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A MULTI-ATTRIBUTE BENEFITS-BASED CHOICE MODEL WITH 

MULTIPLE MEDIATORS: NEW INSIGHTS FOR POSITIONING 

 
 

ABSTRACT 
 

Previous research has demonstrated that consumers evaluate products according to their 

perceived benefits when making a choice. This paper extends prior work by proposing a method 

that evaluates the degree to which multiple a priori defined benefits mediate product choices. 

The model is the first to consider process heterogeneity i.e., heterogeneity in how consumers 

perceive multiple attributes to positively or negatively impact multiple benefits simultaneously 

and the contribution of each benefit to product utility. The authors propose discrete choice 

experiments to measure holistically the link between attributes and benefits, as well as between 

attributes and choice, resulting in data that can be analyzed with a generalized probit model. The 

approach contributes to mediation research by offering an alternative to handle multiple 

multinomial mediators and dichotomous outcome variables. An empirical illustration of bread 

choices shows how consumer judgments about health and value perceptions of products mediate 

purchase decisions. The authors demonstrate how the method can help managers to confirm and 

test existing knowledge about latent benefits, including whether they explain all the variation in 

choice, and to consider process heterogeneity to inform market segmentation strategies. 

 

Keywords: benefit-based choices; discrete choice experiments (DCEs); integrated choice and 

latent variable (ICLV) models; mediation; product positioning.   



 

 

THE MEDIATING EFFECTS OF MULTIPLE BENEFITS ON CONSUMER CHOICES 

 

Positioning is a key driver of product success, requiring that “not only must a new product 

deliver the benefits the customer needs, but it must do so better than competition” (Urban and 

Hauser 1993, p. 202). Marketers must anticipate how variation in their own or their competitors’ 

product features alters consumer perceptions about the multiple benefits of each product and 

they must consider whether each competing benefit can mediate choices. For example, 

McDonald’s have begun replacing artificial ingredients with natural ones to improve perceptions 

about the healthiness of their offerings; yet such changes are having a small effect on 

perceptions relative to the effectiveness of changing other attributes (Jargon 2018). Equally, 

these efforts may be futile if health is less important for customers relative to other benefits 

(e.g., fast service; value-for-money). In the same way that brands and features can be thought of 

as having a relative and holistic impact on choices from a multi-attribute perspective (McFadden 

1974), so too can they be viewed as affecting a products’ positioning on multiple benefits, which 

then act as precursors to consumer choices.  

Of strategic concern is whether alterations to product features impact multiple perceived 

benefits and do so in detrimental ways. To illustrate, car manufacturers like General Motors and 

Toyota have to evaluate whether using innovative engine types helps position offerings with 

respect to environmental benefits, but negatively affects perceptions about a car’s power or 

safety (Austin 2013). Similarly, companies offering foods such as chocolate, ice-cream, soft 

drinks and yoghurts have introduced ‘sugar-free’ options to reduce calorie content. However, 

each possible sugar-substitute (e.g., aspartame; stevia) may raise concerns about health risks 

(e.g., links with cancer) (Rogers et al. 1988). Indeed, the vice-president of Pepsi has attributed 

such risk perceptions to declining diet soda sales (Gage 2015). Companies like Pepsi and Coca 

Cola must also evaluate how to make such changes with an accompanying range of branding, 

color and front-of-pack design options, which can all affect multiple benefits and subsequently 



 

 

mediate choices. These considerations are further complicated when companies have incomplete 

knowledge about the different benefits their products deliver or when consumers differ in how 

they perceive attributes to impact various benefits or how they value each benefit. For example, 

the Toyota Prius initially received demand from consumers because the hybrid electric vehicles 

were perceived to be environmentally friendly as expected, but some consumers also saw 

ownership as a mechanism to improve their social status (Devinney, Auger and Eckhardt 2010).  

In this research, we present a model that enables researchers to evaluate how the impact 

of multiple attributes on choice is mediated by multiple benefits. This model advances 

theoretical and methodological aspects of random utility theory and structural models of 

consumer choice (McFadden 1974; 1986) as well as mediation (e.g., Baron and Kenny 1986; 

Zhao, Lynch and Chen 2010). We allow for unobserved heterogeneity across the entire 

mediating process (i.e. process heterogeneity) to identify new ways aggregation bias based on 

consumer differences can occur in consumer choice (Hutchinson, Kamakura and Lynch 2000). 

Past research has already taken significant steps to model various intermediate processes 

by which product attributes affect latent constructs, such as perceived benefits, which in turn can 

influence consumer choices (see, Dellaert et al. 2018). The resulting extensions to choice 

models include research in marketing that explores how product attributes affect consumer 

perceptions about higher-order benefits (e.g., Kim et al. 2017; Dellaert and Chorus 2015) and 

processes in which consumers use goal attainment potential to re-evaluate choice options (e.g., 

Swait, Argo and Li 2018). These models differ to the set of integrated latent variable choice 

models (ICLVs) that focus on attitudes and values; in such models the latent constructs are fixed 

at the individual level and do not vary across product attributes (e.g., Ashok, Dillon and Yuan 

2002; Danthurebandara, Vandebroek and Yu 2013).  

All these models overlook the degree to which latent constructs mediate consumer choice 

(Judd and Kenny 1981; Baron and Kenny 1986). Hence, none of the previous works allows 

marketing managers to adequately test whether the effect of a product feature on choice can be 



 

 

exclusively explained by its impact on the considered perceived benefits or whether important 

benefits have been left out of the analysis (e.g., Hauser and Simmie 1981). By including a direct 

effect capturing the remaining effect of attributes on choices, our proposed model accounts for 

this possibility and thus ensures that the estimated impact of benefits on choices is not biased. 

Additionally, some models only allow each attribute to impact one mediator exclusively at the 

individual consumer level or restrict the impact on the mediator to be the same sign as the 

impact of the attribute on choice outcomes (e.g., Kim et al. 2017). This limits managers’ 

abilities to evaluate whether positioning strategies involving the alteration or introduction of 

features to change one perceived benefit also unintentionally change perceptions of non-targeted 

benefits. Our model enables a comprehensive understanding of mediating processes behind 

choice and an accurate identification of segments based on these by explicitly accounting for the 

simultaneous impact of attributes on different observed and unobserved benefits.  

Most prior work also neglects the presence of heterogeneity in consumers’ evaluation of 

perceived benefits and instead aggregates across individuals over one or more of these 

intermediate processes (e.g., McFadden and Train 2000; Swait, Argo and Li 2018). This work 

assumes that the latent components are uncorrelated except for when they are affected by shared 

product attributes. It disregards that perceived benefits might be driven by underlying correlated 

components, limiting the ability to consider halo effects and unobserved consumer inferences. 

Finally, prior works that explicitly measure the latent constructs do so using rating scales, 

focusing on individual level constructs (e.g., Ashok, Dillon and Yuan 2002). This prevents 

managers from understanding and forecasting how changes in multiple product features (e.g., 

pricing; new ingredients; communications on packaging) drive positioning on multiple 

dimensions (e.g., health, value) and choice outcomes in relative terms.  

In this paper, we propose a benefits-based choice model to examine how changes to 

product features affect perceived benefits that are of interest to the researcher or manager and 

whether such changes affect consumer choices. The model addresses the above limitations by 



 

 

simultaneously: i) accounting for and testing the extent to which multiple perceived benefits 

mediate the impact of features on choice; ii) including a direct effect of attributes on choice to 

account for the possibility that the list of included benefits is not comprehensive thereby 

ensuring the evaluation of mediation is not based on biased parameter estimates; iii) allowing 

for unobserved heterogeneity across both perceived benefit formation and the impact of benefits 

on choice (i.e. process heterogeneity), as well as correlation between the unobserved 

components affecting latent benefits; and iv) using discrete choice experiments (DCE’s) to 

operationalize the reflective measures of each latent benefit, thus utilizing their advantages 

beyond their application to multi-attribute choices (Louviere et al. 2000). Our model allows the 

effect of multiple attributes on multiple perceived benefits to be compared against brand-based 

forms of positioning (e.g., Bhat and Reddy 1998; Fuchs and Diamantopoulos 2010). Our 

approach offers an alternative to the recently published benefit- (Kim et al. 2017) and goal-

based models (Swait, Argo and Li 2018) that derive latent goals or benefits from the structure of 

the data; our model instead is useful to test, confirm and compare the importance of benefits that 

have been a priori selected by the manager or researcher.  

By proposing a mediation model that handles multiple mediators and choice outcomes 

with multinomial measures, which can be estimated simultaneously, we also make a strong 

contribution to the growing body of literature examining multiple competing mediators 

(Preacher and Hayes 2004; Hayes 2009; Zhao, Lynch and Chen 2010) including models 

involving categorical / dichotomous measures (Iacobucci 2012; Hayes and Preacher 2014). 

Allowing effects to be heterogeneous across the stages of mediation, we offer an alternative to 

measure process heterogeneity that enables managers to identify segments beyond moderated 

mediation (Fairchild and MacKinnon 2008; Preacher, Rucker and Hayes 2007). 

The remainder of the paper is as follows. First, we detail how our work is positioned 

against prior works that have utilized latent variables to elaborate upon the ‘black box’ of 

consumer choices (McFadden 1986) and against models of mediation (Judd and Kenny 1981). 



 

 

Second, we introduce our DCE-based approach to operationalize the benefit-based model and 

the accompanying mathematical representation of the model. Third, we provide an empirical 

application of the approach and illustrate the strategic insights it generates. Finally, we discuss 

our contribution to understanding market positioning, anticipated extensions and applications. 

 

LATENT VARIABLES IN MODELS OF CONSUMER CHOICE 

 

In his seminal paper on choice models, McFadden (1986) described different types of latent 

factors that influence consumers’ choices, constituting a ‘black box’ of processes for researchers 

(see Figure 1). He noted that one set of latent factors that shapes preferences are the attitudes or 

values of the decision-maker, which can be formatively measured by fixed individual-level 

indicators, such as socioeconomic characteristics (Diamantopoulos, Riefler and Roth 2008). 

These factors can also be measured using reflective indicators, often via ratings scales, described 

as attitudinal inventories by McFadden. Models of this type have been used to further insights 

into consumer choices in marketing (e.g., Ashok et al. 2002; Danthurebandara et al. 2013) and 

in transportation (e.g., Bahamonde-Birke and Ortúzar 2014; Bolduc and Alvarez-Daziano 2010; 

Kløjgaard and Hess 2011; Paulssen et al. 2014).  

----------------------------------------------------- 
 

Figure 1 about here  
 

----------------------------------------------------- 
 

McFadden (1986) also highlights that attributes drive consumers’ perceptions, which can 

affect choices. In this case, the value of the latent perception varies at the product-specific level, 

not the individual level. More recently, Dellaert et al. (2018) distinguished between research 

examining how attributes affect product benefits (e.g., Kim et al. 2017) and goal-based decisions 

(e.g., Swait et al. 2018). The current research focuses on how attributes drive perceptions about 

product benefits consistent with a benefit-based discrete choice model. 

The next section highlights our distinction from previous works in benefit- and goal-

based choice models. One distinction is that our model allows testing for mediation to reveal the 



 

 

extent to which the effect of attributes on choice occurs via their impact on perceived benefits 

(Baron and Kenny 1986). To enable such a test, we allow attributes to indirectly influence 

choices via perceived benefits, but also to directly impact choices (see dotted line in Figure 1). 

Another distinction is that we account for unobserved consumer heterogeneity across all of these 

effects (i.e., process heterogeneity). Finally, we differ in how we operationalize our reflective 

measure of a product’s perceived benefits using DCEs (see dotted box in Figure 1).  

Benefit- and Goal- Based Choice Models 

In this section, we review our work in the context of previous benefit- and goal-based choice 

models. Table 1 presents an indicative list of this research against our model with respect to 

their inability to test for multiple mediation, their limited consideration of consumer 

heterogeneity and the way the latent construct is measured (if at all). The table also includes 

some contrasting papers that focus on attitudes and values, whereby socio-demographics rather 

than attributes are formative measures of the latent variable (e.g., Ashok et al. 2002).  

----------------------------------------------------- 
 

Table 1 about here 
 

----------------------------------------------------- 

Allowing attributes to formatively impact multiple latent constructs: To understand 

drivers of positioning, managers must anticipate how changes to attributes of their products and 

those of their competitors can affect multiple perceived benefits. Forecasts must assess changes 

to consumer perceptions about focal benefits that management may be deliberately targeting, but 

also must extend to non-focal benefits that may be (unintentionally) affected. For example, a 

bread manufacturer may highlight its flour as ‘unbleached’; consumers may perceive the 

product to be healthier as intended, but they may infer that sourcing this ingredient negatively 

affects its value for money. The necessity to allow attributes to affect multiple benefits is 

supported by works in positioning and perceptual mapping, with brands shown to influence 

several benefits simultaneously (Lilien and Rangaswamy 1998; Steenkamp et al. 1994).  



 

 

An important characteristic of our proposed model is that we allow each product attribute 

to influence multiple constructs. This contrasts, for example, Oppewal et al. (1994) who group 

large numbers of attributes into mutually exclusive sets, which consumers then evaluate in a 

summarized form to determine their effect on choice. In their empirical model of transport 

choice, Walker and Ben-Akiva (2002) map each attribute onto only one latent variable. Kim et 

al. (2017) consider how attributes have a decreasing marginal impact on benefits, but restrict the 

impact to one benefit per attribute for each individual. A further restriction of the model 

proposed by Kim et al. (2017) is that the aggregate (over individuals) impact of an attribute on 

any benefit is restricted to be the same sign as its impact on overall choice. Our model instead 

allows the formative impact on each benefit to be independent of any other effect. This enables 

managers to examine cases where an attribute such as brand positively impacts one benefit, but 

negatively affects another (Lilien and Rangaswamy 1998). Swait, Argo and Li (2018), and 

Arentze, Dellaert and Chorus (2015), are noteworthy exceptions in allowing each attribute to 

affect consumers’ ability to attain multiple goals or contribute to multiple benefits differently. 

Accounting for process heterogeneity in impact of formative variables: Researchers have 

to account for consumer heterogeneity not only when modeling the impact of benefits on choice, 

but also to describe differences in the formation of consumer perceptions about product benefits, 

as the latter is particularly useful for segmentation (e.g., Urban and Hauser 1993). Prior research 

neglects this issue. For example, Swait et al. (2018) modeled how attributes affect consumers’ 

ability to attain goals, but do not account for heterogeneity with respect to how each attribute 

affects a competing goal. For example, consumers were described to differ on the value placed 

on the goal labeled ‘keeping up with new technology’, but their model assumed all consumers 

agreed upon which brands and features allowed them to achieve this.  

Correlation between unobserved components of latent constructs: We differ from 

previous models involving latent, product-specific constructs, by accounting for unobserved 

correlation between the latent variables. Correlations may be present for different reasons, such 



 

 

as when consumers make unobserved inferences (e.g., healthy foods represent poor value) or 

exhibit halo effects (e.g., Choi and Springston 2014) in response to the latent variable 

assessment task. Correlations can also occur because omitted variables can affect multiple 

benefit dimensions simultaneously. Table 1 lists two papers that consider relationships between 

latent factors, but in the context of attitudes. Specifically, Ashok et al. (2002) accounted for 

correlation between attitudes in their SEM-based binary choice model. Paulssen et al. (2014) 

examined the effect of values on attitudes; neither accounted for correlations among the value 

constructs nor among the attitudinal constructs. 

Reflective measures of latent variables: Previous research incorporating latent variables 

into choice models either explicitly observes reflective measures of the latent variables based on 

prior research or management input (e.g., Danthurebandara, Vandebroek and Yu 2013; Walker 

and Ben-Akiva 2002) or infers the latent variables based on underlying structures of the data 

(e.g., Elrod and Keane 1995; Kim et al. 2017; Swait, Argo and Li 2018). Whereas the latter 

approach is exploratory in nature and requires additional steps after model estimation to 

interpret the latent variables that the models detect, our proposed model follows the former 

stream of research with the aim of confirming and testing existing knowledge about the latent 

variables, including whether they capture all variation in choices. However, our 

operationalization deviates from previous works: Rather than using a series of rating scales (e.g., 

Walker 2001), which are susceptible to response style bias (Baumgartner and Steenkamp 2001), 

we employ a DCE-based task to determine how attributes drive holistic evaluations of an 

alternative’s perceived benefits. Specifically, we ask respondents to nominate which one product 

out of a set of competing alternatives performs best on a perceived benefit of interest. 

Using DCEs to measure latent benefits overcomes several limitations of using rating 

scales: First, separately measuring how each attribute affects perceptions does not reveal how 

respondents make trade-offs between attribute levels when forming perceptions. For example, 

using a series of separate rating scales such as those presented in Figure 2, a respondent may 



 

 

indicate that: wholemeal breads are healthy; breads labeled low GI are healthy; and Tip-Top-

branded breads are healthy. However, it is unclear how consumers use (i.e., weight) 

combinations of attribute levels to formulate a holistic evaluation of the “healthiness” of a 

product. Our DCE-based approach is useful to capture these types of judgments (see Figure 3).  

----------------------------------------------------- 
 

Figure 2 and Figure 3 about here 
 

----------------------------------------------------- 
 

A second limitation of rating scales is that they often lack a suitable benchmark, making 

the task cognitively difficult. For instance, judging the healthiness of a nine-grain bread may be 

challenging if done without reference to another type of grain. This may mean that consumers 

will report upon the perceived benefits of an attribute differently if asked to do so one-at-a-time 

relative to choice situations in which they evaluate features relative to others (Hsee 1996). 

Finally, the number of rating scales to obtain information on each attribute-benefit combination 

can be large. For example, examination of how each of the 40 attribute levels considered in our 

empirical illustration alters two benefits requires 80 rating-scale questions. This contrasts with 

the efficiency of collecting trade-off information using our DCE-based approach. 

Direct and indirect effects of attributes allowing testing for mediation: As discussed, 

previous models have accounted for attributes as being formative predictors of a latent variable 

of interest, which in turn are used to explain the latent utilities used by consumers to make 

observable product choices. In this regard, attributes have an indirect impact on choice through a 

(mediating) latent variable of interest. One path often overlooked is the direct effect that the 

attribute has on utility (e.g., Hauser and Simmie 1981); however, its inclusion is required to test 

for the extent to which each included perceived benefit mediates choice outcomes (Baron and 

Kenny 1986). This direct path provides insight into the suitability of the a priori selected 

benefits. If it is significant for a product attribute, then the benefits examined do not explain all 

variation in consumers’ choices and there eithers exist other, not yet included benefits that drive 

choices or the product attribute has an idiosyncratic impact on choice. As noted, Walker and 



 

 

Ben-Akiva (2002) allowed some, but not all, attributes to affect both a latent variable of interest 

and the utility component directly. Thus, while it was possible to test for the significance of the 

mediating effect of these few attributes via the latent variable of interest, the authors offered no 

such method or test. We now elaborate on current models of mediation, as well as the necessary 

extensions we offer to examine benefit-based mediated choices. 

Mediation Analysis and Multinomial Indicators 

Mediation exists when a predictor – in this case, product features – affects a dependent variable 

(choice) indirectly through at least one intervening variable (perceived benefits). The value of 

mediation analysis to researchers is in providing “a story about a sequence of effects that leads 

to something” (Kenny 2008, p. 2). In the present context, we use it to understand the mediating 

process by which product features can affect choices directly, but also indirectly via their impact 

on judgments about perceived benefits. To facilitate the comparison, a representation of the 

standard mediation model is presented on the left hand side of Figure 4 (Baron and Kenny, 

1986, p. 176; Hayes 2009, p. 409; Zhao et al., 2010, p. 198) which captures the relevant 

equations first offered by Judd and Kenny (1981). A representation of our framework with 

corresponding parameters is shown on the right hand side of Figure 4. 

----------------------------------------------------- 
 

Figure 4 about here 
 

----------------------------------------------------- 
 

First, standard mediation models explore the process underlying c', which captures the 

predicted effect of a variable X on an outcome variable Y (see, Figure 4A). In a choice context, 

we are interested in the potential mediating processes behind 𝛾 , the impact of a product feature, 

xk, on the latent utility of an option, Uc. Rather than observe Uc, we instead observe yc, a 

dichotomous variable indicating whether an option is judged to have the highest utility among 

all other options in the choice set. The marginal utility of attribute k, 𝛾 , can thus be viewed as a 

total effect consistent with the interpretation of c' in standard mediation models.  



 

 

Second, mediation analysis examines how a total effect can be broken down into a set of 

indirect effects and a direct effect. In the simple mediation model (Figure 4B), the indirect effect 

is defined as the product ab, where a is the impact of X on an observable mediating variable, M, 

and b is the impact of the mediator on the outcome variable. The direct effect, c, captures the 

remaining impact of X on Y after accounting for the indirect effect with c'=c+ab. By evaluating 

the significance of these parameters, conclusions about the occurrence of complete/full 

mediation (ab≠0; c=0) or partial mediation (ab≠0; c≠0) can be determined. In a choice context, 

we investigate αk, the effect of attribute k on a latent perceived benefit, M*. However, due to our 

proposed DCE-based operationalization, we observe only a multinomial indicator, yM*, that 

denotes whether an option maximizes the perceived benefit relative to other options. Further, 

our model simultaneously investigates β, the impact of the latent component associated with the 

mediating outcome (i.e., M*) on overall latent utility (i.e., Uc). The indirect effect of attribute k 

on latent utility is therefore equal to the product of αk and β. Since the effects relate to 

relationships between (unobservable) continuous rather than dichotomous variables, the total 

effect can be written as γ'k=γk+αkβ, where γk refers to the direct effect of an attribute on utility. 

Subsequently, models that fail to account for the direct effect (essentially implying a restricted 

model of γk=0) will lead to biased estimates of the indirect effects. 

 Third, researchers can also consider multiple mediating variables (Hayes 2009). In a 

model with two mediating variables, as shown in Figure 4C, the total effect is equal to the sum 

of the direct effect, c, and the two indirect effects (i.e., c'=c+a1b1+a2b2). This allows researchers 

to investigate cases where the overall effect of X on Y may be insignificant even though the 

intervening mediating effects are significant and the direct effect is not (e.g., a1b1>0; a2b2<0; 

c=0). In a choice context, the comparable extension involving two mediators allows the total 

effect of an attribute k on latent utility to equivalently be expressed as 𝛾 𝛾 𝛼 𝛽

𝛼 𝛽 . That is, in both cases, total effects can be expressed in terms of a single direct effect and 

sum of each indirect effect of interest. 



 

 

Finally, cases involving more than one independent variable and more than one 

mediator, the effect of any one variable on an outcome variable can be evaluated using the same 

approach. For example, when there are two independent variables and two mediators as shown 

in Figure 4D, the total effect c'1, which predicts the impact of attribute X1 on Y, can be expressed 

as the sum of the indirect effect on Y via a first mediator (a11b1), the indirect effect via a second 

mediator (a12b2), and the direct effect of X1 (c1). Our choice model extends the mediation 

framework to consider how multiple attributes impact multinomial choices through multiple 

mediators in a similar way. More generally, our model allows the recognition that the marginal 

utility of any attribute (𝛾 ) is equivalent to the sum of all indirect effects of an attribute 

 𝛼 𝛽  and direct effects 𝛾 . That is, 𝛾 𝛾  𝛼 𝛽 .  

In the next section, we show how our benefits-based choice model can be 

operationalized using extensions of the RUT framework. This enables us to allow for process 

heterogeneity, i.e., heterogeneity in the set of indirect and direct effects across consumers and 

parameters that capture potential correlations between mediating benefits. Our proposed model 

of benefit-based choices thereby contributes to previous works in mediation by allowing for 

multiple mediators and choice outcomes measured by multinomial indicators as follows.  

While most applications of mediation analysis involve constructs being measured by 

continuous variables, as summarized in Table 2, several authors offer methods to handle cases in 

which the independent, mediator or outcome variables are categorical (e.g., Hayes and Preacher 

2014; MacKinnon and Dwyer 1993). To perform mediation tests in these cases, regression 

coefficients for direct and indirect path effects are standardized after estimation. Since we model 

the impact of the underlying continuous latent mediating variables on latent utility, we require 

no posterior standardization of scales for mediation testing. Further, the term “categorical” in the 

mediation literature has referred to solutions suitable for contexts involving binary rather than 

multinomial outcomes (e.g., Iacobucci 2012) and rely on models that are restricted in their 

ability to independently parameterize the description of a base option (e.g., Maydeu-Olivares 



 

 

and Böckenholt 2005; Temme et al. 2008). Our model exhibits neither of these restrictions and 

thus enables researchers to investigate mediation in cases involving multinomial choices as well 

as forced choice scenarios (e.g., retail stock-outs). Further, we permit each attribute to impact 

multiple benefits at the individual level, not just one mediating construct; so our model extends 

the works focused on multiple mediators and approaches that do not account for unobserved 

heterogeneity (e.g., Preacher and Hayes 2004; 2008). Instead, we allow for heterogeneous direct 

and indirect effects across both the perception formation stage and stage by which benefits 

impact choice, offering new insights for managers about segmentation.  

----------------------------------------------------- 
 

Insert Table 2 about here 
 

----------------------------------------------------- 

A CHOICE MODEL OF PERCEIVED BENEFITS AND MEDIATED CHOICES 

The structure of our benefits-based choice model specified below can be summarized as follows. 

First, each attribute has a direct impact on latent utility and impacts multiple latent benefits 

indirectly, offering the ability to test for multiple mediating effects. Second, the model allows 

for correlations between the unobserved components of the latent benefits. Third, additional to a 

regular choice task where consumers reveal their most preferred options, latent benefits are 

evaluated holistically using a second discrete choice task in which respondents nominate which 

option performs best on each dimension (i.e., perceived benefit) of interest. Fourth, consumers 

may differ with respect to the degree: a) attributes affect each latent benefit; b) each latent 

benefit affects overall utility; and c) each attribute affects utility directly.  

 More formally, let 𝑋  be the vector of attributes of alternative i, i=1,..,J, that 

respondent n, n=1,…,N, faces in choice set t, t=1,..,T. Further, let 𝑦  be an indicator variable, 

taking the value 1 if alternative i is chosen and 0 otherwise. In line with the random utility 

framework, we assume that latent utility, 𝑈 , of an alternative i as judged by person n in choice 

set t, is a function of a systematic component, 𝑉 , and a random component, 𝜀 ~𝑁 0, 𝐼  with  



 

 

𝐼J being the (JxJ)–identity matrix. The utility of a choice option is specified to be a linear 

function of the features describing each alternative (𝑋 ) such that:  

(1) 𝑈 𝑋 𝛾 𝜀 , 

where 𝛾  is a vector of unknown parameters (i.e. a set of total effects). The systematic 

component may also include exogenous characteristics of the consumer and interaction effects. 

Following the tradition of ICLV models, we assume that the utility of each alternative is 

affected by a set of latent variables, 𝑀∗ , pertaining to unobservable attitudes of the individual 

and/or perceived benefits of the alternative judged by the individual (Ben-Akiva et al. 2002b; 

McFadden 1986). Consistent with mediation models, the utility function can be written as: 

(2) 𝑈 𝑋 𝛾 𝑀∗ 𝛽 𝜀𝑖𝑛𝑡
𝐶 , 

where 𝛾  and 𝛽  are parameters to be estimated and 𝜀  is a random component. Allowing for 

multiple mediating terms (m=1, …, ℳ) and denoting this construct M*m, we assume that: 

(3) 𝑀∗ 𝑋 𝛼 𝜀 𝑉 𝜀  , 

with 𝛼  a Kx1 vector of parameters capturing the impact that changes in the product attribute 

levels have on each latent perception. 𝜀  is assumed to be normal distributed with correlation 

structure further specified below. Applying RUT to this mediating choice, we observe the choice 

of alternative i in the mediator task m, 𝑦 1, if 𝑀∗ 𝑀∗ , ∀𝑗 ∈ 1,…, J \ 𝑖 . The overall 

choice utility 𝑈  of the alternative is then: 

(4) 𝑈 𝑋 𝛾 ∑ 𝛽 𝑀∗ℳ 𝜀  𝑉 ∑ 𝛽 𝑉ℳ ∑ 𝛽 𝜀ℳ 𝜀  , 

with 𝛾  a Kx1 vector of unknown parameters, and 𝛽  unknown scalars that capture the impact 

of latent dimension m on overall choice. Again, 𝜀  is assumed to be a normal distributed error 

term with correlation structure defined as follows.  

Let 𝜀 𝜀 ,…,𝜀J , 𝜀 ,…,𝜀J ,…,𝜀ℳ ,…,𝜀J
ℳ , 𝜀 ,…,𝜀J , then we assume that 𝜀  follows a 

normal distribution with mean 0 and covariance Ω, where: 



 

 

(5) Ω  

⎝

⎜
⎛

𝐼J 𝜌 𝐼J ⋯ 𝜌 ℳ𝐼J 𝑂J

𝜌 𝐼J 𝐼J ⋯ 𝜌 ℳ𝐼J 𝑂J
⋮ ⋮ ⋱ ⋮ ⋮

𝜌 ℳ𝐼J 𝜌 ℳ𝐼J ⋯ 𝐼J 𝑂J

𝑂J 𝑂J ⋯ 𝑂J 𝜌𝐼J⎠

⎟
⎞

, 

with 𝑂J a (JxJ)–zero matrix, 𝜌  reflecting the correlation between the utility of mediator m and 

mediator l, and ρ defined as 𝜌 1 ∑ 𝛽 1 ∑ 𝛽 𝛽 𝜌𝑚ℳ
,

ℳ . 1 Thus, we assume 

that the error terms are uncorrelated over time, alternatives and individuals, but correlated across 

mediators2.  

We stack all joint outcomes of interest and thus obtain:  

(6) 𝑈
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⋮
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⎞

𝑉 𝜀̃ , 

where: 

(7) 𝜀̃
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,  

and 𝜀̃ ~𝑁 0, Ω  with Ω 𝑅 Ω𝑅 . The probability of the observed set of choices is then: 

(8) Pr 𝑦
𝑖1𝑛𝑡
1 1,…,𝑦

𝑖ℳ𝑛𝑡
ℳ 1, 𝑦

𝑖𝐶𝑛𝑡

𝐶 1
𝜀𝑛𝑡∈𝐵

𝑖1,…,𝑖ℳ,𝑖𝐶 𝑛𝑡

𝜙 𝜀𝑛𝑡 𝑑𝜀𝑛𝑡 . 

where 𝜙 refers to the pdf of the normal distribution with mean 0 and covariance  Ω  and 

                                                            
1 See Web Appendix 1 for full details of the model estimation and justification of this choice of ρ. 
2 Note that it is not possible to allow for both a link between the mediating utility and the choice utility and a correlation in the 
error term between these two utilities as the model would not be identified.     



 

 

(9) 

𝐵 ,…, ℳ, 𝜀̃  s. t. 𝑉 𝜀̃ 𝑉 𝜀̃ , ∀𝑗 𝑖   ⋀ …  

𝑉 ℳ
ℳ 𝜀̃ ℳ

ℳ 𝑉 ℳ
ℳ 𝜀̃ ℳ

ℳ , ∀𝑗ℳ 𝑖ℳ   ⋀ …   

𝑉 ∑ 𝛽𝑛
𝑚𝑉𝑖𝐶𝑛𝑡

𝑚ℳ
𝑚 1 𝜀̃ 𝑉 ∑ 𝛽𝑛

𝑚𝑉𝑗𝐶𝑛𝑡
𝑚ℳ

𝑚 1 𝜀̃ , ∀𝑗 𝑖 .  

Equation (8) shows that our mediating model reduces to a multivariate probit model with a 

particular covariance matrix. Our model could be estimated in two stages by first estimating the 

models pertaining to the mediators (i.e., Equation 3) and then incorporating these estimates into 

the model pertaining to overall choice (i.e., Equation 4). While sequential procedures are easier 

to implement and previously used in ICLV models (e.g., Morikawa et al. 2002; Temme, 

Paulssen and Dannewald 2008), they produce consistent, but not efficient, estimates as 

compared to a simultaneous estimation of both equations (Bahamonde-Birke and Ortúzar 2014; 

Bolduc and Alvarez-Daziano 2010; Fu and Juan 2017). Hence, it is preferable to estimate the 

model simultaneously using for example the GHK simulator (e.g., Geweke et al. 1994). 

Consumer heterogeneity can be accounted for in several ways in our model. The 

researcher can, for example, investigate how the value of each attribute is moderated by 

observable characteristics that describe an individual decision-maker. These interactions can be 

included with respect to the formation of perceptions or use of these perceptions in choice.  

This allows the exploration of moderated mediating effects (Preacher, Rucker and Hayes 2007; 

Hayes 2009). Another approach is to allow for unobserved consumer heterogeneity using a 

continuous or discrete distribution of preferences. Popular examples of these distributions and 

associated estimation techniques are a discrete distribution (Kamakura and Russell 1989), 

estimated via the expectation maximization (EM) algorithm (e.g., Train 2009), or a multivariate 

normal distribution, estimated using simulation (e.g., McFadden and Train 2000) or Bayesian 

estimation techniques (Burda, Harding and Hausman 2008).  

In the next section, we illustrate the value of accounting for heterogeneity beyond its 

typical application to preferences (i.e., differences in 𝛾 . We instead consider process 



 

 

heterogeneity, which arises due to differences across consumers with respect to the role of 

attributes in both forming perceptions about benefits of alternatives (i.e., 𝛼  and in how much 

each benefit is used by each consumer in their product choices (i.e., 𝛽 ). A series of 

simulations, presented in Web Appendix 2, confirms that the proposed model is able to recover 

these parameters under various scenarios. This includes cases with different combinations of 

significant versus non-significant direct and indirect effects, cases with competing mediation, 

cases with high levels of correlation between attributes and mediators and cases where only one 

rather than multiple observations is available per respondent. We also illustrate the bias that 

arises if researchers do not account for direct effects in mediating choice models.  

 

EMPIRICAL ILLUSTRATION 

 

The empirical example illustrates the operationalization of the proposed mediating choice model 

in a typical market research setting. The application demonstrates the framework’s appeal for 

managers to assess and to forecast which attributes drive perceptions about a product’s benefits 

and how these affect consumer choices. We first present a model that assumes judgements about 

perceived benefits and their impact on choices are homogenous across consumers. We then 

relax this assumption to show how managers can understand that latent segments may be present 

because consumers differ in: i) how they use attributes and brands to judge the perceived 

benefits of alternatives; and/or ii) how perceived benefits mediate their choices. We conclude 

this section with a discussion of predictive model fit. 

We conducted an online survey of 265 adult grocery shoppers who evaluated bread 

options described by brand and several product features, including type of flour, advertised 

claims (e.g., low GI; enriched with omega 3), seeds, grains, vitamins, minerals, expiry date, loaf 

size, shelf and unit price. The attributes of each option were determined by a completely 

randomized design (Cox and Cochran 1953) to investigate higher-order effects; for parsimony, 

the results presented focus on main effects only. After screening and providing information 



 

 

about prior purchases, respondents undertook a DCE with eight choice sets nominating their 

most preferred bread, evaluating three breads on each occasion. After further questions about 

purchases, respondents viewed the same sets of breads and nominated which performed best on 

healthiness and value for money. These sets were presented on a second separate occasion to 

eliminate any impact that the mediating task would have on a respondent’s preferences in the 

first DCE task measuring the impact of each attribute on utility (i.e., total effects).  

Survey respondents lived in the same capital city, were equally split between genders, 

and were 52 years of age, on average. All had purchased bread from a supermarket retailer in the 

last fortnight, with purchases dominated by supermarket varieties (34%); the remainder were led 

by brands appearing in the experiment, including Helga’s (23%), Abbott’s (11%) and Tip-Top 

(10%). More than half (52%) had purchased wholemeal breads in the previous fortnight as 

compared to 35% who had bought white varieties and 10% who had bought unbleached 

varieties. Having screened out those with dietary requirements (e.g., allergies), only one percent 

of respondents reported to regularly purchase gluten-free breads. Around half (48%) of the 

respondents purchased one loaf, with an average of 1.7 loaves bought. Many regularly bought 

breads at a discounted price (42%), at an average of 19% off the shelf price. 

Mediating Model without Unobserved Heterogeneity  

Results relating to total effects (standard discrete choice model): The first model 

examines how changes in bread attributes affect utility (see estimates of ’in Table 3). This total 

effects model (i.e., without mediators) is the standard discrete choice model as per Equation 1. 

The results show the dominance of the Helga’s brand and preference for wholemeal varieties, 

regardless of whether the flour is unbleached; gluten-free varieties are strongly rejected. Brand 

and flour type dominate other considerations, including various key claims such as whether a 

product is promoted as being low GI, high fiber or is ‘stone-milled’. Respondents preferred 

breads that were larger, cheaper and had a longer expiration date. 

----------------------------------------------------- 



 

 

 

Insert Table 3 about here 
 

----------------------------------------------------- 

Effects of attributes on perceived benefits (perceptual formation stage): The proposed 

mediating benefits-based choice model disentangles the aforementioned results to provide 

insight into how each feature drive perceptions with respect to health and value benefits (see 

estimates of Health and Value in Table 3). For example, Abbott’s is perceived to be relatively 

healthy, but is poorly positioned in terms of value; the reverse is true for supermarket brands.  

The results can be examined in terms of how any attribute level simultaneously drives the 

perceived benefits of alternatives on multiple positioning dimensions. In Figure 5, each attribute 

level’s impact on health perceptions (Health) is plotted against the same attribute level’s impact 

on value perceptions (Value). This perceptual map shows the strong positioning of Helga’s in 

terms of health, supermarket brands in terms of value and the weakness of MightySoft on both 

dimensions. Perceptions of value are associated with longer shelf life, larger weights and lower 

shelf prices. The dominance of brands and flour type in shaping perceptions is apparent when 

compared against the impact of adding ingredients (e.g., vitamins; minerals) or the advertised 

absence of others (e.g., no artificial flavors). 

----------------------------------------------------- 
 

Insert Figure 5 about here 
 

----------------------------------------------------- 

Mediating effects (indirect effects): A strategic advantage of the model is being able to 

evaluate whether variation in perceived benefits explain variation in choice. Table 3 reveals that 

the impact of both mediators on choice (βm) are positive and significant; breads perceived as 

healthier and better value for money are more likely to be chosen. Table 3 also shows that the 

correlation, HV, between the unobserved components that drive perceived healthiness and 

perceived value for money is significant (p < .01). This correlation might be due to a halo effect, 

such as respondents believing that unhealthy breads offer poor value. It could also arise because 



 

 

of respondent bias, such as a decision heuristic in which some respondents nominated the same 

alternative as maximizing both benefits. 

All model parameters are estimated on the same scale (see definition of Ω). Thus, we can 

obtain the marginal indirect effect of each attribute level with respect to each perception by 

calculating the product of the two stages (i.e., the impact of the attribute level on the latent 

mediator, α, and the impact of the mediator on latent utility, β). Consistent with models of 

mediation involving continuous measures (Judd and Kenny 1981), the total effect (𝛾 ) is equal 

to the sum of the direct effect (𝛾) and the two indirect effects (αβ). The indirect effect estimates 

and test of their significance (based on simulating the standard errors) appear in Table 3. 

Consistent with definitions of complete mediation (Baron and Kenny 1986), several 

attribute levels have a significant total and mediation effects and insignificant direct effect. For 

example, the overall significant total effect of traditional stone-milled is explained entirely by 

the indirect mediating effects with no remaining significant direct effect. Similarly, claims in the 

form of low GI and high fiber mediate choices completely via perceptions on health. Several 

cases of partial mediation also occur. For example, the significant preference for wholemeal 

wheat is explained by a significant set of positive indirect effects with respect to health and 

value, but a significant direct effect indicates remaining unexplained effects.  

Competing mediation effects (beyond complete and partial mediation): The results 

highlight interesting cases involving a mixture of positive and negative indirect effects. For 

example, the total effects model indicates that wheat (white) flour has no significant impact on 

utility relative to other flour types. Examining the process by which this non significance arises 

reveals a set of significant, but contrasting mediating effects: breads made with wheat (white) 

flour are negatively perceived with respect to health, but well positioned with respect to value. 

We label such cases competing mediation effects.  

By showing that one mediating effect can cancel out the impact of another opposing 

mediating effect resulting in a non-significant total effect, our results support the assertions of 



 

 

Zhao, Lynch and Chen (2010), who suggest that the exploration for mediation does not 

necessarily require a significant total effect (c.f., Baron and Kenny 1986). The outcome is 

analogous to other cases of aggregation bias, which highlight how incorrect conclusions can be 

made about how non-significant effects arise as a result of not accounting for competing effects 

relating to unobserved heterogeneity (Hutchinson, Kamakura and Lynch 2000).  

Extensions to Account for Process Heterogeneity 

The model discussed above assumes that consumers have homogeneous preferences, form 

perceptions about benefits using product features in the same way and are identical in terms the 

extent that each benefit affects their choices. Several opportunities exist to explore process 

heterogeneity to offer insights beyond preference heterogeneity. First, consumer segments may 

differently judge the perceived benefits of an attribute level. For example, one segment may 

perceive Helga’s to be healthy while another may not, but both may agree on the extent that 

health benefits should determine choices. In this case, we would expect to see differences in α 

across segments, but not differences in β. Second, two segments may agree on Helga’s health 

benefits, but differ with respect to the emphasis each places on health relative to value in their 

choices. In this case, α would be identical across segments, but differences would appear in β. 

Of course, the two cases may occur simultaneously, with heterogeneous perceptions about the 

benefits that an attribute delivers and varying importance of these benefits for product choice. 

The following analyses illustrate the insights our model can provide when using a 

discrete parameter distribution with two underlying latent segments based on process 

heterogeneity. We used the EM algorithm to estimate segment size and the associated 

parameters. In contrast to the total effects model where segments are based solely on choice 

outcomes, latent segments from the mediator model can be derived based on differences in 

perceptions, as well as overall choices. Segmentation based on the total effects model will better 

predict choices, whereas segmentation using our mediator model will better predict the joint 

outcomes relating to both outcomes reflecting the process by which choices are made (i.e., 



 

 

perceived benefits) and choice outcomes.  

The latent segment mediator model classified respondents into segment 1 (59% of 

respondents) or segment 2 based on a posteriori membership probabilities, with 91% of 

respondents having a probability of at least 90% for being in one segment. Examining whether 

differences in perceptions and preferences can be explained by scale differences instead (Swait 

and Louviere 1993), we tested and rejected the hypothesis that the two segments only differ with 

respect to the error variability in their choices (p < .001).  

Table 4 reports the parameter estimates of the corresponding mediator models for the two 

segments (a full set of results is presented in Web Appendix 3). As captured by estimates of m, 

these segments differed in the weight they place on perceptions of health over value in their 

choices, with segment 1 using both perceptual dimensions equally and segment 2 being a health-

conscious segment that disregards value in choices. Estimates of m reveal further insights into 

how product attribute levels are differently perceived on each of these two dimensions. For 

example, those in segment 1 perceive supermarket brands to represent good value, but be 

relatively less healthy, leading to a neutral evaluation of these brands in choice. Members of 

segment 2 similarly perceive supermarket brands to be less healthy, but represent poor value, 

resulting in negative evaluations of these brands in their overall choices. Both segments share 

similar views about brands with respect to health perceptions, but segment 1 view all non-

supermarket brands as offering poor value. 

----------------------------------------------------- 
 

Insert Table 4 about here 
 

----------------------------------------------------- 

The latent segments also illustrate how aggregation bias can occur, resulting in non-

significant effects (Hutchinson, Kamakura and Lynch 2000). For example, as discussed, the 

aggregate results indicated the non-significance of the parameter estimate for wheat (white) 

bread. However, the total effect estimates for each latent segment explains this non-significance: 



 

 

segment 1 has a positive preference for wheat (white) bread, while segment 2 has a significant 

negative preference. Further, both segments agree that this flour type is poor relative to other 

flour types when judged on health. However, they disagree in relation to perceptions of value: 

segment 1 believes products with wheat flour offer value for money, while segment 2 does not. 

This illustrates the merit in our model to detect that opposing preferences occurring across latent 

segments may be explained by differing perceptions. 

We also explore whether differences exist across the segments with respect to various 

sociodemographic and behavioral variables. The two segments do not differ with respect to 

gender (p = .499) or average age (p = .408), but differ in their shopping habits (see Table 5). 

Members of health-conscious segment 2 are less likely to buy more than one loaf per trip (p < 

.05), but more likely to shop at least once per week (p <. 10) and make purchases carefully (p < 

.10). They have a higher purchase rates of gluten-free (p <. 01) and sourdough breads (p <. 10).  

----------------------------------------------------- 
 

Insert Table 5 and Table 6 about here 
 

----------------------------------------------------- 

Model Comparisons 

Using the above model specifications, we report the associated in-sample and predictive fits in 

Table 6. We used six tasks for model calibration and two tasks for evaluating predictive 

performance. The predicted utilities using an aggregate standard choice model (Model I) are 

equivalent up to simulation error to estimates from the aggregate mediating-benefits choice 

model (Model II). This is because the sum of the direct and indirect effects equates to the total 

effects of the standard choice model as per Equation 1 and 2; in turn, there is no difference in 

both in-sample and predictive fit performance between Model I and II.  

In Table 6, we further consider model fit when accounting for consumer heterogeneity in 

two ways. First, we estimated a standard model that accounts for preference heterogeneity via 

two latent preference segments (Model III). The modal memberships emerging from this model 



 

 

were then used to estimate two separate (one for each segment) benefits-choice models and the 

results subsequently summarized (Model IV). Model III and Model IV produce equivalent 

results relating to in-sample and predictive fit following the same explanation as above, 

however, Model IV provides additional insights into why these differences in preference across 

the segments arise with respect to multiple mediating processes. 

Second, we estimated our proposed mediator model to allow for two latent segments 

based on unobserved heterogeneity across all parameter estimates (i.e., ,,,; see Model V), 

thereby sourcing membership from multiple forms of heterogeneous effects (i.e., direct and 

indirect effects, rather than total effects only). It detects heterogeneity to maximize the 

likelihood of choice outcomes, but also simultaneously maximizes the ℳ-likelihoods associated 

with the chosen benefits. This model underperforms on measures of in-sample and predictive fit 

pertaining to choice outcomes only (see Model III vs Model V), but offers superior predictions 

of the judgements of perceived benefits, as well as the judgments of benefits and choice 

combined (see Model IV vs. V). Taken together, the proposed mediator model offers superior 

insights into the idiosyncratic mediating process (i.e., process heterogeneity) and overarching 

joint outcomes of judgements of perceived benefits and choice. 

 

DISCUSSION AND FUTURE RESEARCH 
 

Summary and Methodological Contributions 

We introduced a benefit-based choice model allowing researchers to investigate whether 

the effects of multi-attributes on choice are mediated by multiple perceived benefits. The 

method enables researchers to: a) test whether benefits influence choice (via the significance of 

the indirect effects, β); b) assess whether these comprehensively describe choices or whether 

important benefits have been left out (via the direct effects, γ); c) confirm or project the 

positioning of brands and features against competitors on these dimensions (via the indirect 

effects, α); and, d) evaluate the overall impact of brands and attributes on choice (via the total 



 

 

effects, γ’). The researcher can investigate unobserved heterogeneity across all these effects.  

The model disentangles the total effects presented in standard choice models via a series 

of multiple, possibly competing, indirect effects as other researchers have considered (see, 

Dellaert et al. 2018). By allowing each attribute to have both a direct and set of indirect effects 

on choices, we are the first to propose and test the extent by which perceived benefits mediate 

choice. In contrast to models that consider that an attribute exclusively impacts a single latent 

benefit (e.g., Oppewal et al. 1994) or in a way that the impact must be positively correlated with 

overarching preferences (Kim et al. 2017), we allow and provide evidence that each attribute 

can independently impact multiple perceived benefits at the individual level. Our model and 

empirical application also presents an important contrast against choice models that account for 

preference heterogeneity (Train 2009) and to describe process heterogeneity with respect to how 

perceptions may form differently across consumers (e.g., Dellaert et al. 2018; Swait et al. 2018).  

Our proposed model offers several methodological advantages relative to the multiple 

indicators causes model and SEM-based frameworks considering mediation (Jöreskog and 

Goldberger 1975; Preacher and Hayes 2008; Temme et al. 2008). Our model is able to: be 

estimated simultaneously; avoid rescaling of estimates for mediation analysis; handle multiple 

categorical mediators and multinomial choice outcomes; allow for moderated mediators; and, 

consider forced choice scenarios. Our empirical results also reinforce that mediation effects may 

be present even when total effects are not significant (Zhao, Lynch and Chen 2010). 

Our approach involves collecting additional data to be included as a reflective measure of 

the latent dimension as performed in other studies utilizing hybrid choice models (e.g., Daly et 

al. 2012). However, our DCE-based approach recognizes that consumers form overarching 

perceptions of each product on various latent dimensions using all attributes simultaneously. 

Our approach offers all the advantages associated with DCEs, including the recognition of trade-

offs made by consumers, ability to consider interactions among attributes and avoidance of 

rating-scale biases (Baumgartner and Steenkamp 2001). Those familiar with DCEs can readily 



 

 

adapt their implementation and gather the additional information required. For example, the 

same experimental design and online user interface can be re-used, requiring an alteration of the 

choice task to focus on perceived benefits.  

Our method aims to confirm and test how the impact of attributes on benefits mediate 

choices, with the selection of benefits to examine made a priori by the researcher or manager. 

These benefits may be derived from different sources: Researchers can rely on prior literature or 

suitable theory to propose testable hypotheses about mediating effects. In managerial settings, 

benefit dimensions may be sourced from: internal or competitor positioning statements; past or 

planned advertising claims; preceding research (e.g., focus groups; perceptual mapping 

exercises; new product development teams); or analysis of secondary sources (e.g., product 

reviews). Our method therefore differs to exploratory models that require additional steps after 

model estimation to interpret the latent variables detected (e.g., Elrod and Keane 1995; Kim et 

al. 2017; Swait, Argo, and Li 2018). 

Our method is well equipped to consider forecasting of perceptions and choice when 

market data is not available (e.g., new or emerging markets) or where there are high levels of 

correlation in the presentation of features (e.g., a brand is always offered with a particular 

ingredient) (Louviere, Hensher and Swait 2000). The method thus allows companies and 

regulators to anticipate the combined impact of market or government induced changes on 

perceptions and choice, such as a push to disclose nutritional information on products and in-

store menus using several mechanisms (e.g., health star ratings; colored panels) or via price 

tariffs (e.g., ‘sugar tax’) (Dunford et al. 2017). This could help determine whether negative 

perceptions exist, targeted consumers care little about a benefit relative to others or whether 

brand dominates perceptions and choices (Rogers et al. 1988; Russell 2018).  

Empirical Findings and Managerial Contributions 

In practice, the method allows managers to compare perceptions and their impact on 

choice across brands (e.g., to see if Helga’s is perceived as healthier and/or chosen over 



 

 

Abbott’s) and features (e.g., to see if mixed wholegrains are perceived as healthier or preferred 

over mixed grains). It allows relative comparisons to be across perceptual dimensions (e.g., to 

see if Helga’s performs better on health than value). Managers can identify which features 

impact certain dimensions more than others (e.g., whether brand influences health perceptions 

more than key claims or flour type), allowing valuable comparisons regarding the drivers of 

positioning from a holistic, multi-attribute, multi-brand perspective. Each of these comparisons 

can also be considered in terms of potential heterogeneity to guide segmentation strategies. 

Our empirical results indicate that brands cannot exclusively focus on one point of 

differentiation, a question considered by other researchers (e.g., Bhat and Reddy 1998; Fuchs 

and Diamantopoulos 2010). We find that while brands can be well positioned on one benefit-

dimension, their utility can be undermined by perceptions on other dimensions. Our results also 

indicate that positioning strategies must consider the role of product features and not just 

branding activities; this indicates how managing positioning can be problematic when using the 

same brand across product lines. Nonetheless, we found that brands dominated the shaping of 

perceptions about the benefits of an alternative more so than product attributes, as highlighted in 

other studies (e.g., Graeff 1997; Vriens and Hofstede 2000).  

Our research contributes to and extends works that focus on determining how brands are 

perceived on various dimensions and how this can enable identification of market structures. 

This includes methods based on means-end-chains to identify attribute-benefit connections (e.g., 

Herrmann and Huber 2000; Hofstede et al. 1999), factor-analytical approaches to identify 

market structures (Elrod and Keane 1995), multidimensional scaling applied to brand proximity 

ratings to develop perceptual maps, and discriminant analysis of attribute-brand ratings to 

identify dimensions to group or differentiate among brands (e.g., Huber and Holbrook 1979). 

Our approach differs by establishing a quantifiable link between attributes, benefits and choices 

by observing consumer trade-offs among these dimensions, reflecting their relative importance. 

Quadrant analysis and importance-performance analysis (e.g., Lynch, Carver and Virgo 1996; 



 

 

Martilla and James 1977), as well as product-attribute utility-based models (Gwin and Gwin 

2003), provide similar insights by visualizing the correlation and disconnections between 

attribute-importance and brand-performance. However, our model does not require respondents 

to provide the weights that link attributes to perceptions one-at-a-time. Instead, we estimate 

these by observing the result of trade-offs between different features.  

The empirical results highlight that our account of consumer heterogeneity – beyond 

differences based on preferences (Train 2009) or weighting of benefits (Swait et al. 2018) – 

provides valuable insights for consumer segmentation. Whereas cluster analysis of part-worths 

from conjoint tasks identify segments based on links between attributes and preferences (e.g., 

Johnson, Ringham and Jurd 1991), we indicate that differences can be present with respect to 

how perceived benefits form and how benefits shape preferences among alternatives. For 

example, we identified a health-conscious segment that perceived products with omega 3 or 

pumpkin seeds offered no health-benefits, but the other segment placing value on both health 

and value benefits did. This insight highlights that alternative reasons may explain preference 

heterogeneity and, in response, managers may employ different promotion strategies for each 

segment to alter perceptions or benefit importance.  

Limitations and Future Research 

Our proposed method provides opportunities for extensions given its foundations in random 

utility theory. For example, the model could use different methods to explore heterogeneity and 

differences in error variability (Hess and Rose 2012). It may also incorporate cross-effects 

between alternatives via flexible error correlations or by altering the systematic component as 

per a mother logit framework (Timmermans et al.1991). Our approach could be modified to 

handle contexts with many alternatives (e.g., Fader and Hardie 1996) or use other estimation 

approaches (e.g., Bolduc and Alvarez-Daziano 2010). Similarly, researchers could explore 

alternative model specifications to include attitudes and values (Ashok et al. 2002) or nonlinear 

effects to consider satiation of an attributes’ contribution to benefits (Kim et al. 2017).  



 

 

The DCE method to measure perceived benefits could also be modified, for example by 

eliciting both the best and worst alternatives or by ranking on a given dimension of interest to 

obtain more information (Marley and Pihlens 2012). Researchers could additionally explore 

perceptions about barriers to choice (Burke et al. 2014). While the choice sets in our study were 

based on a completely randomized design, alternative designs could reduce the possible 

confound between effects relating to individual differences and experimental design. Similarly, 

we presented an identical DCE task to measure perceptions after the choice task, so there is 

scope to explore variations in survey structure, including eliciting both tasks simultaneously or 

using separate experimental designs for the two tasks. Such variations may reduce correlation 

between the unobserved components of the latent constructs. In addition, there may be 

opportunities to combine data from various sources following similar approaches utilizing both 

revealed and stated preference data (e.g., Ben-Akiva et al. 1994; Hensher and Bradley 1993). 

For example, a manager could observe market behavior and collect information on perceived 

benefits of market and hypothetical offerings to test for their mediating effects on choices. 

Beyond product positioning, we anticipate applications of the model in other research 

settings where mediating effects are of interest. For example, it would be useful to explore 

mediation in group decision-making, where choice outcomes can be influenced by competing 

effects (Arora and Allenby 1999). These could relate to differences about the perceived benefits 

of some attributes (e.g., disagreement in households about the healthiness of breads made with 

unbleached flour relative to other flours) or differences in the relative importance of benefits 

(e.g., disagreement about preferences for healthier products over those offering value).  

The approach also provides the opportunity to revisit previous studies of mediation, but in 

the context of choices with multiple attributes and multiple mediators (Mackinnon and Dwyer 

1993). For example, Cian et al. (2014) showed that logo dynamism impacted attitudes toward 

the brand via the mediating effect of engagement. It would be worthwhile for managers to 

observe how such effects impact product choices alongside other competing logo and front-of-



 

 

pack elements, as well as exploring other potential mediators, such as complexity or novelty. 

Similarly, researchers have discussed consumer perceptions about price information and 

promotion bundles (e.g., cash back; points) (e.g., Cheng and Cryder 2018). Our model could 

offer insights into consumer heterogeneity inherent in the holistic perceptions of product value 

and quantify how these mediate choice. In addition, the model could offer insights into how 

such pricing strategies improve inferences about perceived product value, but also negatively 

affect perceptions about product quality, and whether these perceptions differ across consumers 

in how they impact choices (Rao and Monroe 1998; Zeithaml 1988).  

The model presents opportunities to break down the process behind the impact of features 

of interest reported in past choice studies. For example, Auger et al. (2003) examine the value of 

ethical attributes (e.g., child labor) against product features using a traditional DCE-based 

approach. Researchers could use our method to evaluate whether a lack of demand for ethical 

attributes occurs because social benefits are not as important as functional benefits, or instead, 

whether consumers are skeptical and perceive that ethical attributes do not deliver the ethical 

benefits as intended. Similarly, it would be valuable to review previous choice studies that have 

considered preference heterogeneity, to understand whether the differences arise due to 

heterogeneity in perceived benefits and/or use of benefits in choice. For example, Mueller et al. 

(2010) identified five clusters of wine consumers based on preferences for label information 

(e.g., history, food pairing) and price; our method could reveal whether differences between 

segments arise due to the perceived benefits inferred from the label information (e.g., taste; 

value) or differences in the relative importance of each benefit. The model is therefore useful in 

many settings as it offers a deeper understanding of diverse forms of heterogeneity regarding 

how multiple features impact multiple perceived benefits and mediate choices.  



 

 

REFERENCES 

Arentze, Theo A., Benedict G. C. Dellaert and Caspar G. Chorus (2015), “Incorporating Mental 

Representations in Discrete Choice Models of Travel Behavior: Modeling Approach and 

Empirical Application,” Transportation Science, 49(3), 577–90. 

 

Arora, Neeraj and Greg M. Allenby (1999), “Measuring the Influence of Individual Preference 

Structures in Group Decision Making,” Journal of Marketing Research, 36(4), 476–87. 

 

Ashok, Kalidas, William Dillon and Sophie Yuan (2002), “Extending Discrete Choice Models to 

Incorporate Attitudinal and Other Latent Variables,” Journal of Marketing Research, 39(1), 31-46. 

 

Auger, Pat, Paul Burke, Timothy M. Devinney and Jordan J. Louviere (2003), “What Will 

Consumers Pay for Social Product Features?” Journal of Business Ethics, 42(3), 281–304. 

 

Austin, Michael 2013), “Consumer Perception Inhibits Electronic Vehicle Adoption,” 

Electronic Design, October 7th. 

 

Bahamonde-Birke, Francisco J. and Juan de Dios Ortúzar (2014), “On the Variability of Hybrid 

Discrete Choice Models,” Transportmetrica A: Transport Science, 10(1), 74–88. 

 

Baron, Reuben M. and David A. Kenny (1986), “The Moderator–Mediator Variable Distinction 

in Social Psychological Research: Conceptual, Strategic, and Statistical Considerations,” 

Journal of Personality and Social Psychology, 51(6), 1173–82. 

 

Baumgartner, Hans and Jan-Benedict EM Steenkamp (2001), “Response Styles in Marketing 

Research: A Cross-National Investigation,” Journal of Marketing Research, 38(2), 143-156. 

 

Ben-Akiva, Moshe, Daniel McFadden, Tommy Gärling, … Vithala Rao (1999), “Extended 

Framework for Modeling Choice Behavior,” Marketing Letters, 10(3), 187–203. 

 

———, Mark Bradley, Takayuki Morikawa, Julian Benjamin, Thomas Novak, Harmen 



 

 

Oppewal and Vithala Rao (1994), “Combining Revealed and Stated Preferences Data,” 

Marketing Letters, 5(4), 335-349. 

 

———, Daniel McFadden, Kenneth Train, Joan Walker, Chandra Bhat … Marcela A. 

Munizaga (2002a), “Hybrid Choice Models: Progress and Challenges,” Marketing Letters, 

13(3), 163–75. 

 

———, Joan Walker, Adriana Bernardino, Dinesh Gopinath, Taka Morikawa, and Amalia 

Polydoropoulou (2002b), “Integration of Choice and Latent Variable Models,” Perpetual 

Motion: Travel Behaviour Research Opportunities and Application Challenges, 431–70. 

 

Bhat, Subodh and Srinivas K. Reddy (1998), “Symbolic and Functional Positioning of Brands,” 

Journal of Consumer Marketing, 15(1), 32–43. 

 

Bolduc, Denis and Ricardo Alvarez-Daziano (2010), “On Estimation of Hybrid Choice 

Models,” In S. Hess and A. C. Daly (Eds.) Choice Modeling: The State-of-the-Art and the State-

of-Practice: Proceedings from the Inaugural International Choice Modeling Conference. 

Emerald Group Publishing Limited, United Kingdom. pp. 259–87. 

 

Burda, Martin, Matthew Harding, and Jerry Hausman (2008), “A Bayesian Mixed Logit–Probit 

Model for Multinomial Choice,” Journal of Econometrics, 147(2), 232–46. 

 

Burke, Paul, Christine Eckert, and Stacey Davis (2014), “Segmenting Consumers’ Reasons For 

and Against Ethical Consumption,” European Journal of Marketing, 48(11/12), 2237-2261.  

 

Cheng, Andong, and Cynthia Cryder (2018), “Double Mental Discounting: When a Single Price 

Promotion Feels Twice as Nice,” Journal of Marketing Research, 55(2), 226–238. 

 

Choi, Hojoon and J. Springston (2014), “How to Use Health and Nutrition-Related Claims 

Correctly on Food Advertising: Comparison of Benefit-Seeking, Risk-Avoidance, and Taste 



 

 

Appeals on Different Food Categories,” Journal of Health Communication, 19(9), 1047–63. 

 

Cian, Luca, Aradhna Krishna, and Ryan S. Elder (2014), “This Logo Moves Me: Dynamic 

Imagery From Static Images”, Journal of Marketing Research, 51(2), 184–197. 

 

Cox, Gertrude M. and William G. Cochran (1953), Experimental Designs. New York: Wiley. 

 

Daly, Andrew, Stephane Hess, Bhanu Patruni, Dimitris Potoglou, and Charlene Rohr (2012), 

“Using Ordered Attitudinal Indicators in a Latent Variable Choice Model: A Study of the 

Impact of Security on Rail Travel Behavior,” Transportation, 39(2), 267–97. 

 

Danthurebandara, Vishva Manohara, Martina Vandebroek, and Jie Yu (2013), “Integrated 

Mixed Logit and Latent Variable Models,” Marketing Letters, 24(3), 245–59. 

 

Dellaert, Benedict G. C., Joffre Swait, Wiktor L. Vic Adamowicz, Theo A. Arentze, Elizabeth 

E. Bruch, Elisabetta Cherchi, …, and Anthony A. J. Marley (2018), “Individuals’ Decisions in 

the Presence of Multiple Goals,” Customer Needs and Solutions, 5(1–2), 51–64. 

 

Devinney, Timothy M., Pat Auger, and Giana M. Eckhardt. (2010), The Myth of the Ethical 

Consumer, Cambridge University Press. 

 

Diamantopoulos, Adamantios, Petra Riefler, and Katharina P. Roth (2008), “Advancing 

Formative Measurement Models,” Journal of Business Research, 61(12), 1203–18. 

 

Dunford, Elizabeth, Jason Wu, and Neal Bruce (2017), “A Comparison of the Health Star 

Rating System when used for Restaurant Fast Foods and Packaged Foods”, Appetite, 117, 1-8. 

 

Elrod, Terry and Michael P. Keane (1995), “A Factor-Analytic Probit Model for Representing 

the Market Structure in Panel Data” Journal of Marketing Research, 32(1),1-16. 

 

Fader, Peter S. and Bruce G. S. Hardie (1996), “Modeling Consumer Choice Among SKUs,” 

Journal of Marketing Research, 32(November), 442–52. 



 

 

 

Fu, Xuemei and Zhicai Juan (2017), “Estimation of Multinomial Probit-Kernel Integrated 

Choice and Latent Variable Model: Comparison on One Sequential and Two Simultaneous 

Approaches,” Transportation, 44(1), 91–116. 

 

Fuchs, Christoph and Adamantios Diamantopoulos (2010). “Evaluating the Effectiveness of 

Brand-Positioning Strategies From a Consumer Perspective”, European Journal of Marketing, 

44(11), 1763–86. 

 

Gage, Suzi, (2015), “Diet Pepsi Has Dropped Aspartame in the US, So Why Not Anywhere 

Else?”, The Guardian, 29th April 2015. 

 

Geweke, John, Michael Keane, and David Runkle (1994), “Alternative Computational 

Approaches to Inference in the Multinomial Probit Model,” The Review of Economics and 

Statistics,76(4), 609–32. 

 

Graeff, Timothy R. (1997), “Comprehending Product Attributes and Benefits: The Role of 

Product Knowledge and Means-End Chain Inferences,” Psychology &Marketing, 14, 163–83. 

 

Gwin, Carol F. and Carl R. Gwin (2003), “Product Attributes Model: A Tool for Evaluating 

Brand Positioning,” Journal of Marketing Theory and Practice, 11(2): 30–42. 

 

Hauser, John and Patricia Simmie (1981), “Profit Maximizing Perceptual Positions: An 

Integrated Theory for the Selection of Product Features and Price,” Management Science, 27(1), 

33-56. 

 

Hayes, Andrew F. (2009), “Beyond Baron and Kenny: Statistical Mediation Analysis in the 

New Millennium,” Communication Monographs, 76(4), 408-420. 

 

Hayes, Andrew F. and Kristopher J. Preacher (2014), “Statistical Mediation Analysis with a 

Multicategorical Independent Variable,” British Journal of Mathematical and Statistical 



 

 

Psychology, 67(3), 451–70. 

 

Herrmann, Andreas, and Frank Huber (2000), “Value-Oriented Brand Positioning,” The 

International Review of Retail, Distribution and Consumer Research, 10(1) , 95 – 112. 

 

Hensher, David A., and Mark Bradley (1993), “Using Stated Response Choice Data to Enrich 

Revealed Preference Discrete Choice Models,” Marketing Letters, 4(2), 139–151. 

 

Hess, Stephane and John M. Rose (2012), “Can Scale and Coefficient Heterogeneity be 

Separated in Random Coefficients Models?” Transportation, 39(6), 1225–39. 

 

Hofstede, Frenkel Ter, Jan-Benedict E. M. Steenkamp, and Michel Wedel (1999), “International 

Market Segmentation Based on Consumer–Product Relations,” Journal of Marketing Research, 

36(February), 1–17. 

 

Hsee, Christopher K. (1996), “The Evaluability Hypothesis: An Explanation for Preference 

Reversals Between Joint and Separate Evaluations of Alternatives, “Organizational Behavior 

and Human Decision Processes, 67(3), 247–57. 

 

Huber, J. and Holbrook, M. (1979), “Using Attribute Ratings for Product Positioning: Some 

Distinctions Among Compositional Approaches,” Journal of Marketing Research, 16, 507-16. 

 

Hutchinson, J. Wesley, Wagner A. Kamakura, and John G. Lynch Jr. (2000), “Unobserved 

Heterogeneity as an Alternative Explanation for ‘Reversal’ Effects in Behavioral Research,” 

Journal of Consumer Research, 27(3), 324–44. 

 

Iacobucci, Dawn (2012), “Mediation Analysis and Categorical Variables: The Final Frontier,” 

Journal of Consumer Psychology, 4(22), 582–94. 

 

———, Neela Saldanha, and Xiaoyan Deng (2007), “A Meditation on Mediation: Evidence that 

Structural Equations Models Perform Better than Regressions.” Journal of Consumer 



 

 

Psychology, 17(2), 139–53. 

 

Jargon, Julie (2018) “McDonald’s Removes Artificial Ingredients from Burgers,” The Wall 

Street Journal, September 26, 2018. .  

 

Johnson, Lester W., Liane Ringham, and Kevin Jurd (1991), “Behavioural Segmentation in the 

Australian Wine Market Using Conjoint,” International Marketing Review 8(4), 26–31. 

 

Jöreskog, Karl G. and Arthur S. Goldberger (1975), “Estimation of a Model with Multiple 

Indicators and Multiple Causes of a Single Latent Variable,” Journal of the American Statistical 

Association, 70(351a), 631–9. 

 

Judd, Charles M. and David A. Kenny (1981), “Process Analysis Estimating Mediation in 

Treatment Evaluations,” Evaluation Review, 5(5), 602–19. 

 

Kamakura, Wagner A. and Gary Russell. (1989), “A Probabilistic Choice Model for Market 

Segmentation and Elasticity Structure,” Journal of Marketing Research, 25, 379–90. 

 

Kenny, David A. (2008), “Reflections on Mediation,” Organizational Research Methods, 11(2), 

353–8. 

 

Kim, Dong Soo, Roger A. Bailey, Nino Hardt, and Greg M. Allenby (2017), “Benefit-Based 

Conjoint Analysis”, Marketing Science 36(1):54–69. 

 

Kløjgaard, Mirja Elisabeth and Stephane Hess. (2011), “Understanding the Role of 

Practitioners’ and Patients’ Perceptions in Treatment Choices in the Face of Limited Clinical 

Evidence: A Hybrid Choice Model Approach,” Social Science & Medicine, 114, 138–50. 

 

Lilien, Gary L., and Arvind Rangaswamy (1998), Marketing Engineering: Computer-Assisted 

Marketing Analysis and Planning. Massachusetts: Addison-Wesley. 

 

Louviere, Jordan J., David A. Hensher, and Joffre D. Swait (2000), Stated Choice Methods: 



 

 

Analysis and Applications. London: Cambridge University Press. 

 

Lynch, James, Robert Carver Jr, and John M. Virgo (1996), “Quadrant Analysis as a Strategic 

Planning Technique in Curriculum Development and Program Marketing,” Journal of 

Marketing for Higher Education, 7(2), 17–32. 

 

MacKinnon, David P. and James H. Dwyer (1993), “Estimating Mediated Effects in Prevention 

Studies,” Evaluation Review, 17(2), 144–58. 

 

Marley, A.A and David Pihlens (2012), “Models of Best–Worst Choice and Ranking Among 

Multiattribute Options (Profiles)” Journal of Mathematical Psychology, 56(1), 24–34. 

 

Martilla, John A. and James, John C. (1977), “Importance–Performance Analysis,” Journal of 

Marketing, 41(1), 77–9. 

 

Maydeu-Olivares, Albert and Ulf Böckenholt, (2005), “Structural Equation Modeling of Paired-

Comparison and Ranking Data,” Psychological Methods, 10(3), 285–304. 

 

McFadden, Daniel (1986), “The Choice Theory Approach to Market Research”, Marketing 

Science, 5(4), 275–97. 

 

——— and Kenneth Train (2000), “Mixed MNL Models for Discrete Response,” Journal of 

Applied Econometrics, 15, 447–70. 

 

Mueller, Simone, Larry Lockshin, Yaelle Saltman, and Jason Blanford (2010), “Message on a 

Bottle: The Relative Influence of Wine Back Label information on Wine Choice,” Food Quality 

and Preference, 21(1), 22–32. 

 

Oppewal, Harmen, Jordan J. Louviere, and Harry JP Timmermans (1994), “Modeling 

Hierarchical Conjoint Processes With Integrated Choice Experiments,” Journal of Marketing 

Research, 31(1), 92–105. 



 

 

 

Paulssen, Marcel, Dirk Temme, Akshay Vij, and Joan L. Walker (2014), “Values, Attitudes and 

Travel Behavior: A Hierarchical Latent Variable Mixed Logit Model of Travel Mode Choice,” 

Transportation, 41(4) , 873–88. 

 

Preacher, Kristopher J. and Andrew F. Hayes (2004), “SPSS and SAS Procedures for Estimating 

Indirect Effects in Simple Mediation Models,” Behavior Research Methods, Instruments, and 

Computers, 36(4), 717–31. 

 

——— and Andrew F. Hayes (2008), “Asymptotic and Resampling Strategies for Assessing 

and Comparing Indirect Effects in Multiple Mediator Models,” Behavior Research Methods, 

40(3), 879–91. 

 

——— Derek Rucker, and Andrew Hayes (2007) “Addressing Moderated Mediation Hypotheses: 

Theory, Methods and Prescriptions,” Multivariate Behavioral Research, 42, 185–227. 

 

Rao, Akshay R., and Kent B. Monroe (1989), “The Effect of Price, Brand name, and Store 

Name on Buyers' Perceptions of Product Quality: An Integrative Review,” Journal of Marketing 

Research, 26(3), 351–357. 

 

Rogers, Peter J., Jo-Anne Carlyle, Andrew J. Hill, and John E. Blundell (1988) “Uncoupling 

Sweet Taste and Calories: Comparison of the Effects of Glucose and Three Intense Sweeteners 

on Hunger and Food Intake”, Physiology & Behavior, 43(5), 547–552. 

 

Steenkamp, Jan-Benedict, Hans Van Trijp, and Jos Ten Berge (1994), “Perceptual Mapping 

Based on Idiosyncratic Sets of Attributes”, Journal of Marketing Research, 31(1), 15–27. 

 

Swait, Joffre, Jennifer Argo, and Lianhua Li (2018). “Modeling Simultaneous Multiple Goal 

Pursuit and Adaptation in Consumer Choice,” Journal of Marketing Research, 55(3), 352–67. 

 

——— and Jordan Louviere (1993) “The Role of the Scale Parameter in the Estimation and 



 

 

Comparison of Multinomial Logit Models.” Journal of Marketing Research, 30(3), 305–14. 

 

Temme, Dirk, Marcel Paulssen, and Till Dannewald (2008), “Incorporating Latent Variables 

into Discrete Choice Models—A Simultaneous Estimation Approach Using SEM Software,” 

BuR-Business Research, 1(2), 220–37. 

 

Timmermans, Harry, Aloys Borgers, and Peter Van der Waerden (1991), “Mother Logit 

Analysis of Substitution Effects in Consumer Shopping Destination Choice,” Journal of 

Business Research, 23(4), 311–23. 

 

Train, Kenneth E. (2009). Discrete Choice Methods with Simulation, 2nd ed, London: 

Cambridge University Press. 

 

Urban, Glen L. and John R. Hauser (1993). Designing and Marketing of New Products, 2nd ed, 

New Jersey: Prentice Hall. 

 

Vriens, Marco and Frenkel Ter Hofstede (2000), “Linking Attributes, Benefits, and Consumer 

Values,” Marketing Research, 12(3), 4. 

 

Walker, Joan L. (2001), “Extended Discrete Choice Models: Integrated Framework, Flexible 

Error Structures and Latent Variables”, Ph.D., Massachusetts Institute of Technology. 

 

——— and Moshe Ben-Akiva. (2002), “Generalized Random Utility Model,” Mathematical 

Social Sciences, 43(3), 303–43. 

 

Zeithaml, Valerie A. (1988), “Consumer Perceptions of Price, Quality, and Value: A Means-End 

Model and Synthesis of Evidence,” Journal of Marketing, 52 (3), 2–22.  

 

Zhao, Xinshu, John Lynch, and Qimei Chen (2010), “Reconsidering Baron and Kenny: Myths 

and Truths about Mediation Analysis,” Journal of Consumer Research, 37(2), 197–206.



 

 

TABLE 1: COMPARISON OF HYBRID CHOICE MODEL STUDIES INVOLVING PRODUCT ATTRIBUTES 
 
   Formative Component (Stage 1)     

Exemplary studies Context 
Label of 

LVs 

Attributes 
of 

alternatives 
affect LV 

Same 
attribute 

affects 
multiple LVs 

Account for 
unobserved 

heterogeneity in 
attribute-LV 

path 

Correlation 
between 

LVs 

Reflective 
measure of 

LV 

Same 
attribute 

affects utility 
directly & 
indirectly 

Test of 
mediation 

          

Oppewal, Louviere, and 
Timmermans (1994) 

Marketing 
(retailing) 

Constructs Summative 
form only 

No No No Sub-tasks 
(DCEs; budget 

allocation) 
 

No No 

Ashok, Dillon, and Yuan 
(2002) 

 

Marketing 
(services) 

Attitudes No n.a. No  Ratings No No 

Walker and Ben-Akiva 
(2002) 
 

Transport Attitudes 
& values 

 

Some, 
but not all 

No No No Ratings Some, 
but not all 

No 

Danthurebandara, 
Vandebroek, and Yu (2013) 
 

 

Marketing 
(cell phones) 

Attitudes No n.a. No Causal Ratings No No 

Paulssen et al. (2014) 
 

Transport Values & 
attitudes 

No n.a. No Causal Ratings No No 

Arentze, Dellaert, and 
Chorus (2015) 
 
 

Transport Benefits   No No open-ended 
(mental maps) 

No No 

Kim et al. (2017) Marketing 
(cameras;B2B) 

 
 

Benefits  Not at 
individual level 

 No n.a. No No 

Swait, Argo, and Li (2018) Marketing 
(cameras) 

 
 

Goals   No No n.a. No No 

Our study Marketing 
(bread) 

 

Benefits     DCE-based   

 



 

 

TABLE 2: COMPARISON OF STUDIES INVOLVING DEVELOPMENT OF MODELS WITH MEDIATING LATENT VARIABLES 
 

  Indicator Items/Measures   

Exemplary studies Contribution/purpose 
Independent 
variable(s) 

X 

Mediating 
variable(s) 

M 

Dependent/ 
variable 

Y 
Multiple 

mediators 
Simultaneous 

estimation 
Judd and Kenny (1981) 

 
Describes process of mediation continuous continuous continuous   

Baron and Kenny (1986) 
 
 

Outlines conditions to test for complete and partial 
mediation 

continuous continuous continuous   

MacKinnon and Dwyer (1993) 

 
 

Method to standardize regression coefficients to 
correct scale differences for categorical variables 

continuous  
or binary 

continuous binary  

Preacher and Hayes (2004; 2008) 
 

Process to include multiple mediators continuous continuous continuous   

Preacher, Rucker and Hayes (2007) 
 

Process to include moderated mediating effects continuous continuous continuous   

Iacobucci, Saldanha and Deng (2007) 

 
Simulations to examine SEM or regression 
approaches under depending on multiple mediators 

continuous continuous continuous   

Diamantopoulos, Riefler and Roth (2008) 
 

Advancing formative measurement models continuous continuous continuous   

Zhao, Lynch and Chen (2010) 

 
Alternative process/conditions to test for mediation 
(no significant total effect) 

continuous continuous continuous   

Iacobucci (2012) 
 
 

Extensions to deal with binary mediators/DV continuous  continuous  
or binary 

continuous  
or binary 

  

Hayes and Preacher (2014) 
 
 

Process to include categorical independent variable multinomial continuous continuous   

Our study Introduce mediator with multinomial reflective 
indicator to model multinomial choice outcome 

Continuous or  
multinomial 

multinomial multinomial   

  



 

 

TABLE 3: TOTAL EFFECTS AND IMPACT OF ATTRIBUTES ON MEDIATORS (AGGREGATE RESULTS) 
 

  
Total 
Effect 

Perceived Benefits Total Indirect Direct 

  ’ αHealth αValue (αHealth (αValue 
Abbott’s  .086***  .228*** -.081***  .072*** -.027***  .040       
Helga’s  .384***  .514***  .090***  .163***  .029***  .190*** 
Tip-Top -.142*** -.198*** -.126*** -.062*** -.041*** -.039**  
MightySoft -.215*** -.199*** -.267*** -.063*** -.087*** -.064**  
Supermarket brand -.112*** -.346***  .384*** -.109***  .125*** -.127*** 
Wheat (white)  .036       -.292***  .117*** -.092***  .039**   .090*** 
Wholemeal wheat  .408***  .357***  .393***  .113***  .128***  .167*** 
Unbleached wheat (white)  .047**  -.162***  .117*** -.051***  .038***  .059*** 
Unbleached wholemeal wheat  .277***  .365***  .373***  .116***  .122***  .040       
Gluten free -.767*** -.269*** -.999*** -.086*** -.326*** -.355*** 
Traditional stone-milled  .055**   .106*** -.019        .033*** -.006        .029       
Low GI  .058**   .127***  .001        .040***  .000        .018       
High fiber   .064***  .141***  .009        .045***  .003        .017       
No added sugar  .005        .108***  .042**   .035***  .014**  -.042*    
Low salt  .000        .100*** -.039**   .032*** -.013**  -.019       
98% Fat Free -.009        .085*** -.009        .027*** -.003       -.033       
Enriched omega 3  .040*     .095***  .045**   .030***  .014**  -.004       
No flavors etc.  .038*     .194***  .043**   .062***  .014**  -.037*    
Low carb  .023        .079*** -.004        .025*** -.002        .000       
No seeds  .035       -.131*** -.051*** -.041*** -.017***  .093*** 
Mixed seeds (with linseed)  .052**   .079***  .014        .025***  .004        .021       
Mixed seeds (with pumpkin) -.052**   .073*** -.041**   .023*** -.013**  -.061*** 
Mixed seeds (with poppy) -.034       -.022        .078*** -.007        .026*** -.053*** 
No grains -.030       -.153*** -.039**  -.048*** -.013***  .032       
Mixed grains -.011        .032**   .029*     .011**   .009**  -.030       
Mixed wholegrain  .040*     .121***  .011        .038***  .003       -.002       
Added niacin, vitamins E & B6 -.027        .104***  .005        .033***  .002       -.062*** 
Zinc and iron  .025*     .106***  .018        .034***  .006       -.015       
Expires in 1 day  -.223*** -.076*** -.097*** -.024*** -.032*** -.168*** 
Expires in 3 days   .027        .024       -.009        .007       -.003        .023       
Expires in 5 days (i.e., fresher)  .197***  .052***  .105***  .017***  .035***  .145*** 
Size (per 100g)  .124***  .054**   .281***  .017*     .091***  .016       
Price ($) -.338***  .014       -.911***  .004       -.298*** -.050       
    Health Value       
Impact of mediator on choice (βm

)    .318***  .326***       
Correlation between mediators (HV)      .590***       

Significant terms indicted by */**/*** for effects are .10/.05/.01 levels. 

 
  



 

 

TABLE 4: TOTAL EFFECTS AND IMPACT OF ATTRIBUTES ON MEDIATORS — TWO PREFERENCE CLASSES 
 

 Segment 1 (59%)  Segment 2 (41%)
 Total Perceived benefits Total indirect Direct  Total Perceived benefits Total indirect Direct 
  ’ αHealth αValue (αHealth (αValue   ’ αHealth αValue (αHealth (αValue 
Abbott’s  .052*     .318*** -.281***  .092*** -.083***  .043         .137***  .100***  .068**   .067***  .000        .069*** 
Helga’s  .143***  .400*** -.353***  .115*** -.104***  .130***   .721***  .704***  .490***  .477***  .003        .240*** 
Tip-Top -.152*** -.290*** -.361*** -.083*** -.107***  .038*     -.135*** -.079***  .053*    -.053***  .000       -.082*** 
MightySoft -.084*** -.149*** -.326*** -.043*** -.096***  .055**   -.388*** -.247*** -.220*** -.168*** -.001       -.220*** 
Supermarket brand  .041       -.279***  1.321*** -.080***  .389*** -.266***  -.335*** -.477*** -.390*** -.324*** -.002       -.007       
Wheat (white)  .209*** -.284***  .522*** -.082***  .154***  .137***  -.163*** -.289*** -.095*** -.194*** -.001        .031       
Wholemeal wheat  .395***  .307***  .531***  .088***  .156***  .151***   .504***  .426***  .479***  .289***  .003        .212*** 
Unbleached white  .150*** -.159***  .470*** -.046***  .139***  .056        -.090*    -.192*** -.169*** -.131*** -.001        .041       
Unbleached w/meal  .371***  .385***  .655***  .111***  .193***  .068***   .151***  .350***  .244***  .237***  .002       -.086*** 
Gluten free -1.125*** -.249*** -2.177*** -.072*** -.642*** -.411***  -.402*** -.294*** -.459*** -.200*** -.003       -.198*** 
Trad. stone-milled  .047**   .111*** -.041*     .032*** -.012*     .027         .077**   .104***  .047*     .071***  .000        .006       
Low GI  .069***  .138*** -.075***  .040*** -.022***  .050**    .035        .117***  .046*     .079***  .000       -.045*    
High fiber   .068***  .137*** -.060**   .039*** -.018***  .047**    .066**   .150***  .080***  .103***  .000       -.037       
No add sugar  .044*     .135***  .017        .039***  .005       -.002        -.038        .080***  .079***  .054***  .000       -.093*** 
Low salt  .053**   .121*** -.088***  .035*** -.026***  .044*     -.065**   .077***  .033        .052***  .000       -.117*** 
98% fat free  .000        .059**  -.107***  .017**  -.032***  .014        -.022        .143***  .079***  .097***  .000       -.120*** 
Enriched omega 3  .034        .139***  .067***  .040***  .020**  -.028         .049*     .043        .051**   .030        .000        .020       
No flavors etc.  .051**   .219*** -.042*     .063*** -.012*    -.001        -.001        .161***  .094***  .110***  .001       -.111*** 
Low carb  .037        .084***  .002        .024***  .000        .010         .008        .099***  .032        .068***  .000       -.060**  
No seeds  .049**  -.178*** -.077*** -.051*** -.022***  .123***   .020       -.072*** -.043*    -.048***  .000        .068*** 
with Linseed  .073***  .080***  .017        .023***  .005        .045**    .023        .065*** -.014        .044***  .000       -.021       
with Pumpkin -.016        .111*** -.031        .032*** -.009       -.038*     -.081***  .036        .016        .024        .000       -.104*** 
with Poppy -.106*** -.013        .091*** -.004        .027*** -.129***   .037       -.029        .041*    -.020        .000        .057**  
No grains -.074*** -.241*** -.057*** -.070*** -.017***  .012         .026       -.054**  -.024       -.037**   .000        .064*** 
Mixed grains -.022        .057***  .057***  .017***  .017*** -.054***  -.007        .005        .026        .004        .000       -.011       
Mixed wholegrain  .095***  .184*** .000        .053*** .000        .042**   -.019        .050**  -.001        .034**   .000       -.053**  
Niacin, vit. E & B6 -.016        .141***  .011        .041***  .004       -.060***  -.036        .052**   .000        .034**   .000       -.070*** 
Zinc & iron  .016        .152***  .048**   .044***  .014**  -.042*      .033        .039*     .000        .027*     .000        .007       
Expires in 1 day  -.299*** -.060*** -.188*** -.017*** -.056*** -.227***  -.139*** -.086*** -.081*** -.058*** -.001       -.081*** 
Expires in 3 days   .091***  .012        .050**   .004        .015**   .073***  -.051*     .026       -.044*     .018        .000       -.068*** 
Expires in 5 days   .209***  .048**   .139***  .014**   .041***  .154***   .190***  .060***  .125***  .040***  .001        .148*** 
Size (per 100g)  .172***  .054*     .610***  .016*     .180*** -.024***   .066***  .054**   .077***  .037**   .001        .029*** 
Price ($) -.539*** -.020       -2.152*** -.005       -.634***  .102        -.188**   .049       -.091**   .033       -.001       -.221**  
    Health Value         Health Value    
Mediator impact (βm)   .287***  .295***         .678***  .004     
Correlation (HV)      .269**           .865***    

 Significant terms indicted by */**/*** for effects are .10/.05/.01 levels. 

 
 



 

 

TABLE 5: SOCIO-DEMOGRAPHICS AND BUYING BEHAVIOR OF LATENT SEGMENTS 
 

Segment 1 Segment 2 Test of Difference 
Individual-level measure Mean^ Mean p-value 
Female 52% 48%     .499 
Age (years) 53 52     .408 
Shops at least once per week 46% 56%     .094* 
Regularly purchases gluten-free bread 1% 14%     .000*** 
Regularly purchases sourdough bread 15% 23%     .088* 
Has to consider selection carefully 38% 49%     .100* 
Buys more than one loaf per trip 58% 44%     .029** 

^ Represents mean proportion or numeric mean of measure; Significant terms indicted by */**/*** for effects are .10/.05/.01 levels. 

 
TABLE 6: MODEL FIT COMPARISONS 

  Base^ Model I Model II Model III Model IV Model V 
Outcomes model reports on: - Choice Benefits & Choice Choice Benefits & Choice Benefits & Choice 

Heterogeneity based on: - None None Preference (') Model III All parameters 
Estimated terms: - '  '   ns

       

       

Product Choices:             LL -1933.558 -1564.29 -1564.60~ -1304.78 -1302.12~ -1510.60 
HRI .333 .407 .408 .500 .505 .427 

HRO .333 .408 .409 .457 .457 .414 
       
       

Perceived Benefits:         LL -3867.115 - -2997.39 - -2893.71 -2666.59 
HRI  .333  - .426 - .456 .496 

HRO .333 - .430 - .432 .462 
       
       

Joint outcomes:               LL -5800.673 - -4236.32 - -3940.62 -3805.59 
HRI .037 - .112 - .145 .149 

HRO .037 - .112 - .126 .134 
Note: ^ The base case refers to predicting JM perceived benefit outcomes and J choice outcomes in each set. Joint outcomes refers to (JM+1) observable outcomes.  
~Model I and II are equivalent in predicting choices (without preference heterogeneity); Model III and IV are equivalent in predicting choices (segments based on Model III).  
LL = log-likelihood of model; HRI= probabilistic hit rate for in-sample sets; HRO= probabilistic hit rate for hold-out sample. 

  



 

 

FIGURE 1: STRUCTURAL MODELS OF CHOICE (ADAPTED FROM McFADDEN 1986) 

 



 

 

FIGURE 2: EXAMPLE OF RATING-SCALE BASED ON REFLECTIVE MEASURE OF LATENT PERCEPTIONS 

  



 

 

FIGURE 3: EXAMPLE DCE-BASED REFLECTIVE MEASURE OF LATENT PERCEPTIONS 

Option A Option B Option C

Brand: Helgas Tip Top MightySoft

Flour type: Wheat (White)
Unbleached 

Wheat (White)

Wholemeal 

Wheat

Product claim: Low GI High Fibre No add sugar

Enriched Omega 3
No artificial 

flavors
High Fibre

Seeds No seeds
Mixed seeds (with 

Linseed)

Mixed seeds (with 

Pumpkin)

Grains No grains Mixed grains Mixed grains

Added Vitamins Vitamins E & B6
No added 

vitamins
Vitamins E & B6

Minerals Zinc and Iron
No added 

minerals
Zinc and Iron

Expiry date
Expires 1 day from 

now

Expired 3 days 

from now

Expired 5 days 

from now

Size 650g 700g 800g

Price $3.20 $3.40 $3.40

Which of the above represents the healthiest  option?
[ ] A [ ] B [ ] C

Which of the above represents the best value for money?
[ ] A [ ] B [ ] C
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FIGURE 4: COMPARISON OF MEDIATION MODELS 
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FIGURE 5: RELATIVE PERCEIVED POSITIONING OF BRANDS AND FEATURES (VALUE VERSUS HEALTH) 
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Supermarket Bread

White bread
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No added sugar

Low salt

98% Fat Free
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No colours
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No seeds
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Expires in 5 days
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Higher Perceived Healthiness
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(αValue)


