for drill hammers and seven hours (25,670 seconds) for summer tires. Pro- 

essing times for the choice rules were in all cases (i.e. for each data set and choice 

ule) lower than five seconds, and a maximum of 4.7 seconds for the tablet data 

ith 1,0 0 0 respondents using the HBFC rule. Note that the number of respondents, 

nd for summer tires in addition the number of parameters, were (much) larger 

han in the Monte Carlo study (compare Table 8 ). 
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14 
ince levels of attributes with a larger number of levels occur less 

requently in the choice task design). Since the variance of the 

art-worths is inversely related to their scaling, those scaling dif- 

erences might have caused systematic biases in the choice shares 

redictions ( Orme & Baker, 20 0 0 , p. 11). Based on our empirical

ndings, we don’t think that the RNOL effect was the primary 

river of their result, since in each of our five empirical data sets 

he number of levels across attributes varies to a greater or lesser 

xtent (e.g. in the two categories of glass insurance and summer 

ires where the HBFC rule clearly outperformed the RFC rule, the 

umber of attribute levels varies between two and six or three and 

en across attributes). The slightly worse predictive performance of 

he HBFC rule in their study might instead have been caused by an 

nsufficient number of burn-in iterations (35,0 0 0) and/or the spe- 

ific characteristics of their empirical data set. 24 In addition, Orme 

nd Baker (20 0 0) only used 500 HB draws for shares of choice 

redictions for each respondent, while we used 10 0 0 HB draws 

er respondent. Table 1 in the paper by Orme and Baker (20 0 0 , p.

) reveals that the mean absolute error (MAE) between simulated 

nd actual choice shares consistently decreased with an increas- 

ng number of HB draws per respondent, and it can be assumed 

hat the prediction error in their study could have been further 

educed if 10 0 0 HB draws per respondent were used as well. As 

entioned before in Section 2 , Orme (2017) recently empirically 

ompared shares of choice predictions based on the HBLC rule and 

he RFC rule in the course of Sawtooth Software’s 2016 hosted 

odeling competition. Importantly, he reported slightly more ac- 

urate shares of choice predictions for the HBLC rule despite using 

nly 200 draws per respondent, leaving much room for speculation 

hat would happen for a much larger number of draws. 

. Summary, limitations, and outlook 

The use of HB estimation techniques for CBC data offers the 

pportunity to directly use HB random draws for conjoint simu- 

ations. However, only few academic studies have been conducted 

hat assess the predictive accuracy of preference simulations based 

n HB draws, and there is only one study that was dedicated to 

he comparison of choice share predictions based on HB draws 

ith those based on the RFC rule (beyond the brief note by Orme 

2017) ). Furthermore, all previous studies were based on empirical 

ata. The advantage of the artificial data we used in a first step 

s that experimental factors that may affect shares of choice pre- 

ictions can be varied systematically, and undesirable confound- 

ng factors can be held constant. To the best of our knowledge, 

o study for CBC data exists that has systematically explored the 

hares of choice predictions based on HB draws in comparison to 

raditional choice rules like the first choice (FC), the logit choice 

LC), or the randomized first choice (RFC) rules. The RFC rule was 

eveloped to correct for product similarity and consequently ad- 

ress the IIA property in preference simulations. Since the accu- 

acy of choice share predictions can be different depending on 

he choice rule considered, this paper explored which choice rule 

hould be used to predict preference shares as accurately as pos- 

ible. From a theoretical perspective, if a Bayesian method is em- 

loyed to estimate model parameters (like part-worth utilities), a 

ully Bayesian approach must be used to estimate quantities de- 

ived from this Bayesian model (like shares of choice predictions). 

he related objective of the current study therefore was to sys- 

ematically explore whether the theoretically only correct way of 

sing HB draws automatically coincides with more accurate shares 

f choice predictions, and the answer is a clear yes. 
24 We used a minimum of 199,0 0 0 burn-in iterations throughout the paper (see 

ppendix A ). 



M. Hein et al. European Journal of Operational Research xxx (xxxx) xxx 

ARTICLE IN PRESS 

JID: EOR [m5G; October 13, 2021;19:21 ] 

c

w

t

r

t

e

t

w

i

d

f

s

r

p

a

c

t

h

f

A

b

t

r

n

b

c

v

t

t

p

t

o

p

c

l

s

s

t

A

a

t

l

r

c

m

a

m

v

s

i

a

a

w

u

t

i

e

i

w

o

F

u

o

o

t

c

e

w

m

n

u

u

i

d

m

p

T

t

p

F

e

I

o

f

r

e

s

d

e

i

s

c

i

t

e

s

t

o

t

c

s

f

f

d

r

s

p

(

f

t

s

t

v

s

c

u

s

e  

c

d

t

i

T

In particular, we investigated the capability of the different 

hoice rules to handle nearly similar alternatives and assess how 

ell the choice rules tolerate the IIA property. Not accounting for 

he IIA property in market simulations can lead to wrong manage- 

ial implications. Our Monte Carlo study was directed to analyze 

he conditions under which one of the choice rules recovers prefer- 

nce shares better than the other. We experimentally manipulated 

hree factors (the number of choice tasks, the sample structure, as 

ell as the number of parameters referred to as model complex- 

ty), and evaluated the performance of the choice rules under the 

ifferent experimental conditions using several statistical criteria 

or predictive accuracy. Analyses of variance were conducted to as- 

ess the impact of the factors on the measures of predictive accu- 

acy. To investigate how well the choice rules account for the IIA 

roperty, two different holdout choice scenarios containing three 

lternatives each were designed. Holdout tasks were designed to 

ontain two extremely similar alternatives on the one hand, aiming 

o make predictions highly prone to the IIA property. Alternatively, 

oldout tasks were designed to contain alternatives that were dif- 

erent from each other in their profiles. 

For both types of holdout choice scenarios, the results of the 

NOVAs showed a statistically significant impact of both the num- 

er of choice tasks, sample structure, model complexity, and the 

ype of choice rule on all measures of predictive accuracy. With 

egard to effect sizes, the type of choice rule in particular, the 

umber of choice tasks, and the model complexity turned out to 

e primary drivers of shares of choice predictions. In general, the 

omparison between the two types of holdout choice scenarios re- 

ealed that prediction errors are higher when two very similar al- 

ernatives exist, because in these cases, predictions are more prone 

o the IIA property. As expected, a more complex model with many 

arameters to be estimated as well as lower numbers of choice 

asks led to higher prediction errors. This is the case independent 

f the type of holdout choice scenario. 

Concerning the choice rule, we found noticeable differences de- 

ending on the type of the holdout choice scenario. For holdouts 

ontaining two extremely similar alternatives, applying the FC rule 

ed to the highest prediction errors. This is reasonable since the 

trictly deterministic FC rule tends to overestimate (underestimate) 

hares of choice for alternatives with marginal higher (lower) utili- 

ies, as can be expected for the two extremely similar alternatives. 

ccordingly, the results showed that the FC rule is more appropri- 

te for predicting shares of choice when there is less influence of 

he IIA, i.e. when alternatives clearly differ from one other. In the 

atter case, much smaller differences between the FC, LC, and RFC 

ules were found. 

With respect to the LC rule, the results clearly showed that ac- 

ounting for heterogeneity by using individual-level utilities (esti- 

ated by HB) instead of aggregate-level utilities (estimated by the 

ggregate MNL) largely softened the IIA property, leading to much 

ore accurate choice predictions. Although as expected, predictive 

alidity measures were as a rule much worse for holdout choice 

cenarios with extremely similar alternatives when aggregate util- 

ties were used, the performance measures were highly improved 

nd nearly on par with both holdout choice scenarios after having 

ccounted for heterogeneity through HB estimation. 

The accuracy of choice share predictions based on the RFC rule 

as not superior to those based on the LC rule (applied to individ- 

al utilities) independent of the type of holdout tasks. This is par- 

icularly surprising for the holdout choice scenarios with two sim- 

lar alternatives, because adding some random error to the point 

stimates of part-worths was expected to correct for product sim- 

larity, which causes similar alternatives to compete more closely 

ith one another and to soften the IIA property as a result. More- 

ver, for holdout choice scenarios with different alternatives, the 

C rule performed only slightly worse than RFC. 
15 
The most important finding of our Monte Carlo study was that 

sing HB draws as inputs to either first choice simulations (HBFC) 

r logit choice simulations (HBLC) dramatically improved shares 

f choice predictions. While prediction errors from applying these 

wo choice rules turned out much lower compared to all other 

hoice rules independent of the type of holdout scenario, differ- 

nces in the predictive performances between the two choice rules 

ere only marginal and not significant for all measures of perfor- 

ance (with HBLC consistently performing slightly better). We did 

ot expect such a clear superiority from using HB draws, in partic- 

lar not when compared to the RFC rule. Contrary to the RFC rule, 

sing draws directly from the HB estimation model preserves the 

ndividual respondent errors for shares of choice predictions. HB 

raws not only involve the Gumbel-distributed error of the MNL 

odel, but additionally reflect a respondent’s individual scaling de- 

ending on the quality of her/his answers along the choice tasks. 

his makes HB draws more powerful than the RFC rule, the lat- 

er adding a completely new model-independent attribute error to 

oint estimates, and ignoring the individual scaling of respondents. 

urthermore, compared to the LC rule applied to individual point 

stimates, it is clearly possible to balance out even more of the 

IA bias via HB draws. Again, taking into account the uncertainty 

f the respondents along the choice tasks seems to make the dif- 

erence here. So when HB is used for part-worth estimation, HB 

andom draws should be saved and directly employed for prefer- 

nce simulations. Importantly, all five statistics we used for mea- 

uring predictive accuracy (MAE, MSE, RMSE, MAPE, and RAE) in- 

icated the clear superiority of using HB random draws for prefer- 

nce simulations. Altogether, the current paper presents clear ev- 

dence that using HB draws not only provides the most accurate 

hares of choice predictions but, more importantly, is theoretically 

orrect. 

As a refinement, we further controlled for potentially confound- 

ng parameter recovery effects on shares of choice predictions. Al- 

hough a bad parameter recovery as suspected increased prediction 

rrors, the accuracy of shares of choice predictions remained most 

trongly influenced by the type of choice rule used. Finally, compu- 

ation times for shares of choice predictions were within one sec- 

nd for all choice rules, including HBFC and HBLC, meaning that 

he processing times of the HBFC and HBLC rules are economically 

omparable to the other choice rules, with much more accurate 

hares of the choice predictions they achieve. 

To check the validity and generalizability of our results obtained 

rom artificial data for real data settings, we compared the per- 

ormance of the choice rules with regard to shares of choice pre- 

ictions in a second step based on five empirical data sets. The 

esults here confirmed most of the findings of the Monte Carlo 

tudy, specifically regarding how the use of HB draws was clearly 

referable for choice share predictions. However, the HBFC rule 

i.e. combining HB draws with first choice simulations) outper- 

ormed the HBLC rule, providing the lowest prediction errors in 

hese empirical settings. Further, the RFC rule usually performed 

econd best (sometimes on par with HBLC) and therefore better 

han in the Monte Carlo study. The finding that the HBFC rule pro- 

ided the lowest prediction errors across all five empirical data 

ets is an important preliminary result for practitioners who are 

oncerned with choice-based conjoint analysis for preference sim- 

lations. Processing times for the HBFC rule did not exceed five 

econds despite a (much) higher number of respondents in all five 

mpirical data sets (up to 10 0 0), as well as a much higher model

omplexity (94 parameters per respondent) for the summer tire 

ata compared to the simulated data of the Monte Carlo study. 

Our results further indicated that the composition of alterna- 

ives in holdout tasks, i.e. whether holdouts contain highly sim- 

lar alternatives or not, has an influence on prediction accuracy. 

his is an important issue because the internal validity in em- 
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25 Note that for H attributes with I levels each, H times (I-1) part-worths need to 

be estimated independent of whether a dummy- or effects-coding is used. 
irical CBC studies is often assessed in terms of fixed holdout 

asks. However, the accuracy of choice share predictions can be 

uite different depending on the chosen constellation of alterna- 

ives in the fixed holdout tasks. Hence it seems more reasonable 

o use random choice tasks as holdouts as we did in our empirical 

tudy. 

The limitations of our study should be addressed in future re- 

earch. First, it is unclear why the RFC rule did not outperform 

he LC rule in our Monte Carlo study, while it consistently did so 

n our empirical study. One idea could be to incorporate simpli- 

cation strategies of respondents as additional experimental fac- 

or into Monte Carlo studies (e.g. in terms of certain percentages 

f respondents who make their choices based only on key at- 

ributes like brand or price) to capture behavioral effects. Addi- 

ionally, other behavioral patterns could be considered, including 

oredom, fatigue, or even some kind of cheating behavior by hu- 

an respondents that lead to simplification patterns as well and 

educe the data quality. As the RFC rule captures attribute vari- 

bility and hence uncertainty about respondents’ preferences, this 

ight provide an explanation for the better performance of the 

FC rule in empirical studies. Second, more research is needed to 

recisely explore what really drives the much better predictive per- 

ormance of the HBFC rule compared to the RFC rule, as observed 

n both our Monte Carlo and empirical studies. Third, more re- 

earch is also needed to explore why the HBLC rule seems to per- 

orm less robustly in empirical settings (it performed worse than 

he RFC rule in three data sets and even worse than the LC rule in

ne data set), while the HBFC rule performed extremely well un- 

er both simulated and empirical conditions. One explanation for 

his may be that the HBLC rule further distributes a respondent’s 

reference uncertainty contained in her/his draws among the al- 

ernatives according to a probability distribution, which might be 

armful to adequately capturing minority preferences in data. With 

his in mind, consider the following example: It is well-known that 

he vast majority of car drivers prefer front-wheel drive to rear- 

heel drive. Looking only at point estimates from the HB model 

or a rare respondent who actually prefers rear-wheel drive would 

n many situations most likely obscure her/his true preference due 

o the shrinkage effect of the HB model to the population mean 

and hence to front-wheel drive). However, the respondent’s pref- 

rences for rear-wheel drive would become visible within a part 

f the individual HB draws, and simulating first choices based on 

hese HB draws would result in a certain proportion of choosing 

ear-wheel drive. Applying HBLC instead of HBFC could here di- 

ute this proportion again to some extent because the first choices 

n favor of rear-wheel drive would be further distributed among 

lternatives according to the draw-specific logit choice probabili- 

ies. If this were true, a larger number of choice tasks should im- 

rove shares of choice predictions based on the HBLC rule; in this 

ase, more individual respondent information would be available 

ecreasing the effect of pooling and eventually allowing a larger 

eviation of an individual respondent’s part-worths from the pop- 

lation means. Since this effect is not clear from Table 9 , it should

e analyzed in future research via a simulation exercise with more 

nd less pooling in the Wishart distribution as experimental fac- 

or. Regardless of this possible explanation, the conditions that 

ould drive a better performance of the HBFC rule compared to 

he HBLC rule in empirical applications (as opposed to the results 

f our Monte Carlo study) should be systematically explored in 

he future. Fourth, since the HBLC rule performed slightly better 

han the HBFC rule in our Monte Carlo study, future studies could 

nalyze the conditions under which the HBFC rule approximates 

BLC probabilities well versus less well. One hypothesis is that the 

BFC rule may have greater difficulties in the approximation of the 

BLC probabilities when there are larger differences in utilities be- 

ween alternatives. And finally, it would be interesting to assess 
16 
hether the superiority of using HB draws for share predictions is 

reserved with respect to the external validity of CBC studies. Be- 

ause this requires the availability of/access to real market shares, 

e leave this issue to future research. 

upplementary materials 

Supplementary material associated with this article can be 

ound, in the online version, at doi:10.1016/j.ejor.2021.05.056 . 

ppendix A. The HB mixed logit model for choice-based 

onjoint analysis 

The HB mixed logit model is a random effects model accommo- 

ating heterogeneity of respondents by assuming a specific prob- 

bility distribution for individual-level parameters. In contrast to 

lassical random effects models where only the parameters of the 

nderlying probability distribution can be estimated, the hierarchi- 

al structure of HB random effects models allows inferences to be 

rawn regarding individual-level parameters by combining the in- 

ormation from the assumed probability distribution of all individ- 

als, and each individual’s choice data (e.g., Allenby & Ginter, 1995 ; 

ossi & Allenby, 1993 ; Rossi, Allenby & McCulloch, 2005 ). 

Individuals’ choices are captured by an MNL model on the 

ower level of the HB mixed logit. Accordingly, the choice proba- 

ility P n ( j) of individual n to choose alternative j from a certain 

hoice task is: 

 n ( j ) = 

exp 

(
βn x j 

)
∑ J 

m =1 
βn x m 

, 

here βn denotes the vector of part-worths of individual n , and 

 j is a binary vector coding the presence ( = 1) or absence ( = 0)

f attribute levels for alternative j . On the upper level of the HB 

ixed logit, we use the multivariate normal distribution as popu- 

ation distribution (first-stage prior distribution): 

n ∼ N 

(
β, V β

)
, 

here the covariance matrix V β captures the degree of hetero- 

eneity across individuals and the covariances between the respon- 

ents’ part-worths. β is the expectation of the normal distribution 

nd here represents the vector of means of the distribution of in- 

ividuals’ part-worths. 

For full Bayesian inference, we assign (as usual) a normal dis- 

ribution for the vector of means β and an inverse Wishart dis- 

ribution for the covariance matrix V β as hyperprior distributions 

o estimate the parameters of the prior distribution (cf. Rossi et 

l., 2005 ). Random draws from the posterior distribution which is 

ot analytically tractable (e.g., Allenby et al., 1995 ) are generated 

y applying Markov chain Monte Carlo (MCMC) techniques. After 

onvergence of the Markov chain (i.e., after the burn-in phase), the 

enerated draws are typically averaged to obtain point estimates 

f the parameters. These are used as inputs for preference sim- 

lations based on the FC and LC rules, and also build the start- 

ng point for the RFC rule (where new draws are generated around 

hese point estimates). Alternatively, the individual HB draws can 

e directly used for preference simulations (referred to as HBFC 

nd HBLC rules). For our Monte Carlo study, we saved 10 0 0 draws

er respondent, resulting for 200 respondents in a total of 20 0,0 0 0 

ets of twelve part-worths for simple models (six attributes, three 

evels), and 48 part-worths for complex models (twelve attributes, 

ve levels) for each treatment and replication. 25 As an example, 

or our 10 0 0 respondents in our empirical data set for tablets, 

https://doi.org/10.1016/j.ejor.2021.05.056
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,0 0 0,0 0 0 sets of 43 part-worths resulted. We saved only every

fth draw after convergence to reduce the amount of correlation 

cross the draws (i.e. we always ran 50 0 0 iterations after conver- 

ence). Our default setting for the burn-in phase was 199,0 0 0 it- 

rations, but in many cases the Markov chains needed more itera- 

ions to converge based on the PSRF measure used for the conver- 

ence diagnostic (see Supplementary Materials ). 26 

ppendix B. Distributions of individual-level part-worths 

Recall that, following the data generation process by Wirth 

2010) , for 80% of the attribute levels the corresponding popula- 

ion mean betas (represented by the black circles on the bars in 

ig. B.1. Distributions of individual-level part-worths for a less heterogeneous samp

reatment with twelve attributes and five attribute levels. The length of a bar corres

ence reflects the amount of heterogeneity across respondents. 
26 199,0 0 0 iterations (11%), 299,0 0 0 iterations (57%), 399,0 0 0 iterations (29%), 

99,0 0 0 iterations (3%). 

17 
per figure) and for a more heterogeneous sample (lower figure), exemplarily for a

 to the range of the generated true part-worths for a respective attribute level and

Fig. B.1 ) were randomly drawn from the range between −2 and 2 

displayed by the dashed lines), and for each 10% of the attribute 

evels the corresponding population mean betas were drawn from 

he intervals [ −5, −2] and [2, 5]. Normally distributed preferences 

round each mean beta were generated subsequently, as exem- 

larily illustrated by the normal density plot for one of the at- 

ribute levels in the figure for a less heterogeneous sample. Note 

hat the variances of the normal distributions of the attribute level 

art-worths were allowed to vary, as represented by the different 

engths of the bars. As a result, a unique multivariate normal dis- 

ribution of preference heterogeneity was generated for each run 

n the Monte Carlo study (compare Section 4.2 ). 



M. Hein et al. European Journal of Operational Research xxx (xxxx) xxx 

ARTICLE IN PRESS 

JID: EOR [m5G; October 13, 2021;19:21 ] 

A

(

e

c

h

e

D

ppendix C. Means of the five measures of predictive accuracy 

including predictions from the aggregate MNL model) 

This appendix contains the means of performance measures by 

xperimental condition for each factor level including the shares of 
Table C1 

Means of performance measures by experimental condition (for 

out of three alternatives are extremely SIMILAR (including the ag

Predictive Accuracy 

Factor MAE MSE 

Choice rule 

(1) FC 11 .134 4,5,6 ∗∗ 190 .009 4,5 ∗,6 ∗∗

(2) LC 9 .129 4,5,6 ∗∗ 131 .000 6 ∗∗

(3) RFC 9 .759 4,5,6 ∗∗ 150 .631 6 ∗∗

(4) HBFC 5 .212 1,2,3,6 ∗∗ 49 .447 1 ∗,6 ∗∗

(5) HBLC 4 .825 1,2,3,6 ∗∗ 43 .487 1 ∗,6 ∗∗

(6) Aggregate MNL 23 .258 1,2,3,4,5 ∗∗ 727 .534 1,2,3,4,5 ∗∗

Number of choice tasks 

7 12 .250 15 ∗∗ 272 .483 

11 10 .665 197 .429 

15 8 .743 7 ∗∗ 176 .142 

Sample structure 

Homogeneous 11 .292 238 .027 

Heterogeneous 9 .813 192 .676 

Model complexity 

Simple 9 .089 ∗∗ 185 .379 

Complex 12 .016 ∗∗ 245 .324 

∗Indicates that the difference between two means is significant 

method). 
∗∗Indicates that the difference between two means is significant 

method). 
a Superscripts on means refer to the factor levels and indicate the

the means of the measure of performance. 

Table C2 

Means of performance measures by experimental condition (i.e.

DISSIMILAR alternatives (including the aggregate MNL model). 

Predictive Accuracy 

Factor MAE MSE 

Choice rule 

(1) FC 9 .986 4,5,6 ∗∗ 154 .685 6 ∗∗

(2) LC 9 .067 4,5,6 ∗∗ 132 .377 6 ∗∗

(3) RFC 9 .253 4,5,6 ∗∗ 137 .475 6 ∗∗

(4) HBFC 4 .386 1,2,3,6 ∗ 37 .117 6 ∗∗

(5) HBLC 4 .136 1,2,3,6 ∗ 33 .698 6 ∗∗

(6) Aggregate MNL 18 .315 1,2,3,4,5 ∗∗ 575 .989 1,2,3,4,5 ∗∗

Number of choice tasks 

7 10 .663 15 ∗ 218 .884 

11 8 .739 143 .023 

15 8 .169 7 ∗ 173 .764 

Sample structure 

Homogeneous 9 .443 176 .083 

Heterogeneous 8 .937 181 .030 

Model complexity 

Simple 8 .115 ∗∗ 163 .896 

Complex 10 .266 ∗∗ 193 .218 

∗Indicates that the difference between two means is significant 

method). 
∗∗Indicates that the difference between two means is significant 

method). 
a Superscripts on means refer to the factor levels and indicate the

the means of the measure of performance. 

18 
hoice predictions from the aggregate MNL model. See Table C.1 for 

oldout choice scenarios where two out of three alternatives are 

xtremely SIMILAR, and Table C.2 for holdout choice scenarios with 

ISSIMILAR alternatives. 
each factor level) a for holdout choice scenarios where two 

gregate MNL model). 

RMSE MAPE RAE 

12 .274 4,5,6 ∗∗ 36 .048 4,5,6 ∗∗ .337 4,5,6 ∗∗

10 .187 4,5,6 ∗∗ 30 .414 4,5,6 ∗∗ .277 4,5,6 ∗∗

10 .802 4,5,6 ∗∗ 31 .829 4,5,6 ∗∗ .296 4,5,6 ∗∗

5 .860 1,2,3,6 ∗∗ 16 .395 1,2,3,6 ∗∗ .158 1,2,3,6 ∗∗

5 .425 1,2,3,6 ∗∗ 15 .304 1,2,3,6 ∗∗ .147 1,2,3,6 ∗∗

25 .438 1,2,3,4,5 ∗∗ 71 .310 1,2,3,4,5 ∗∗ .705 1,2,3,4,5 ∗∗

13 .542 15 ∗∗ 39 .265 15 ∗∗ .371 15 ∗∗

11 .836 33 .998 .323 

9 .615 7 ∗∗ 27 .388 7 ∗∗ .265 7 ∗∗

12 .476 36 .104 ∗ .342 

10 .853 30 .996 ∗ .297 

10 .052 ∗∗ 29 .215 ∗∗ .276 ∗∗

13 .276 ∗∗ 37 .886 ∗∗ .364 ∗∗

at the .05 level (as indicated by the Bonferroni correction 

at the .01 level (as indicated by the Bonferroni correction 

 factor level that leads to a significant difference between 

 for each factor level) a for holdout choice scenarios with 

RMSE MAPE RAE 

11 .096 4,5,6 ∗∗ 46 .370 6 ∗∗ .303 4,5,6 ∗∗

10 .077 4,5,6 ∗∗ 42 .889 6 ∗∗ .275 4,5,6 ∗∗

10 .290 4,5,6 ∗∗ 43 .476 6 ∗∗ .280 4,5,6 ∗∗

4 .874 1,2,3,6 ∗∗ 22 .472 6 ∗∗ .133 1,2,3,6 ∗∗

4 .605 1,2,3,6 ∗∗ 21 .688 6 ∗∗ .126 1,2,3,6 ∗∗

20 .583 1,2,3,4,5 ∗∗ 124 .512 1,2,3,4,5 ∗∗ .555 1,2,3,4,5 ∗∗

11 .874 15 ∗ 64 .355 .323 15 ∗

9 .775 45 .163 .265 

9 .113 7 ∗ 41 .185 .248 7 ∗

10 .519 48 .306 .286 

9 .989 52 .162 .271 

9 .042 ∗∗ 51 .622 .246 ∗∗

11 .466 ∗∗ 48 .847 .311 ∗∗

at the .05 level (as indicated by the Bonferroni correction 

at the .01 level (as indicated by the Bonferroni correction 

 factor level that leads to a significant difference between 
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ppendix D. Parameter recovery and shares of choice 

redictions 

Section 4.4 showed that the performance of shares of choice 

redictions in particular depends on the type of choice rule used 

large effect sizes), as well as number of choice tasks and model 

omplexity (medium effect sizes). On the other hand, we did not 

nd significant (27 out of 30) or substantial (3 out of 30) inter- 

ction effects between the type of choice rule and the manipu- 

ated conditions, implying that the differences in the performances 

f the choice rules are hardly or not at all influenced by the ex- 

erimental conditions. However, the shares of choice predictions 

ight generally have been affected by the goodness of parame- 

er recovery, i.e. how well the generated “true” part-worth utilities 

hat served as input to the choice rules could be recovered in the 

arameter estimation stage under the different experimental con- 

itions. 

Table D.1 

Means of RMSE ( β) by experimental condition (for each factor level) a . 

Parameter Recovery 

Experimental Condition RMSE ( β) 

Number of choice tasks 

7 

11 

15 

4.190 11,15 ∗∗

3.480 7 ∗∗

3.019 7 ∗∗

Sample structure 

Less heterogeneous 

More heterogeneous 

4.218 ∗∗

2.908 ∗∗

Model complexity 

Simple 

Complex 

2.115 ∗∗

5.011 ∗∗

∗Indicates that the difference between two means is significant at the 0.05 

level (as indicated by the Bonferroni correction method). 
∗∗Indicates that the difference between two means is significant at the 0.01 

level (as indicated by the Bonferroni correction method). 
a Superscripts on means refer to the factor levels and indicate the factor 

level that leads to a significant difference between the means of the mea- 

sure of performance. 
Table D2 

Regression coefficients and model fit. 

Dependent variable RMSE MSE MA

Coef . a t value b Coef . a t value b Coe

Intercept c .490 .897 -61 .647 -4 .560 

( .547) ( .370) (13 .519) ( < .0001) 

RMSE ( β) d 1 .169 11 .855 26 .191 10 .748 

( .099) ( < .0001) (2 .437) ( < .0001) 

FC rule 6 .670 12 .327 133 .755 9 .999 

( .541) ( < .0001) (13 .377) ( < .0001) 

RFC rule 5 .531 10 .221 105 .460 7 .884 

( .541) ( < .0001) (13 .377) ( < .0001) 

LC rule 5 .117 9 .456 93 .096 6 .960 

( .541) ( < .0001) (13 .377) ( < .0001) 

HBFC rule .352 .651 4 .689 .351 

( .541) ( .515) (13 .377) ( .726) 

Type SIMILAR .721 2 .107 13 .845 1 .636 

( .342) ( .035) (8 .460) ( .102) 

R 2 (Corrected R 2 ) .366 (.360) .286 (.280) 

a Std. error in parentheses. 
b p value in parentheses. 
c The intercept refers to the holdout choice scenario of type DISSIMILAR and the HBLC ru
d Parameter recovery. 

19 
Parameter recovery is usually measured by the root mean 

quare error (RMSE) between the generated “true” part-worths and 

he re-estimated part-worths (see for example the aforementioned 

onte Carlo studies of Andrews, Ainslie & Currim, 2002 , Andrews, 

nsari, & Currim, 2002 ; Vriens et al., 1996 ): 

MSE ( β) = 

√ √ √ √ 

∑ 

n 

∑ 

h 

∑ 

i 

( ̂  βnhi − βnhi ) 
2 

NHI 

here N, H, and I respectively denote the numbers of respondents, 

ttributes and attribute levels. Table D.1 summarizes the means of 

he RMSE ( β) for parameter recovery depending on the experimen- 

al condition. Note that parameter recovery is independent of the 

ype of holdout choice scenario (SIMILAR, DISSIMILAR), since the 

onstruction of holdouts does not affect the preference estimation 

tage. 

The results in Table D.1 reveal a significant impact of all factors 

n the parameter recovery (RMSE ( β)), which becomes consider- 

bly worse when the CBC model is complex (twelve attributes, five 

ttribute levels) rather than simple (six attributes, three attribute 

evels). Analogous to our findings on prediction errors, parameter 

ecovery significantly benefits from a higher amount of respondent 

eterogeneity. Further, parameter recovery turns out significantly 

orse when the number of choice tasks is low (seven). 

We ran five regressions to assess the impact of the parameter 

ecovery on shares of choice predictions, each time using one of 

he five measures of predictive accuracy (RMSE, MSE, MAE, MAPE, 

AE) as the dependent variable, and the RMSE ( β) for parameter 

ecovery, the different choice rules, and the type of holdout choice 

cenario as independent variables. Each regression was based on 

20 observations (twelve treatments, six runs, two holdout choice 

cenarios, five choice rules) with 713 degrees of freedom for error. 

able D.2 displays the results for the regression models (compare 

ection 4.3 for the measures of predictive accuracy). 

Note that the holdout choice scenario with dissimilar alterna- 

ives and the HBLC rule were coded as reference levels. As can 

e seen from Table D.2 , the prediction error significantly depends 

n the parameter recovery ( p < .0 0 01) for all five measures of pre-

ictive accuracy. The following discussion refers to the prediction 

MSE and is representative in all aspects for the other four mea- 

ures of predictive accuracy. 
E MAPE RAE 

f . a t value b Coef . a t value b Coef . a t value b 

.423 .847 9 .003 5 .467 .013 .879 

( .499) ( .397) (1 .647) ( < .0001) ( .015) ( .380) 

1 .048 11 .650 3 .981 13 .407 .032 11 .643 

( .090) ( < .0001) ( .297) ( < .0001) ( .003) ( < .0001) 

6 .080 12 .311 22 .714 13 .937 .184 12 .272 

( .494) ( < .0001) (1 .630) ( < .0001) ( .015) ( < .0001) 

5 .026 10 .177 19 .157 11 .754 .152 10 .140 

( .494) ( < .0001) (1 .630) ( < .0001) ( .015) ( < .0001) 

4 .617 9 .350 18 .156 11 .140 .139 9 .316 

( .494) ( < .0001) (1 .630) ( < .0001) ( .015) ( < .0001) 

.318 .644 .938 .575 .009 .611 

( .494) ( .520) (1 .630) ( .565) ( .015) ( .542) 

.646 2 .070 -9 .381 -9 .101 .020 2 .075 

( .312) ( .039) (1 .031) ( < .0001) ( .009) ( .038) 

.362 (.356) .464 (.459) .361 (.356) 

le as a reference category. 
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On average, if the parameter RMSE increases (worsens) by one 

nit, the prediction RMSE also increases (worsens) by about one 

nit ( γ RMSE( β) = 1.169). However, note that the correlation coeffi- 

ient between parameter RMSE and prediction RMSE is only 0.184. 

ropping the choice rules as predictors from the regression model 

ould dramatically decrease the R square from 0.366 to 0.129, 

hich underlines the importance of using the right choice rule 

or shares of choice predictions. Note also that the parameter esti- 

ates and significance levels for the different choice rules resem- 

le our ANOVA findings with regard to the effects of the choice 

ules on prediction errors measured in terms of RMSE (compare 

ables 6 and 7 ). In particular, the HBFC rule does not perform sig- 

ificantly worse compared to the HBLC rule (in contrast to the 

ther choice rules). On the other hand, although considering the 

xperimental conditions (number of choice tasks, sample struc- 

ure, model complexity) as additional predictors in the regres- 

ion model would increase the R square by 0.121 (from 0.366 to 

.487), it would cause serious multicollinearity problems, as re- 

ected by a wrong sign for the coefficient of the parameter RMSE 

 γ RMSE( β) = −1.873, p < .0 0 01). In fact, the impact of differences in

he parameter recovery by experimental condition on shares of 

hoice predictions is captured to a greater extent by including 

he parameter recovery RMSE as a predictor (also compare Table 

.1 combined with Tables 6 and 7 ). 27 Overall, parameter recovery 

as an influence on prediction errors (as expected), but the accu- 

acy of shares of choice predictions is nevertheless most influenced 

y the type of choice rule used. Finally, note that parameter re- 

overy can only be evaluated in Monte Carlo studies when “true”

arameters are known, but not in empirical studies. 

ppendix E. Computing times 

Parameter estimation and shares of choice predictions were 

erformed on a Windows 7 computer with a 3.5 GHz 12 core i7 

rocessor. The platform for estimating the HB mixed logit model 

as the CBC/HB module of Sawtooth Software (version 5.5.3). We 

sed the R package (version 3.5.1) as the platform for data gener- 

tion, implementation of the choice rules (except for the RFC rule 

Table E.1 

Computing times [ sec ] for (1) estimating the HB mixed logit model 

predictions by choice rule (preference simulation stage). The span o

Parameter estimation stage 

Factor Time [ sec ] per 10 0 0 

iterations 

Total 

times 

Number of choice tasks 

(1) 7 

(2) 11 

(3) 15 

6.80 

[1.46,15.38] 

7.87 

[1.83,15.02] 

8.05 

[2.24,16.21] 

2289.

[445,5

2337.

[557,5

2664.

[680,6

Sample structure 

(1) Less heterogeneous 

(2) More heterogeneous 

7.62 

[1.48,16.10] 

7.52 

[1.46,16.21] 

2735.

[449,6

2125.

[445,4

Model complexity 

(1) Simple 

(2) Complex 

1.92 

[1.46,2.43] 

13.22 

[10.58,16.21] 

630.2

[445,9

4230.

[2159
27 For example, the pairwise correlation between the parameter RMSE (RMSE ( β)) 

nd the factor model complexity is already 0.85. Detailed results for the regression 

odels excluding the choice rules, and the regression models including the dum- 

ies for the experimental conditions as additional predictors, are available from the 

uthors upon request. 

r

c

o

20 
tor level (parameter estimation stage), and for (2) shares of choice 

vidual run times is in parentheses. 

Preference simulation stage 

Time [ sec ] 

FC LC RFC HBFC HBLC 

.29 

[.25,.33] 

.31 

[.25,.34] 

.32 

[.23,.39] 

.12 

[.09,.14] 

.12 

[.09,.14] 

.13 

[.09,.19] 

.92 

[.78,1.00] 

.92 

[.78,1.00] 

.89 

[.78,1.00] 

.90 

[.86,.94] 

.90 

[.84,.98] 

.93 

[.84,1.00] 

.28 

[.23,.31] 

.28 

[.23,.31] 

.30 

[.23,.36] 

.30 

[.23,.34] 

.31 

[.25,.39] 

.12 

[.09,.14] 

.13 

[.09,.19] 

.93 

[.79,1.00] 

.89 

[.78,1.00] 

.91 

[.84,.98] 

.91 

[.84,1.00] 

.28 

[.23,.31] 

.29 

[.23,.36] 

 

.31 

[.30,.33] 

.30 

[.23,.39] 

.12 

[.11,.14] 

.12 

[.09,.19] 

.83 

[.78,1.00] 

.99 

[.99,1.00] 

.92 

[.89,.98] 

.90 

[.84,1.00] 

.30 

[.24,.31] 

.27 

[.23.36] 

here we used an Excel plug-in made available by Sawtooth), and 

alculation of the performance measures. Note that all choice rules 

FC, LC, RFC, HBFC, HBLC) shared the same individual-level part- 

orth estimates depending on the experimental condition and 

ndividual run (replication) per treatment. Table E.1 displays the 

ean run times and the span of individual runtimes for 10 0 0 it- 

rations of the MCMC sampler by factor level (parameter estima- 

ion stage) as well as the corresponding mean run times and the 

pan of individual runtimes for the different choice rules by experi- 

ental condition (preference simulation stage). Note that shares of 

hoice predictions using the FC rule and the LC rule were based on 

oint estimates for each respondent, while RFC, HBFC, and HBLC 

imulations were based on 10 0 0 (HB) draws per respondent. We 

eport the runtimes per 10 0 0 iterations for the model estima- 

ion stage because only a part of the HB models converged after 

99,0 0 0 burn-in iterations (our default setting), compare Appendix 

 . In addition, we also provide the mean total runtimes and the 

pan of individual total runtimes by factor level for estimating the 

B Mixed Logit. 

Computing times for model estimation are mostly affected by 

he model complexity, and also somewhat increase with the num- 

er of choice tasks. As expected, the amount of heterogeneity has 

irtually no impact on runtimes. The longest estimation time of 

6.21 s per 10 0 0 MCMC iterations was observed for a treatment 

ith 15 choice tasks, a more heterogeneous sample structure, and 

igh model complexity (twelve attributes, five levels), for which 

ur default setting of 199,0 0 0 burn-in iterations to reach conver- 

ence of the Markov chain was sufficient. The longest total runtime 

f 6503 s or 108 min for model estimation was observed for a dif- 

erent treatment with 15 choice tasks, a less heterogeneous sam- 

le structure, and high model complexity (twelve attributes, five 

evels), where 399,0 0 0 burn-in iterations were needed for the HB 

odel to converge. 28 

With regard to shares of choice predictions (preference simula- 

ion stage), we observe mean runtimes below one second for each 

f the five choice rules independent of the experimental condi- 

ion. Given a minimum total runtime of 445 s for model estima- 

ion (see Table E.1 , parameter estimation stage), the runtimes for 
28 Note that the lower and upper bounds of the ranges of the computing times for 

untimes per 1,0 0 0 iterations (second column of Table E.1 ) and total runtimes (third 

olumn of Table E.1 ) may not coincide with the same treatment, since the number 

f burn-in iterations to achieve convergence can differ between treatments. 
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ll five choice rules are marginal, making the differences in run- 

imes between the choice rules seem negligible. Note that logit 

hoice simulations are in general somewhat faster than first choice 

imulations (LC vs. FC, or HBLC vs. HBFC/RFC), and runtimes of the 

BFC rule and the RFC rule are nearly identical. Overall, the pro- 

essing times for both the HBFC rule (approximately 0.9 s) and the 

BLC rule (approximately 0.3 s) are highly acceptable economically, 

iven their much more accurate shares of choice predictions they 

chieved. 
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