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BiTURF: Quantifying uncertainty to enhance strategic decision-making 

 

Abstract 

Total Unduplicated Reach and Frequency (TURF) analysis is widely used in both sensory 

product and market research for determining optimal product assortments under externally 

imposed constraints (e.g., a limited product development budget or a retailer's shelf space). 

However, researchers and practitioners face methodological limitations when applying classical 

TURF analysis, including the lack of quantification of uncertainty in results or issues with sparse 

data. To overcome these methodological limitations, this work introduces BiTURF—TURF 

analysis enriched with Bayesian input data—as a proof-of-concept and compares it with classical 

TURF analysis using two exemplary data sets. This work thereby demonstrates how to apply 

BiTURF to data from studies that use anchored Maximum Difference Scaling (i.e., Best-Worst 

Scaling) and Check-All-That-Apply data. In a nutshell, BiTURF quantifies the uncertainty of 

reach and frequency estimates and enables further analyses, including probabilistic head-to-head 

comparisons. This information provides researchers and practitioners with a richer foundation for 

their decisions. Furthermore, BiTURF overcomes the methodological corset of classical TURF, 

which can't be used with the weighted by probability approach on Check-All-That-Apply data. 

The article also provides a step-by-step R tutorial and concludes with a discussion of BiTURF's 

limitations and future research endeavors. 

 

Keywords: Bayesian statistics; Check-all-that-apply; MaxDiff; Product assortment; TURF; 

Uncertainty 
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1 Introduction 

Companies strive to find the best product assortment to attract customers and maximize 

revenue. However, they often face limitations in this endeavor. Imagine a beverage company 

that plans to launch a portfolio of iced teas. The company considered six flavors, but due to 

production costs and the limited shelf space retailers allowed, decided to develop and market 

only three. In other instances, the company might deliberately introduce only three variants to 

avoid choice overload for consumers (Hasted, 2023, p. 361). Likewise, for cost reasons, the 

company might be compelled to reduce its formerly larger product range to three variants in a 

product elimination decision. The standard method for identifying the optimal product 

combination under these constraints is the Total Unduplicated Reach and Frequency (TURF) 

analysis. TURF analysis, originally derived from media research (Miaoulis et al., 1990; Serra, 

2013), nowadays belongs to the basic repertoire of many companies and leading software 

providers (e.g., Displayr, 2025; quantilope, 2024; Sawtooth Software, Inc., 2025a). 

In the case of the imaginative beverage company, TURF analysis identifies the most 

promising combination of three out of the ൫଺ଷ൯ = 20 possible flavor combinations based on 

consumers' preference data according to two metrics: reach and frequency. Reach is defined as 

the percentage of consumers who will buy at least one product from an assortment, while 

frequency (sometimes referred to as volume) is defined as how many products a consumer 

purchases on average from that assortment (Hasted, 2023, p. 363; Miaoulis et al., 1990). 

TURF analysis has been applied in many different contexts, for example, to identify 

ideal combinations of flavored multi-vitamin/mineral gummies (Kuesten & Bi, 2021), to 

determine the optimal attributes of a hotel shampoo (Payne et al., 2023), or to search for the 

right combination of marketing actions for online apparel retailers (Schreiner & Baier, 2021). 

Besides its suitability for a broad range of business questions, one of TURF analysis' central 

benefits is its applicability to various sources of preference data resulting from popular market 
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research methods (Miaoulis et al., 1990). For example, Schramm and Lichters (2025a) applied 

TURF analysis to consumers' utilities derived from a Maximum Difference Scaling study 

(MaxDiff; also known as Best-Worst Scaling) on video games. Furthermore, Kuesten and Bi 

(2021) applied TURF analysis in conjunction with Check-All-That-Apply (CATA) questions, 

which are commonly used in consumer and sensory research (e.g., Ares & Jaeger, 2014; Bi & 

Kuesten, 2025). 

However, currently available (hereafter classical) TURF analysis procedures have 

severe methodological limitations. On the one hand, although classical TURF analysis yields 

reach and frequency point estimates, it does not quantify the uncertainty of those parameters 

(i.e., estimation imprecision). Being unaware of or ignoring the uncertainty in the estimation 

can lead to the selection of suboptimal product assortments. In contrast, the proposed BiTURF 

procedure quantifies uncertainty as credible intervals for range and frequency estimates and 

provides additional information for decision-making, such as probabilistic head-to-head 

comparisons of competing product assortments. 

On the other hand, classical TURF analysis prevents researchers from reaping the full 

potential of collected consumer data. In the case of MaxDiff, past research has applied TURF 

analysis, relying solely on point estimates of individual-level utility parameters, such as those 

provided by leading market research software (e.g., Schramm & Lichters, 2025a; Schreiner & 

Baier, 2021). However, because Bayesian modeling, commonly used with MaxDiff choice data 

in these software solutions, involves an iterative estimation process, one can instead use the 

information-rich posterior draws to portray uncertainty. Regarding CATA data, certain 

classical TURF approaches, such as the weighted by probability approach (see, e.g., Howell, 

2016) can't currently be applied due to the binary nature of the CATA input data (e.g., purchase 

vs. non-purchase decisions). 
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To overcome the limitations of classical TURF analysis, this research proposes an 

advanced TURF approach, enhanced by parameter-uncertainty information, that uses a 

Bayesian input-generation procedure. Bayesian statistics rise in popularity due to widely 

discussed advantages (see, e.g., Etz & Vandekerckhove, 2018; Lagerkvist et al., 2012; 

Wagenmakers et al., 2018). These include (1) the possibility to estimate individuals' parameters 

taking knowledge from the whole sample into account (Veenman et al., 2024), (2) functionality 

with sparse data, a common problem in market and sensory product research relying on surveys 

or experiments (Karvanen et al., 2014; Lagerkvist et al., 2012), (3) the option to take prior 

knowledge into account via specification of priors, and (4) the opportunity to sample from the 

estimated posterior distributions to quantify uncertainty in the ‘true estimate’ (Wagenmakers 

et al., 2018). Specifically, in the present context, we demonstrate how to apply Bayesian-input 

TURF (BiTURF) to (anchored) MaxDiff and CATA data, given the relevance of these methods 

in market and sensory consumer research (e.g., Ares & Jaeger, 2014; Schuster et al., 2024). 

Herein, the demonstrated BiTURF analysis provides researchers and practitioners not only with 

the most promising product assortments based on reach and frequency but also goes beyond 

classical TURF results by quantifying the uncertainty in these parameters. This is achieved by 

leveraging posterior draws from a hierarchical Bayesian multinomial logit (HB-MNL) model. 

In addition, we demonstrate how to use an HB logit model to analyze CATA data, enabling the 

application of the weighted by probability TURF approach to these data as well. Regarding the 

weighted by probability approach, we also show how to obtain frequency estimates for product 

assortments, which are currently not provided by some proprietary software solutions. 

The remainder of this article provides a brief introduction to the foundations of MaxDiff 

and CATA, as well as classical TURF analysis. Thereafter, it introduces BiTURF analysis. 

Subsequently, the proposed procedure—in comparison to classical TURF analysis—is 

demonstrated, drawing on data from both an anchored MaxDiff (Schramm & Lichters, 2025a) 
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and CATA (Kuesten & Bi, 2021). The present work additionally provides all R analysis scripts 

in an open-source repository, along with a step-by-step tutorial (Schramm et al., 2026). This 

tutorial also explains how to adapt BiTURF to other research scenarios and provides guidance 

on significantly reducing computational demands during estimation when computation time is 

a constraint in the research process. 

 

2 Theory 

2.1 Obtaining preference data for TURF analysis with MaxDiff or CATA 

To enable a TURF analysis, researchers and practitioners must first collect preference 

data from consumers that allows for the classification of products (or more broadly items) into 

two classes: purchase options (or relevant items) and non-purchase options (i.e., irrelevant 

items). In a business research context, various question formats enable the collection and 

transformation of data into suitable formats. Two popular ways to do so are MaxDiff studies 

(see, e.g., Schramm & Lichters, 2025a) and CATA questions (see, e.g., Ares et al., 2014; Ares 

et al., 2011). 

 

2.1.1 MaxDiff 

The basis of a MaxDiff study to assess consumer preferences is a list of items (e.g., 

different product variants), which are presented to participants in a series of MaxDiff choice 

tasks (Louviere et al., 2013; Naughton et al., 2025). As illustrated in Step 1 of Fig. 1, a single 

MaxDiff choice task contains a subset of these items (usually three or more; Schuster et al., 

2024), and participants must choose the alternative they would be most likely to buy and the 

alternative they would be least likely to buy (Louviere et al., 2013; Schramm & Lichters,  
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Fig. 1. Exemplary MaxDiff study including direct anchoring based on stimuli by Sablotny-
Wackershauser et al. (2024). 
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2025a).1 Responses to such MaxDiff choice tasks entail relative preferences in the pairwise 

comparisons of the choice tasks' items, that is, which item is preferred over another. 

To allow for preference comparisons between participants (e.g., in terms of the absolute 

threshold for buying or not buying), researchers have implemented anchored MaxDiff variants, 

of which the two best-known variants are the direct and the indirect anchor approaches 

(Lagerkvist et al., 2012; Lattery, 2010; Orme, 2009). In direct anchored MaxDiff studies (see 

Step 2 of Fig. 1), participants indicate for all (or just some) of the items whether each is a 

purchase option or not after completing all MaxDiff tasks (Chrzan & Orme, 2019, pp. 86–87; 

Lattery, 2010). Therefore, anchoring provides a binary indication of whether products or 

attributes exceed the purchase threshold, that is, whether a participant would buy an individual 

product or not (see the Appendix for a more detailed description of a MaxDiff study, direct 

anchoring, and the associated coding in the design matrix before estimation). The direct anchor 

approach appears to be more common in practice; therefore, the present study focuses on direct 

anchoring as well (the accompanying R script, however, also works with data derived from an 

indirect anchored MaxDiff; Chrzan & Orme, 2019, p. 90, or other anchoring variants, see 

Schramm et al., 2025). 

 

2.1.2 CATA questions 

In a CATA question, as the name suggests, participants encounter items presented as a 

list and must check “all that apply” for purchase (Jaeger et al., 2015). Referring back to the 

introductory iced tea example, researchers could implement a CATA question after a sensory 

product acceptance test (Lichters et al., 2021) by displaying all six flavors to participants and 

asking them to indicate which flavors they would (and would not) purchase after tasting them. 

 
1 If the items are not products but, for example, product features, other wordings such as most important 

vs. least important are frequently used (for an overview, see, e.g., Schuster et al., 2024). 
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CATA questions, therefore, provide dichotomous data: a ‘1’ (or TRUE) indicates a purchase 

option, while a ‘0’ (or FALSE) indicates an option that isn't worth purchasing from a 

consumer's perspective. Participants usually consider CATA questions as easy (see, e.g., Jaeger 

et al., 2020) because, unlike MaxDiff, they view the stimuli only once and do not have to trade 

off among item alternatives. 

 

2.2 Modeling preferences: From choices to utility parameters 

After obtaining raw preference data, choices are often converted into a “usable metric”. 

In the case of a (anchored) MaxDiff study where preference data comprise multiple individual 

trade-offs between items (and in relation to the anchor), the choice data are initially coded in a 

design matrix (see Table A2 in the Appendix for an example of the best-worst coding approach 

that we used; Chrzan & Orme, 2019, pp. 20–22).2 Next, researchers and practitioners typically 

implement an HB-MNL model to estimate participants' (part-worth) utilities for the 

incorporated items, which are interval-scaled preference parameters (see, e.g., Allenby et al., 

2005). The anchoring allows utilities to be rescaled relative to the purchase threshold (e.g., 

utilities above vs. below the threshold; the anchor's utility is often set to 0), enabling inter-

individual comparisons of willingness-to-buy. 

HB-MNL models estimate utilities iteratively, yielding posterior distributions of these 

parameters relying on both sample- and individual-level information. These models are both 

standard in industry‑leading software for MaxDiff and other preference elicitation techniques 

(see, e.g., Orme, 2000, Orme, 2021) as well as frequently applied in research, including the 

 
2 There are other coding approaches, such as MaxDiff or sequential coding, which would also be suitable 

for subsequent utility modeling and BiTURF analysis despite potential variations in resulting absolute parameter 

estimates as described by Chrzan and Orme (2019, pp. 25-26). The present paper relies on best-worst coding 

due to its widespread implementation in standard software such as Sawtooth Software, Inc. (2025a) or R 

packages as described by Aizaki and Fogarty (2023). 
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domain of food preferences (e.g., Jürkenbeck & Spiller, 2021; Klopčič et al., 2020; Naughton 

et al., 2025; Price et al., 2016). In the present context, HB-MNL models are generally suitable 

for providing input data to BiTURF due to their incorporation of estimates of individual utility 

parameters and distributions as a foundation for uncertainty quantification (see section 3.2). 

Furthermore, HB-MNL models account for the inter-personal preference heterogeneity (see, 

e.g., Allenby & Ginter, 1995; Lagerkvist et al., 2012; Veenman et al., 2024) and perform 

comparably well with sparse data (see, e.g., Allenby & Ginter, 1995; Allenby et al., 2005; Lenk 

et al., 1996; Orme & Chrzan, 2021, p. 145). HB-MNL is one of many approaches to account 

for heterogeneity (see also Orme & Chrzan, 2021, pp. 156–157). There are other viable 

modeling procedures, such as mixed logit models or multinomial probit models. However, in 

the case of the former, individual utility parameters would have to be extracted post-hoc or 

approximated through simulations (Elshiewy et al., 2016; Elshiewy et al., 2017), and the 

procedure is less suitable for sparse data (Allenby et al., 2005; Orme & Chrzan, 2021, p. 145), 

while the latter has higher computational demands (see, e.g., Loaiza-Maya & Nibbering, 2022). 

Also, both models are often not estimable with sparse data. 

To ensure data quality of estimated utilities, MaxDiff studies should be designed and 

tested upfront accordingly (for detailed guidelines, see Chrzan & Orme, 2019). Generally, each 

participant should face each item at a minimum of three to four times throughout the MaxDiff 

study to obtain stable individual preference estimates. This can be achieved through sufficient 

items per MaxDiff task and the number of MaxDiff tasks per participant. Regarding the choice 

set size, a higher number of items (as a rule of thumb, four to five) provides more pairwise 

comparisons per choice task (Schuster et al., 2024). The number of choice tasks should then 

ensure the suggested exposure to each item. Observing insufficient choices per individual 

results in shrinkage, meaning that individual utilities gravitate stronger towards the sample's 

mean (see, e.g., Orme & Chrzan, 2021, pp. 156–157; Train, 2009, pp. 266–267). 
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In contrast to a MaxDiff study, participants in a CATA study respond to only one CATA 

question, indicating purchase relevance for each item. Although the data format's simple, 

binary nature allows straightforward interpretation and can be used in subsequent analyses, 

such as classical TURF, without modeling or transformation (see section 2.3), the data are 

naturally sparse. Therefore, we propose to apply Bayesian preference modeling to CATA data, 

which utilizes information shared across participants to obtain enriched results, compensating 

for choice error (Allenby et al., 2005), and, central to this present article, to allow for BiTURF 

analysis. That is, we apply an HB logit model to fit the binary nature of CATA (see section 3.1); 

however, other models could also be implemented (e.g., multivariate binomial probit model; 

Edwards & Allenby, 2003). 

 

2.3 TURF analysis 

2.3.1 Classical TURF analysis 

Independent of the previously described data-collection methods, TURF analysis can 

help determine product assortments that maximize revenue based on reach and frequency. Let's 

revert to the initial example of the beverage company to illustrate the concept of TURF analysis 

(see also Serra, 2013). Assume the company asked eight consumers to indicate each flavor they 

would purchase (i.e., CATA). Given the results in Table 1, the company would decide on the 

three-flavor combination of Peach, Citrus, and Wild Berry. This combination is the only 

assortment of which every consumer would buy at least one product (reach = 100%). 

Furthermore, this assortment would yield an expected total of 12 products sold to the eight 

consumers (frequency = 1.50). Note that for small problems like this, one can easily arrive at 

an optimal decision. However, this is no longer an option in typically applied research settings 

when expanding the number of products or interviewing hundreds of consumers. 
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Table 1 
Exemplary input data for TURF analysis on iced tea. 
 Cherry Peach Melon Citrus Wild Berry Green Tea 
Consumer 1 1 0 0 0 1 0 
Consumer 2 1 0 0 1 0 0 
Consumer 3 0 1 0 0 1 0 
Consumer 4 0 0 1 0 1 1 
Consumer 5 0 1 0 0 0 0 
Consumer 6 1 1 1 1 1 1 
Consumer 7 0 0 0 1 0 0 
Consumer 8 0 1 0 0 1 0 
Note: This example applies the threshold approach to CATA data. The numbers in the cells 
indicate that the participant would buy (= 1) or not buy (= 0) the respective product.  

 

2.3.2 TURF ladder 

A TURF ladder (also known as an incremental plot) is a popular presentation form for 

TURF results (e.g., Hasted, 2023, p. 363). While the total assortment size is fixed as a 

restriction for TURF analysis, the TURF ladder starts with a single-item solution (i.e., the iced 

tea with the highest reach) and gradually adds the item with the next-highest incremental reach 

to the existing assortment. Referring to Table 1, the results show that Wild Berry should be 

introduced first because it has the highest reach of all the flavors (62.50%). Next, Citrus would 

be added, attracting two new consumers and thereby increasing the total reach to 87.50%. Note 

that Cherry or Peach at this stage would only attract one new consumer despite having an equal 

(i.e., three) or higher (i.e., four) individual reach in relation to Citrus because Wild Berry 

already attracts the majority of the consumers that Cherry or Peach would attract (two and 

three, respectively). However, Peach is added to the assortment as the final third product to 

achieve a 100% reach (i.e., also attracting consumer 5). Fig. 2 presents the corresponding 

TURF ladder. The last three items only increase the frequency values for the assortment and 

would be added in the following order: Cherry, Melon, and Green Tea.3 

 
3 Kuesten and Bi (2021) used a slightly different approach in which choices from previous assortment 

sizes are not necessarily part of the larger combinations. We stick to the proposed approach above because it is 

more common in market research software such as quantilope (2024) or Displayr (2025). 
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Fig. 2. TURF ladder for the iced tea example, indicating the (incremental) reach. 
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The literature proposes various approaches to TURF analysis (for an overview, see 
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by probability approaches, as they are most often implemented in off-the-shelf market research 

software. The threshold approach is illustrated in the example above and analyzes preference 

data by considering all items with a utility above a defined threshold (i.e., the purchase 

threshold) in a binary format (i.e., all product alternatives marked as purchase options). 

Because of the binary data nature, the threshold approach is the only TURF approach currently 

available for CATA data (e.g., as done in Kuesten & Bi, 2021). To conduct a TURF analysis 

using the threshold approach based on anchored MaxDiff data, metric utilities are recoded as 

binary values. Utilities exceeding the threshold's (i.e., no-buy alternative's) utility are assigned 

a ‘1’, and ‘0’ otherwise (see, Schramm & Lichters, 2025a, for a market research example). 
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However, recoding interval-scaled MaxDiff utilities to discrete values discards 

information and is problematic (Howell, 2016). More specifically, when the utility coefficients' 

metric scale level derived from an HB-MNL model is converted to a binary format, the 

coefficients' magnitudes lose importance. For example, assume the anchor (i.e., no-buy utility) 

is set to ‘0’ and consumer 1 has a utility of 2.35 for Wild Berry and a utility of 0.10 for Cherry. 

In the threshold approach, the recoded data (1 in both cases) imply that each flavor is equally 

likely to be purchased. However, consumer 1 actually prefers Wild Berry to Cherry-flavored 

iced tea. To benefit from the metric scale level of utilities derived from MaxDiff studies and to 

circumvent the problems of data reductionism, Sawtooth Software implemented the weighted 

by probability approach (Chrzan & Orme, 2019, p. 112; Howell, 2016). Therein, the MaxDiff 

raw utility scores are used to estimate the probability that a participant chooses an item over 

the no-buy alternative, thereby delivering more precise parameter estimates (Chrzan & Orme, 

2019, p. 112; Howell, 2016). For example, the TURF analysis reported in Schreiner and Baier 

(2021) applied the weighted by probability approach. However, in contrast to an estimate of 

reach, Sawtooth Software, Inc. (2025b) currently does not provide frequency estimates. To 

obtain these parameters, we propose calculating frequency estimates as the expected number 

of purchased items. Specifically, frequency is the sum of respective probabilities that a 

participant chooses an item over the no-buy alternative across all considered items (averaged 

across participants). 

Although the weighted by probability approach goes beyond the threshold approach by 

using metric purchase probabilities, it is not possible to quantify the uncertainty in reach and 

frequency estimates within classical TURF. This is because, as seen in previous papers, 

researchers who applied a TURF analysis on MaxDiff results use a single aggregated utility 

estimate per participant as input parameters (i.e., beta point estimate calculated by aggregating 

all posterior draws from the HB-MNL model; see, e.g., Payne et al., 2023; Schramm & 
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Lichters, 2025a; Schreiner & Baier, 2021), which prevents assessing the uncertainty inherently 

provided in Bayesian posterior sampling. This is unsatisfactory, as it alternates between 

Bayesian estimates of the MaxDiff data and a frequentist TURF analysis based on singular 

point estimates. 

 

3 Material and methods 

In contrast to classical TURF analysis, applying Bayesian statistics to process the input 

data entering TURF analysis enables assessments of the uncertainty in reach and frequency 

estimates. Specifically, our proposed approach provides uncertainty estimates for TURF 

parameters by sampling from the Bayesian posterior distributions of utility estimates derived 

from both MaxDiff and CATA data. 

 

3.1 Data sets 

To illustrate BiTURF, the remainder of the present paper draws on two published data 

sets.4 First, Schramm and Lichters (2025a) provide an incentive-aligned direct-anchored 

MaxDiff data set (n = 112; screened for attention, speeding, straightlining, and individual 

model fit based on root likelihood; Orme, 2019). This research is about 16 PlayStation 5 

games.5,6 Participants in their study selected their most and least preferred items from sets of 

 
4 We thank both author groups for making the data available. 

5 We also want to refer the reader to the ErrVarNorm criterion as another approach to assess data quality in 

MaxDiff studies, as proposed by Jaeger et al. (2026a), Jaeger et al. (2026b), and Llobell et al. (2025). To control 

for extreme response behavior, Gensler et al. (2012), Sablotny-Wackershauser et al. (2024), and Schramm et al. 

(2025) serve as good starting points for aspiring users. 

6 We opted to use this data set for multiple reasons. First, the data serves as an openly available, generic 

input for the proof-of-concept illustration explained in this paper and the tutorial. Second, there are few 

available (incentive-aligned) direct-anchored MaxDiff data sets that allow for demonstrating BiTURF with 

reasonable parameter estimates. 
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four, in a total of 16 consecutive MaxDiff tasks. The direct anchor questions followed after 

completion of the MaxDiff tasks (see section 3.1 of their article). Given this design, the sample 

size allows for estimating utility parameters with satisfying precision (Lipovetsky et al., 2015). 

Second, as an illustrative CATA data set, the data published by Kuesten and Bi (2021; 

see section 3.4 of their article; n = 200) is employed.7 Here, consumers selected functional 

ingredients of a multi-vitamin/mineral gummy product. The study included a total of nine 

ingredients. 

 

3.2 Bayesian input data and BiTURF analysis 

To obtain Bayesian input data for subsequent BiTURF analysis, we apply HB modeling 

to both the MaxDiff and CATA raw choice data to estimate preference parameters. The analysis 

of MaxDiff data employs best-worst coding (Chrzan & Orme, 2019, pp. 20–22) and applies 

the HB-MNL model provided by Schramm et al. (2025), relying on a single multivariate 

normal prior (Allenby & Ginter, 1995). The analysis of the CATA data uses an HB logit model 

because the data are binary. Both cases involved five independent MCMC (Markov chain 

Monte Carlo) chains, each with 4,000 iterations, including 1,000 warm-up iterations, and a 

thinning parameter of 5. Thus, the models retain 3,000 (5 ⋅ ସ,଴଴଴ିଵ,଴଴଴ହ ) posterior draws of 

utilities for each individual. Model estimation relied on R/Stan (Carpenter et al., 2017), 

implementing weakly informative priors. Both models show satisfactory convergence and 

efficiency statistics ( ෠ܴ values all below 1.01, effective sample sizes above 1,000, and no 

divergent transitions during estimation; Carpenter et al., 2017; Stan Development Team, 2025). 

Furthermore, internal fit statistics and predictive accuracy scores suggest good model fit in 

 
7 Kuesten and Bi (2021) do not report any screening measures applied on their sample (except for quota 

sampling during data collection). We abstained from any screening to keep the data in line with the original 

study and because of missing behavioral data that would allow for applying exclusion criteria like speeding. 
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both cases (see Tables A4 and A5 in the Appendix).8 The accompanying R tutorial provides 

more detailed information on data processing and the respective modeling approaches. 

Subsequently, the actual BiTURF analysis uses the respective set of posterior draws to 

identify dominant product assortments and quantify their associated uncertainty. Specifically, 

a TURF analysis is conducted on the utilities from each of the 3,000 iterations to obtain point 

(i.e., mean) and uncertainty (i.e., 95%-credible intervals) estimates for the reach and frequency 

parameters. The analysis, thereby, draws on the R package validateHOT (Schramm & Lichters, 

2025b) for both classical and BiTURF, extended by custom functions to implement the 

weighted by probability approach. We present the results of both the classical TURF and 

BiTURF analyses below; the BiTURF results serve primarily as a proof-of-concept 

demonstration. The tutorial provided in the corresponding OSF repository (Schramm et al., 

2026) illustrates how to adjust BiTURF to fit additional application contexts (e.g., different 

sizes of product assortments). 

 

4 Results 

4.1 Anchored MaxDiff 

For comparison, we first run a classical TURF analysis using the aggregated beta-point 

utility estimates.9 Schramm and Lichters (2025a) provided a combination of three products; 

therefore, we also focus on this assortment size. Table 2 displays the results of the threshold 

and weighted by probability approaches for both the classical and BiTURF analyses.  

 
8 The predictive accuracy measure reported in the Appendix assesses how accurately the posterior draws 

predict actual choices. Note that conventional posterior predictive checks (Gelman et al., 1996) assess predictive 

accuracy by comparing observed data with simulated outcomes generated from the posterior distribution 

(typically based on comparisons of graphical diagnostics or summary statistics; Carpenter et al., 2017; Gelman 

& Hill, 2007, p. 513; Johnson et al., 2022). 

9 Note that participants’ estimated utilities deviate from those by Schramm and Lichters (2025a) because 

they used Sawtooth Software (2025a) instead of R/Stan for model estimation. 
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Table 2 
Classical vs. BiTURF (threshold and weighted by probability approach, MaxDiff). 

 # Combination Reach1 Frequency1,2 Rank1 % first3 

C
la

ss
ic

 
Th

re
sh

ol
d 1 G5, G7, G15 89.29% 1.44 / / 

2 G5, G8, G15 89.29% 1.44 / / 
3 G5, G8, G13 89.29% 1.35 / / 
4 G4, G5, G15 88.39% 1.58 / / 
5 G4, G10, G15 88.39% 1.53 / / 

C
la

ss
ic

 
W

B
P 

1 G5, G7, G15 87.38% 1.46 / / 
2 G7, G10, G15 86.76% 1.41 / / 
3 G7, G11, G15 86.63% 1.43 / / 
4 G4, G10, G15 86.34% 1.49 / / 
5 G5, G8, G13 86.00% 1.33 / / 

B
iT

U
R

F 
Th

re
sh

ol
d 

1 G5, G7, G15 88.03% 
[83.93%, 91.96%] 

1.45 
[1.37, 1.54] 

5.45 
[1.00, 23.00] 28.17% 

2 G7, G10, G15 87.80% 
[83.93%, 91.96%] 

1.41 
[1.31, 1.49] 

6.43 
[1.00, 28.03] 21.83% 

3 G7, G11, G15 87.45% 
[83.04%, 91.07%] 

1.42 
[1.33, 1.50] 

8.00 
[1.00, 34.00] 15.00% 

4 G4, G10, G15 87.39% 
[83.04%, 91.07%] 

1.49 
[1.39, 1.57] 

7.80 
[1.00, 29.00] 15.77% 

5 G5, G8, G13 87.11% 
[83.04%, 91.07%] 

1.32 
[1.24, 1.41] 

9.98 
[1.00, 40.03] 20.03% 

B
iT

U
R

F 
W

B
P 

1 G5, G7, G15 86.38% 
[84.05%, 88.58%] 

1.46 
[1.41, 1.52] 

2.39 
[1.00, 9.00] 52.87% 

2 G7, G10, G15 85.60% 
[83.18%, 88.00%] 

1.42 
[1.36, 1.48] 

5.52 
[1.00, 17.00] 9.40% 

3 G4, G10, G15 85.50% 
[83.17%, 87.76%] 

1.48 
[1.42, 1.54] 

5.88 
[1.00, 18.00] 11.27% 

4 G7, G11, G15 85.41% 
[82.91%, 87.80%] 

1.43 
[1.38, 1.49] 

6.75 
[1.00, 20.00] 5.10% 

5 G4, G6, G15 85.00% 
[82.47%, 87.34%] 

1.50 
[1.44, 1.56] 

9.12 
[1.00, 24.00] 4.77% 

Note: WBP = weighted by probability | G = Generic product | 195% credible interval in 
brackets | 2For WBP: Sum of participants’ purchase probabilities of the assortments’ items | 
3Percentage of posterior draws in which a combination was ranked first according to total 
reach (the better (i.e., lower) rank was assigned to the combinations in case of tied ranks). 
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In classical TURF analysis, the best 3-product assortment in terms of both reach and frequency 

comprises G5, G7, and G15 across both approaches. Two out of four of the second through 

fifth product assortments are identical across the threshold and weighted by probability 

approaches (i.e., [G4, G10, G15] and [G5, G8, G13]), but their respective ranks differ. 

Furthermore, the weighted by probability approach yields smaller reach estimates than the 

threshold approach. 

BiTURF enriches the results by providing the 95%-credible intervals for reach and 

frequency estimates (i.e., the Bayesian probability intervals that contain the true values). 

Furthermore, one can extract the average rank of product assortments (including their 95%-

credible interval; the lower the better) as well as the number of times each product assortment 

scored first across all posterior draws (i.e., % first; the higher the better). The two BiTURF 

approaches' results patterns are similar to those of classical TURF. Specifically, the first- and 

second-ranked product assortments are the same for the threshold and the weighted by 

probability BiTURF approaches, while the third- to fifth-ranked assortments differ (in terms 

of ranking and assortment composition). Furthermore, while the weighted by probability 

approach yields lower reach estimates than the threshold approach, it provides more precise 

estimates as reflected in smaller credible interval width. Additionally, the weighted by 

probability BiTURF showed more pronounced differences in how often the respective trinary 

assortments are ranked first across the posterior draws (see, e.g., the % first column). Note, 

however, that these are empirical patterns observed in this example. Although this is a 

promising result in favor of the weighted by probability approach, further confirmation and 

generalizability are necessary for firm conclusions. 

Comparing the results of the classical and BiTURF analyses, both procedures yield the 

same best product assortment, but differ slightly in the product compositions and ranks of the 

second to fifth assortments within each approach. Furthermore, classical TURF tends to yield 
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descriptively higher reach scores for the top product assortments than BiTURF analysis in both 

the threshold and weighted by probability approaches, whereas frequencies differ more 

inconsistently across the procedures. 

Let's think for a moment about a market researcher who uses the classical TURF with 

the weighted by probability approach. Based on the classical TURF's findings, the researcher 

might be relatively indifferent between recommending one of the top 3-product assortments, 

because the difference in reach between adjacent combinations is marginal, which means less 

than 1%. If the researcher thinks that the products G4 and G10 are easier to implement than 

G5, this might lead to a recommendation of even the fourth-best 3-product assortment. The 

point, however, is that BiTURF delivers an additional argument against doing so in this 

example, although the combination [G4, G10, G15] is even better ranked than in the classical 

analysis (third instead of fourth). More precisely, opting for the best 3-product assortment [G5, 

G7, G15] entails less uncertainty, as this combination is estimated to be much more likely to 

be the best recommendation than the other assortments (see % first). In other applications, the 

estimates for % first might rather support the researcher's decision not to opt for the best 3-

product assortment (i.e., if estimates are closer to each other). 

Implementing BiTURF analysis offers further benefits over its classical counterpart 

because it allows for assessing the posterior-based probability that one product assortment 

outperforms another (Bayesian p-values) in direct comparisons (see, e.g., Rooderkerk & 

Lehmann, 2021). More specifically, one can report the probability that one assortment is 

preferred over the other by examining how many of the 3,000 posterior draws one has a higher 

reach (or frequency) than the competing assortment. For example, comparing assortments #1 

and #2 from the Bayesian threshold approach head-to-head, #1 [G5, G7, G15] dominates in 

reach in 44.90% of the draws over #2 [G7, G10, G15], which wins 35.17% of the draws. In the 

remaining draws, the two alternatives tie in terms of reach. When applying the weighted by 



 

21 

probability approach instead for this comparison, the results clearly favor the first combination 

with a higher reach in 79.80% (vs. 20.20%) of the posterior draws. These comparisons can 

provide further confidence in deciding between two assortments for product development or 

sales, or in favoring the one that is easier to implement if they do not perform significantly 

differently (i.e., if they approach the same win-loss percentages). 

Next, Fig. 3 illustrates the respective TURF ladders. For all approaches, the order of 

items included in the product assortment is identical, except for the classical threshold 

approach (Panel A). More importantly, while the classical TURF ladder reports only the reach 

and its incremental growth when adding a further item, the BiTURF ladder again reports the 

corresponding credible interval and, in addition, the percentage of draws supporting this order. 

For example, according to the weighted by probability approach in Panel D, G5 should be 

introduced first, reaching on average 56.57% of the participants (95% CI = [54.53%, 58.80%]). 

In 54.37% of the 3,000 posterior draws, G5 has the highest reach and should be added first 

instead of any other product. For an assortment of size 2, G15 should be added next. This is 

supported by 24.27% of the 3,000 posterior draws. Alternatively, one could also calculate the 

number of draws supporting adding G15 second given that G5 was introduced first 

(଴.ଶସଶ଻଴.ହସଷ଻  × 100 = 44.64%). The accompanying tutorial also includes the code to create the 

BiTURF ladders. 
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Fig. 3. TURF ladders (anchored MaxDiff) | G = Generic product | numbers above the bars 
indicate a product’s (incremental) reach, including credible intervals for BiTURF, and 
numbers in the bars indicate the percentage of 3,000 posterior draws in which the product has 
the highest reach at the current addition step. 

 

4.2 CATA 

We first replicate the classical TURF results by Kuesten and Bi (2021; Table 3, classic 

threshold). The best combination contains supplements S1, S3, and S9. As discussed, the 

weighted by probability approach is not available in classical TURF because CATA's data are 

binary (e.g., purchase vs. no purchase). 
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Table 3 
Classical vs. BiTURF – both for the threshold and the weighted by probability approach for 
CATA data. 

 # Combination Reach1 Frequency1,2 Rank1 % first3 

C
la

ss
ic

 
Th

re
sh

ol
d 1 S1, S3, S9 83.00% 1.14 / / 

2 S3, S7, S9 81.50% 1.10 / / 
3 S3, S4, S9 80.50% 1.07 / / 
4 S3, S6, S9 79.00% 1.03 / / 
5 S1, S3, S4 78.50% 1.43 / / 

B
iT

U
R

F 
Th

re
sh

ol
d 

1 S1, S3, S9 79.77% 
[73.00%, 86.00%] 

1.13 
[1.03, 1.24] 

1.91 
[1.00, 6.00] 57.43% 

2 S3, S7, S9 78.38% 
[71.50%, 84.50%] 

1.09 
[0.99, 1.20] 

3.09 
[1.00, 10.00] 27.33% 

3 S3, S4, S9 77.03% 
[70.00%, 83.50%] 

1.05 
[0.94, 1.16] 

4.67 
[1.00, 14.00] 13.23% 

4 S1, S3, S4 75.82% 
[70.00%, 81.00%] 

1.42 
[1.30, 1.53] 

5.97 
[2.00, 14.00] 2.23% 

5 S3, S4, S7 75.53% 
[69.50%, 81.00%] 

1.38 
[1.26, 1.50] 

6.53 
[1.00, 15.00] 3.10% 

B
iT

U
R

F 
W

B
P 

1 S1, S3, S9 77.55% 
[73.13%, 81.84%] 

1.14 
[1.07, 1.21] 

1.96 
[1.00, 7.00] 57.67% 

2 S3, S7, S9 76.40% 
[71.74%, 80.71%] 

1.10 
[1.03, 1.17] 

3.55 
[1.00, 10.00] 21.10% 

3 S1, S3, S4 75.43% 
[71.65%, 78.97%] 

1.43 
[1.35, 1.51] 

5.00 
[1.00, 10.00] 4.13% 

4 S1, S3, S7 75.26% 
[71.53%, 78.78%] 

1.46 
[1.38, 1.54] 

5.33 
[2.00, 10.00] 1.77% 

5 S3, S4, S9 75.24% 
[70.47%, 79.73%] 

1.07 
[1.00, 1.15] 

5.63 
[1.00, 13.00] 6.00% 

Note: WBP = weighted by probability | S = supplement | 195% credible interval in brackets | 
2For WBP: Sum of participants’ probabilities of the combinations’ items | 3Percentage of 
posterior draws in which a combination was ranked first according to total reach (the better 
rank was assigned to the combinations in case of tied ranks). 
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In contrast, BiTURF analysis supports both the threshold and the weighted by 

probability approaches. Again, we obtain credible intervals for both reach and frequency 

parameters, and we can also determine the average rank and the share of first placements for 

each supplement combination. The first- and second-ranked ingredient combinations are the 

same in both BiTURF approaches; however, the third- to fifth-ranked combinations differ. The 

weighted by probability approach yields lower reach estimates than the threshold approach, but 

these estimates are more precise (i.e., narrower credible intervals) in the present case, as in the 

MaxDiff results. 

When comparing the classical and BiTURF analyses regarding the threshold approach, 

the three highest-ranked combinations are identical. However, both the estimated reach and 

frequency scores are lower in BiTURF, yielding more conservative estimates. 

As with MaxDiff, Bayesian p-values for head-to-head comparisons of combinations of 

functional supplements can be obtained in BiTURF analysis applied to CATA data. Comparing 

the two best-ranked 3-item combinations in the Bayesian threshold approach, the first wins in 

64.60% of draws, whereas the other would be ranked first in 29.47% of draws. 

Finally, Fig. 4 shows the TURF ladder results for the classical threshold (Panel A), the 

BiTURF threshold (Panel B), and the BiTURF weighted by probability approach (Panel C). 

Again, the BiTURF ladders provide credible intervals for the (cumulative) reach. All 

approaches result in the same order of supplements to be added, yielding similar reach 

estimates in the threshold approaches, while the Bayesian weighted by probability approach 

provides the lowest point estimates, matching the results displayed in Table 3. However, the 

posterior probabilities supporting the item entry order are higher under the weighted by 

probability approach than under the threshold approach. 
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Fig. 4. TURF ladders for the CATA data | S = Supplement | numbers above the bars indicate 
a supplement’s (incremental) reach, including credible intervals for BiTURF, and numbers in 
the bars indicate the percentage of 3,000 posterior draws in which the supplement has the 
highest reach at the current addition step. 

 

5 Discussion 

5.1 Summary and implications 

Finding the most promising product assortment is of interest to both manufacturers and 

retailers, as they seek the product combination that maximizes their business success 

(Rooderkerk et al., 2013). One frequently used method for defining such assortments is TURF 

analysis. It has been applied to various questions and has the advantage of being applicable to 

various data sources, for example, preference data obtained from MaxDiff (Schreiner & Baier, 
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2021) or CATA questions (Kuesten & Bi, 2021). However, it was previously not possible to 

quantify the uncertainty in the results of classical TURF analysis—a gap that the present work 

closes. More specifically, the proposed BiTURF procedure uses Bayesian posterior sampling 

to portray uncertainty in TURF results. In essence, the use of BiTURF enriches decision-

making by providing uncertainty estimates and several additional parameters beyond those of 

classical TURF. To facilitate advancements in TURF analysis, this article demonstrates how 

to apply BiTURF in a proof-of-concept case study using two exemplary data sets that rely on 

anchored MaxDiff and CATA formats (Kuesten & Bi, 2021; Schramm & Lichters, 2025a). It 

additionally provides a step-by-step R tutorial, allowing future researchers and practitioners 

using an open-source solution to fully benefit from BiTURF. 

The presented case studies applied the threshold and weighted by probability 

approaches. Fundamentally, BiTURF analysis provides uncertainty estimates for the reach and 

frequency parameters, the focal results of TURF. Furthermore, while the classical TURF 

analysis only reports point estimates for reach and frequency, applying Bayesian statistics to 

the input data used in BiTURF analysis can also provide average ranks (including uncertainty 

intervals) and the share of first-ranked iterations of product assortments across posterior draws. 

Finally, since the results of TURF analysis (especially the top recommended product 

assortments) are often quite close to each other, we provide a way to examine the probability 

that one product assortment is superior to another (i.e., Bayesian p-values based on posterior 

probabilities in a head-to-head comparison). Taking into account the uncertainty in reach and 

frequency estimates, combined with these additional metrics, provides decision makers with 

richer information when using BiTURF than when using classical TURF analysis. This 

information helps quantify the confidence and risk involved in selecting a product assortment, 

for example, during a market launch, during product elimination, or when allocating shelf 

space. In addition, considering the uncertainty of parameter estimates and Bayesian p-values 
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in head-to-head comparisons can also help to justify selecting a product assortment that is not 

the best in terms of mean reach and frequency (e.g., if it is cheaper and easier to implement). 

In the demonstration's results, for example, the uncertainty in parameter estimates is 

comparatively large relative to the differences in these parameters across product assortments. 

That is, given the same retail prices, expected revenue differences across product assortments 

are, by definition, insignificant and could be easily offset by lower production costs. 

As a further advancement, we provide a solution to apply the weighted by probability 

approach, and not just the threshold approach, in BiTURF analysis of CATA data. The former 

has the added benefit of accounting for the magnitude of utilities, a factor neglected by both 

the threshold and first-choice approaches.10 This might potentially lead to more precise TURF 

results. Due to the binary nature of CATA data, applying the weighted by probability approach 

was not feasible in classical TURF analysis. The presented BiTURF solutions from the 

weighted by probability approach are more precise and consistent across posterior draws than 

those from the threshold approach for the exemplary MaxDiff and CATA data. Although not 

a general proof, this is a promising result and indicates that the weighted by probability 

approach might yield more trustworthy results for TURF parameters (Howell, 2016). 

Additionally, because leading software solutions do not currently always provide frequency 

estimates for the weighted by probability approach, we present a straightforward estimation 

procedure to obtain these parameters and thereby reap the full benefit of this TURF approach. 

 

5.2 Limitations and future research 

One general limitation of applying BiTURF analysis is that it requires more 

computation time than classical TURF. To speed up BiTURF analysis, we implemented 

 
10 The provided tutorial additionally allows running the first-choice rule in BiTURF; see Chrzan and Orme 

(2019, p. 111). 
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functions that enable parallel processing across multiple CPU cores. To further reduce 

computation time, we invite future researchers to implement other TURF approaches, such as 

eTURF (Ennis et al., 2012) or binary linear programming (Serra, 2013). In addition, we provide 

another alternative to reduce computation time in the accompanying tutorial by dividing the 

analysis into two steps. More specifically, we suggest finding a range of combinations using 

fewer posterior draws (i.e., increasing the thinning parameter, which still can be done after HB 

estimation) and then focusing on this subset again with more posterior draws to obtain more 

accurate results for the top combinations. This ignores combinations that are not promising 

from the outset and therefore unlikely to be implemented. Comparing the proposed two-step 

process (91.66 s) with the extensive BiTURF estimation (360.60 s) using the analyzed MaxDiff 

data, the former can potentially quarter the computation time (at least in this example).11 

Another general limitation warrants emphasis. Although we compared the results of the 

Bayesian and classical TURF analyses, including both the threshold and weighted by 

probability approaches where possible, this comparison is not a benchmark. In other words, we 

do not know which TURF analysis, using which approach, most closely approximates the true 

parameter values. In this regard, it is also important to emphasize that the presented results 

reflect empirical patterns derived from two exemplary data sets. That is, the results (e.g., more 

precise parameter estimates in BiTURF's weighted by probability vs. threshold approach) 

should not be overgeneralized but rather be viewed as emerging from a methodological proof-

of-concept case study in need of further corroboration. A simulation study might shed light on 

these topics in the future. Such a simulation study could also provide information on the 

influence of the MaxDiff design (e.g., the number of items in the MaxDiff, the number of items 

 
11 We ran the comparison ten times and obtained computation times using the R package microbenchmark 

(Mersmann et al., 2024). Runtime varies depending on the hardware and software; in the present case, a Lenovo 

ThinkCentre M70t G4 and R version 4.3.3. 
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per MaxDiff task, the anchoring method, and the number of MaxDiff tasks per participant) on 

the levels of uncertainty in parameter estimates. 

Furthermore, the present work compared BiTURF results based solely on the posterior 

distribution from an HB model with those of classical TURF. However, BiTURF is not the 

only conceivable possibility to generate input data for uncertainty quantification based on 

parameter distributions. For example, future researchers could direct their inquiries to other 

techniques, such as comparing BiTURF with classical bootstrapping (Efron, 1986; Efron & 

Tibshirani, 1993), Bayesian bootstrapping (Rossi et al., 2024), or mixed logit. 

In addition, while the weighted by probability in comparison to the threshold approach 

takes into account the magnitude of the coefficients, it falls prey to the issue of scale confound 

in logit models, defined as the magnitude of the preference utilities proportionate to the error 

term's size (see, e.g., Hauser et al., 2019). However, there is no clear indication of how scale 

influences parameter estimation in BiTURF. One can speculate that as the error increases, the 

estimated preference utilities are converging. Thus, applying the weighted by probability 

approach, which captures the difference between these utilities, might not be superior to the 

threshold approach in terms of lower uncertainty when choice error is high. This would be an 

additional argument for rigorously excluding inattentive respondents from consumer studies, 

delivering the basis for BiTURF (Jaeger et al., 2026b; Llobell et al., 2025). 

Furthermore, another limitation pertains to the data sets used. Despite satisfying 

convergence and good fits when applying the respective HB models, both data sets are 

relatively sparse, potentially leading individual coefficients to shrink towards the population's 

mean (see, e.g., Orme & Chrzan, 2021, pp. 156–157; Train, 2009, pp. 266–267). However, 

regarding the MaxDiff data, the design allows for at least medium parameter precision 

(Lipovetsky et al., 2015), and the applied HB-MNL model has been shown to be robust against 

shrinkage even when having sparse data (see, e.g., Allenby et al., 2005; Lenk et al., 1996). 
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Regarding the CATA data, we only have one observation per item. However, using just one 

observation per coefficient is not uncommon, as it is, for example, the case in sparse MaxDiff 

(see, e.g., Chrzan & Peitz, 2019). 

Finally, for the upper-level priors in the HB model, we assumed a single normal 

distribution as implemented in most proprietary software. We invite future researchers to test 

different distributions (e.g., a mixture of normals; Elshiewy et al., 2017) or different models 

(e.g., multivariate probit; Edwards & Allenby, 2003). 

 

6 Conclusion 

This study demonstrates how to apply Bayesian statistics to process input data for a 

TURF analysis and compares the results with those of a classical TURF analysis. It evaluates 

both the threshold and weighted by probability approaches to exemplary MaxDiff and CATA 

data. Generally, BiTURF analysis quantifies uncertainty in reach and frequency parameter 

estimates and provides researchers and practitioners with additional information to base their 

decisions on. Overall, the exemplary results of BiTURF and classical TURF analyses are quite 

similar. However, BiTURF analyses based on weighted by probability estimates tend to yield 

slightly more conservative reach and frequency estimates. In addition, this approach might also 

provide narrower uncertainty intervals than the threshold approach. 
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Appendix 

1 Illustration of the coding of the design matrix for anchored MaxDiff variants 

Assuming we conduct a MaxDiff study (i.e., Best-Worst Scaling Case 1) with the 

following settings: K = 7 (the number of items in the MaxDiff; seven different Pizza 

alternatives displayed in Table A1), T = 7 (the number of tasks per individual), J = 3 (the 

number of item alternatives per task). One of the MaxDiff tasks participant n faces is 

displayed in Fig. A1. 

Table A1 
Seven pizza alternatives considered for the MaxDiff example. 
No. Pizza 
1 Margherita 
2 Ham 
3 Salami 
4 Vegetarian 
5 Hawaii 
6 Funghi 
7 Tonno 

 

 
Fig. A1. Exemplary MaxDiff task based on stimuli by Sablotny-Wackershauser et al. (2024). 

 

Participant n chooses Pizza Margherita as the alternative that s/he is most likely to 

buy, while Pizza Hawaii is the alternative that s/he is least likely to buy. We apply the best-

worst coding approach (also known as the marginal coding approach; Aizaki & Fogarty, 

2023). Applying the best-worst coding approach results in the design matrix in Table A2. 

Pizza Hawaii
13.50€

Pizza Salami
12.50€

Pizza Margherita
9.50€

Most likely to buy

Least likely to buy
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Table A2 
Illustration of the best-worst coding of the MaxDiff choice in Fig. 1. 

id cs alt margherita ham salami vegetarian hawaii funghi choice 
1 1 1 1 0 0 0 0 0 1 
1 1 2 0 0 1 0 0 0 0 
1 1 3 0 0 0 0 1 0 0 
1 2 1 -1 0 0 0 0 0 0 
1 2 2 0 0 -1 0 0 0 0 
1 2 3 0 0 0 0 -1 0 1 
…          

 

 

Table A3 
Illustration of the coding of the direct anchor questions in Fig. 2. 

id alt margherita ham salami vegetarian hawaii funghi tonno choice 
1 1 1 0 0 0 0 0 0 1 
1 2 0 0 0 0 0 0 0 0 
1 1 0 1 0 0 0 0 0 0 
1 2 0 0 0 0 0 0 0 1 
…          
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Here, the seventh alternative (Pizza Tonno) is not coded into a separate column to prevent 

linear dependency (Chrzan & Orme, 2019, p. 21). The best (“most likely to buy”) and worst 

(“least likely to buy”) coded items are identical, except that the worst alternatives are coded as ‘-

1’. The participant’s best Pizza Margherita and worst choice Pizza Hawaii are assigned a ‘1’ in 

the choice column.  

The results of the preference estimation are relative utilities (Lagerkvist et al., 2012). To 

make these utilities absolute, one can apply anchoring. In the manuscript, we used the direct 

anchor approach proposed by Lattery (2010). When using a direct anchor, participants see all or a 

subset of the items again and must state whether each item is a purchase option or not (Schramm 

& Lichters, 2025). The way the anchor is implemented can vary. While, for example, Schramm 

and Lichters (2025) used a binary forced-choice in which participants had to state for each 

alternative whether it was a purchase option (or not), Lattery (2010) implemented the direct 

anchor via a multiple select list. An example of the direct anchor, as implemented in the paper by 

Schramm and Lichters (2025), with exemplary responses, is displayed in Fig. A2. 

  
Fig. A2. Exemplary direct anchor question based on stimuli by Sablotny-Wackershauser et al. 
(2024). 
 

…

is a 
purchase

option

is not a 
purchase

option

is a 
purchase

option

is not a 
purchase

option

…
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When implementing the direct anchor, the MaxDiff coding is similar to that in Table A3. 

The only difference from the best-worst coding shown in Table A2 is that the seventh alternative 

(Pizza Tonno) is now also displayed, since the anchor is omitted during estimation to prevent 

linear dependency (Chrzan & Orme, 2019, p. 21).  

Let us only focus on the best choice (i.e., Pizza Margherita). Here, two new rows are 

added to the design matrix. The first describes the alternative for which the item is selected as a 

purchase option (i.e., this is Pizza Margherita), and the second describes the anchor (i.e., later 

transformed into the no-buy utility). Here, the participant stated that the Pizza Margherita is a 

purchase option (see Fig. A2), thus, the row describing Pizza Margherita (alt = 1) is assigned a 

‘1’ in the choice column. For Pizza Ham the participant stated that it is not a purchase option. 

Thus, in this scenario, the row describing the anchor (i.e., the no-buy alternative, alt = 2) is 

assigned a ‘1’. We refer interested readers who would like to learn more about coding approaches 

of the MaxDiff and anchor tasks to the following references: Aizaki & Fogarty, 2023; Chrzan & 

Orme, 2019; Lattery, 2010; Schramm & Lichters, 2025. For other anchor approaches for 

anchoring MaxDiff, we refer readers to the paper by Schramm et al. (2025). 
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2 Summary statistics and diagnostics for the Bayes models for MaxDiff and CATA 

Table A4 
Summary statistics for the hierarchical Bayes multinomial logit model applied to the MaxDiff 
data 

 Upper-level draws (b) Lower-level draws (β) 

 Raw utilities ෠ܴ 
Effective 

sample size Raw utilities 
Choice 

probabilities 
G1 -1.59 

[-2.85, -0.35] 
1.00 2771 -1.63 

[-2.12, -1.16] 
41.71 

[39.36, 44.12] 
G2 -0.90 

[-1.63, -0.16] 
1.00 2450 -0.90 

[-1.22, -0.58] 
43.03 

[39.86, 46.28] 
G3 -0.60 

[-1.40, 0.19] 
1.00 2725 -0.59 

[-0.91, -0.27] 
41.36 

[38.53, 44.28] 
G4 -1.06 

[-1.82, -0.25] 
1.00 2853 -1.07 

[-1.41, -0.74] 
40.62 

[37.63, 43.67] 
G5 0.63 

[-0.35, 1.65] 
1.00 2715 0.64 

[0.26, 1.03] 
56.05 

[53.73, 58.41] 
G6 0.44 

[-0.34, 1.24] 
1.00 2764 0.44 

[0.12, 0.77] 
53.84 

[50.75, 57.06] 
G7 -1.62 

[-2.41, -0.85] 
1.00 3012 -1.63 

[-1.98, -1.29] 
34.62 

[31.82, 37.53] 
G8 -2.21 

[-3.00, -1.43] 
1.00 2994 -2.24 

[-2.62, -1.87] 
29.49 

[26.91, 32.05] 
G9 -4.29 

[-5.53, -3.12] 
1.00 3031 -4.37 

[-4.98, -3.82] 
24.13 

[21.79, 26.53] 
G10 0.05 

[-0.80, 0.90] 
1.00 2442 0.04 

[-0.28, 0.37] 
51.93 

[48.99, 54.85] 
G11 0.20 

[-0.63, 1.05] 
1.00 2865 0.20 

[-0.15, 0.54] 
53.26 

[50.54, 56.03] 
G12 -0.52 

[-1.18, 0.11] 
1.00 2611 -0.52 

[-0.82, -0.22] 
44.02 

[40.76, 47.18] 
G13 -0.10 

[-0.72, 0.52] 
1.00 2919 -0.11 

[-0.42, 0.20] 
48.34 

[44.75, 51.83] 
G14 -3.36 

[-4.19, -2.53] 
1.00 2437 -3.40 

[-3.84, -2.98] 
21.48 

[18.72, 24.29] 
G15 0.61 

[-0.23, 1.43] 
1.00 2929 0.59 

[0.25, 0.95] 
55.57 

[52.59, 58.57] 
G16 -4.16 

[-5.06, -3.28] 
1.00 2978 -4.23 

[-4.71, -3.76] 
19.30 

[16.97, 21.74] 
Note: The anchor parameter was fixed to 0 to prevent linear dependency during the estimation | 
Root likelihood across all iterations = 0.71 [0.70, 0.72] | Null log-likelihood = -6210.60 | Model’s 
log-likelihood = -1815.75 (-1932.42 [-2003.04, -1861.93]) | Log marginal density = -2071.45 | 
predictive accuracy = 0.09 [0.07, 0.11]. The measure compares how well the posterior draws 
predict the actual choice data vs. chance level (< .001) based on a manual calculation (see the R 
tutorial for details). 
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Table A5 
Summary statistics for the hierarchical Bayes logit model applied to the CATA data 

 Upper-level draws (b) Lower-level draws (β) 

 Raw utilities ෠ܴ 
Effective 

sample size Raw utilities 
Choice 

probabilities 
S1 -0.26 

[-1.03, 0.39] 
1.00 2590 -0.25 

[-0.81, 0.24] 
47.50 

[42.91, 52.33] 
S2 -3.39 

[-5.58, -2.03] 
1.00 2178 -3.38 

[-5.49, -2.08] 
17.60 

[13.95, 21.51] 
S3 0.38 

[-0.26, 1.15] 
1.00 2769 0.39 

[-0.07, 0.99] 
54.52 

[49.78, 59.37] 
S4 -0.83 

[-1.76, -0.20] 
1.00 2592 -0.82 

[-1.58, -0.29] 
41.07 

[36.56, 45.92] 
S5 -4.39 

[-6.97, -2.68] 
1.00 2216 -4.39 

[-6.98, -2.71] 
12.12 

[9.12, 15.68] 
S6 -1.15 

[-2.23, -0.45] 
1.00 2069 -1.14 

[-2.06, -0.51] 
37.46 

[32.89, 42.08] 
S7 -0.64 

[-1.54, 0.05] 
1.00 2517 -0.63 

[-1.33, -0.09] 
43.96 

[39.50, 48.48] 
S8 -5.37 

[-8.74, -3.04] 
1.00 2738 -5.39 

[-8.73, -3.06] 
6.64 

[4.05, 9.46] 
S9 -6.05 

[-8.88, -3.88] 
1.00 2747 -6.07 

[-8.75, -3.96] 
11.60 

[9.00, 14.32] 
Note: The anchor parameter was fixed to 0 to prevent linear dependency during the estimation | 
Root likelihood across all iterations = 0.78 [0.75, 0.81] | Null log-likelihood = -1247.67 | Model’s 
log-likelihood = -338.43 (-471.65 [-553.03, -394.79]) | Log marginal density = -597.83 | 
predictive accuracy = 0.20 [0.14, 0.27]. The measure compares how well the posterior draws 
predict the actual choice data vs. chance level (= .002) based on a manual calculation (see the R 
tutorial for details).  
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