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Cue versus independent food attributes: the effect of adding attributes in

choice experiments

Abstract:

We examine the effects of adding an independent food attribute on consumers’ willingness to
pay estimates for both cue and independent food attributes. In three separate choice
experiments, a cue attribute present along the entire sequence of choices had independent
food attributes enucleated and made explicit from the cue at later stages. Logit models were
estimated using (1) a complete panel approach; (2) error components; and (3) utility in WTP
space. Results suggest that the way a subject processes food attributes depends not only on
the design dimensions but also on food attributes’ functional roles. When complexity of
designs increases, models that account for different sources of heterogeneity have better fit to

the data.

Key words: choice experiment, choice design complexity, cue and independent food

attributes; complete panel data approach, willingness to pay.
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1. Introduction

Choice experiments (CEs) have been widely employed in several fields of applied economics
such as transportation, market research, health, and environmental economics, amongst
others. Despite the potential scope for hypothetical bias (Lusk 2003a), its use has recently
increased in consumer food choice studies, especially to investigate behavioral issues on food

choice processes (Balcombe and Fraser 2011).

A key challenge in designing food CEs is how to frame experimental choice tasks in a
manner that closely resembles respondents’ true purchasing behavior. To reflect the
increasing number of differentiated food products, CEs should feature product profiles that
differ in many dimensions and attribute types. However, while the use of multiple-food
attributes in choice tasks can increase choice realism, it can also complicate respondent’s
tasks. For this reason, practitioners typically design CEs only using a limited number of food
attributes. A potentially serious weakness of this approach is that experimentally designed
attributes are assumed to be independent of other omitted attributes that could be also
available in the real product and relevant for consumer choice. Hence, the marginal
willingness to pay (WTPs) for any attribute is implicitly considered as a value that is
invariant to design dimensions. Nevertheless, if the WTP for a specific attribute depends on
the number of pre-existing attributes on the product (Lusk 2003b), then the information
garnered from CE studies may inaccurately reflect actual consumer purchase decisions (Lusk

2003b; Gao and Schroeder 2009), leading to biased estimates and incorrect forecasts.

In this paper, we focus on a recent and crucial debate in food CEs; i.e., the one
concerning the effects of adding “independent” food attributes to choice tasks on the
robustness of marginal WTP estimates of “cue” attributes (Gao and Schroeder, 2009,

henceforth GS). Studying how survey respondents process cue and independent attributes has
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emerged as an important area of investigation because of the different functional roles of cue

and independent attributes in choice behavior.

A ‘cue’ attribute (e.g., country of origin) is described as one that embeds in its levels
some degree of information about the levels of other quality attributes not directly observed
by the decision maker'. In other words, the levels of a ‘cue’ attribute may serve to convey
information about otherwise unobservable attributes (Lusk et al. 2014) 2. For example, the
country of origin or even the district of production of a food product may be perceived by
consumers as providing additional information, which might not be explicitly detailed in the
product’s description (Verlegh, Steenkamp and Meulenberg 2005), perhaps due to reputation
effects (Scarpa, Thiene and Marangon, 2008). Hence, with more attribute information
provided about the food product, the cue attribute might lose some of its role as a proxy for
overall quality. An ‘independent’ attribute, on the other hand, relates to the physical aspects
of the product, whose information stands alone, irrespective of other food quality
information, as it is commonly perceived to embed no further cues. For example, beef
leanness is not generally associated with additional attributes of a steak, and it is hence

considered an independent attribute. Thus, the value that consumers attach to an independent

' The information processing literature associates the word “cue” with two informational
elements: the type of information examined (i.e., ‘the content’) (e.g. Jacoby, Speller and
Berning 1974) and the amount of information sought (i.e., ‘the depth’) (Bettman, 1979).
Hence, quality cues, also referred to as “chunks” (Simon, 1974), may provide more saliency
and meaning that could then produce relative attribute dominance relations within
information sets (Jacoby Olson and Haddock 1971).

2Hamlin (2010) also offers deeper insights into how cues are utilized and how they operate in

a decision process.



63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

attribute should be “independent” from the value attached to other attributes, especially when
those attributes are not direct substitutes for it. However, during a CE study, the degree to
which consumers use food attributes (both independent and cue) as quality cues might also
depend on the number of attributes presented to them. For instance, given a sufficiently small
set of attributes, even the "leanness of meat" might be perceived by some consumers as
having a cue component for other attributes. So, a clear separation between cue and
independent food attributes depends on context and is inherently subjective.

The issue about the sensitivity of CE estimates to changes in the structure of design
dimensions (e.g., number and types of attributes; differences in levels, etc.) has attracted
much interest. A number of studies have evaluated the effects of varying attribute information
load on WTP estimates in the fields of transportation (DeShazo and Fermo 2002; Arentze et
al., 2003; Hensher 2006a,b) and environmental economics (Meyerhoff, Oehlmann and Weller
2014). Results from these studies generally suggest that (i) welfare measure estimates such as
WTPs are affected by the dimensionality of the experimental design, and that (ii) individuals’
processing strategies are linked not only to the dimension of CE designs but also to the
functional relationship between attributes in the choice set (Hensher 2006a).

So far, only the study by GS has analyzed this issue in the context of food choice.
Crucially, GS addressed the effect on the stability of WTP estimates for cue attributes when
an independent attribute, previously embedded in the cue attribute, was enucleated from this
and added as an explicit food descriptor. Using steak as the product of interest, the authors
argued that if more information on other product attributes is provided to respondents (e.g.,
an attribute such as Guaranteed Tender), then presenting a cue attribute (e.g., Certified U.S.
Product) may provide a weaker signal for overall product quality or for information about
other attributes. To test these hypotheses, they constructed two CE surveys with different

attribute numbers (one with three and four attributes, and the other one with four and five
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attributes). In each of the surveys, respondents were presented with a sequence of choice
tasks split into two halves. GS then estimated separate choice models on data from the first
and second halves of the sequences. Using the estimated marginal WTPs from a random
parameter logit model, they then tested the null of no difference in WTPs between the first
and second sequence for each choice experiment. Their findings suggest that the sensitivity of
WTP estimates to changes in the label information was higher for attributes that are likely to
provide quality cues on other missing attributes (cue attributes such as Certified U.S.) than for
those which are less likely to do so (independent attributes e.g. Guaranteed Tender). They
found that the marginal WTP estimate for Certified U.S. Product attribute decreases when the
number of attributes increases from three to four, and it increases when the number of
attributes increases from four to five.

Given that GS is the only study so far that has analyzed this important issue within the
context of food choice, further investigation appears to be warranted to test the robustness of
their crucial findings. This study extends the investigation of GS. To ease comparison across
studies, we focus on the same product—steak—and a similar set of cue and independent
attributes as used by GS in their first set of surveys. However, our empirical strategy differs
from the one used by GS in a number of ways to tackle a number of unresolved
methodological and behavioral questions related to the choice of model specification and
design dimensions. One of the most formidable challenges in analyzing the effects of
information load on WTP estimates due to changes in design dimensions concerns the length
of the choice panel. Accordingly, we first propose an econometric approach based on the
permanence of the random coefficients along the entire panel of choices by the same
respondent. In this regard, we note that previous random utility coefficients analyses were
conducted using separate models for the first and second part of the choice sequence,

respectively, without and with the independent attribute (GS). This approach ignores the
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dependence between attribute coefficient values for the same individual in the two sequences.
Since the respondent is the same in both sequences, the choices made by the same respondent
are coherently correlated because they share idiosyncratic randomness across the utility
evaluation of the attributes. By splitting the choice sequence, the information collected in the
first part is not incorporated in the analysis of the second part. It is as if the process had no
memory of the choices collected in the first part once it gets to the second part.

Second, we account for different sources of intra-panel variation between the two
choice sequences. In this application, systematic effects associated with choices in the second
half may show up as welfare effects, thereby confounding the effect of position in the
sequence with the effect due to the inclusion of new independent attributes. For instance,
differences in choice complexity produced by the addition of independent attributes can
affect respondents’ learning and fatigue (Swait and Louviere 1993; Caussade et al., 2005;
Carlsson, Frykblom, and Lagerkvist 2007; Carlsson, Markbak and Olsen 2012; Day et al.,
2012; Hess, Hensher and Daly 2012). The scale of the Gumbel error may well change
between the two sequences due to other reactive factors, such as engaging in coping
mechanisms used by respondents to handle the additional cognitive effort (e.g., attribute
processing heuristics) (Hensher 2006a). Ignoring the possible combined and simultaneous
existence of these effects of taste permanence, scale change, and coping heuristics could lead

to biased parameter estimates and hence to erroneous interpretation and policy conclusions.

Finally, we estimate all our choice models with utility always specified in WTP-space
(Train and Weeks 2005), rather than in preference-space and introduce an error component
(EC) for every alternative different from the no-buy option to address heteroskedasticity

across the buy and no-buy options.
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2. Theoretical framework

Let us assume that there is a complete set of attributes x; that fully describes the utility of food
choice i and that the usual assumptions on the unobservable e; and on additive utility hold.
Then U; = B'x;+e;. However, to avoid issues such as overloading respondents, only a sub-set
x° of the independent attributes can be used in a choice experiment. So that x is portioned into
X® (set of attributes included in the CEs) and x© (complement set of attributes excluded from
the CEs) and the complete utility is U; = Bx5+p*'x “+e;. The complement set x° of excluded
attributes may include some for which some attributes in x° has a “cue component”. This
implies that to some respondents x° signal some values that pertain to attributes in x, even
though these are excluded from the CE. That is, some respondents in the CE evaluate the
utility as U;” = BOX5+0'X5+e; = [0'+B%] xCi+ei = B°X i+ei, where the vector 0 represents the
contribution to utility that cue attributes in x° signal with respect to the utility value of
independent attributes in p'x°. This makes p¢ different from the desired estimate of B°. As a
consequence, the estimated marginal utility and WTP of cue attributes in x° will also differ.
As discussed earlier, food CEs can be designed using cue and independent attributes. Denote

x* as a cue food attribute and x° as an independent attribute potentially associated with cue

AWTP _ QWTP

—— = o |x". In other

attribute x*. The general expectation in choice modeling is that

words, the marginal willingness to pay for attribute a should be invariant to the presence or
absence of attribute b. If this were not the case, and a different marginal WTP is elicited for
cue attributes when an independent one is specified, then the WTP estimates for the cue
attributes would be contingent on information and hence would be invalid, or only

conditionally valid. GS find evidence of such invalidity in their experiments.
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3. Experimental procedures and survey designs

In order to test the hypothesis of a constant consumer marginal WTP for the cue attribute
across varying degrees of independent attribute information, we repeat the two experiments
conducted by GS (experiments A and B). But we also add a third experiment (C) to further
increase the amount of attribute information offered in the CEs, which have a nested and
incremental information structure.

All respondents were randomly assigned to one of three experiments. All experiments
employ two CEs: CE1 that constituted the first half of the choice task sequence and CE2,
which constituted the second half and included one additional independent attribute missing
in CEL. Both CE1 and CE2 had 8 choice tasks, for a total sequence of 16 choices. Experiment
A includes three attributes (e.g., Certified U.S., Guaranteed Tender, and Price) in the first
half of the sequence (A1) and four attributes in second half of sequence (e.g., Certified U.S.,
Guaranteed Tender, Guaranteed Lean, and Price)(A2). Experiment B includes the same set
of attributes used in A2 in the first half of the sequence (B1) and five attributes in second
sequence (e.g., Certified U.S., Guaranteed Tender, Guaranteed Lean, Sell-By Date, and
Price). Experiment C includes the same set of attributes used in B2 in the first half of the
sequence (C1) and six attributes in the second sequence (C2) (.g., Certified U.S., Guaranteed
Tender, Guaranteed Lean, Sell-By Date, Enhanced Omega-3 fatty acids, and Price). The
profile of the CE studies and the attributes levels included in the experiments are reported in

Table 1.
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Tablel. Attributes and Levels in the Choice Experiment across Experiments

Attributes (attribute levels) Experiment Experiment Experiment
A B C

Al A2 Bl B2 Cl C2

Price ($4.64;$6.93; $9.22; $11.50) \ \ \ \
Certified U.S. Product(absent/not absent)

Guaranteed Tender (absent/not absent )

Guaranteed Lean (absent/not absent)

Days before Sell-by Data (2 days; 8 days)

Enhanced Omega-3 fatty acids (absent/not
absent)

Previous research indicates that experimental designs used in CE studies can
significantly affect the efficiency of the final WTP estimates (Lusk and Norwood 2005).
According to Scarpa, Campbell, and Hutchinson (2007) amongst others, increased estimation
accuracy at given sample sizes can be achieved by adopting a sequential experimental design
that progressively and iteratively optimizes some efficiency criterion. In this study, the
allocation of the attribute levels was designed using a sequential experimental design with a
Bayesian information structure geared to the minimization of the expected Dy-error (Scarpa
Campbell and Hutchinson 2007; Ferrini and Scarpa 2007; Scarpa and Rose 2008), which is

the expectation of the determinant of the asymptotic variance covariance matrix of the
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estimated parameters. Such expectation is computed by simulation on the basis of some prior
(i.e. prior to the knowledge of the survey results) distributional assumptions. Hence, our
design is developed in three sequential steps, each of which was designed to enrich the prior
knowledge of such distributions. In the first step, we used as priors the estimates of a
Multinomial Logit Model (MNL) from a survey conducted in 2009 to generate the two
designs with 8 choice tasks each for experiment A (with three and four attributes,
respectively) and for experiment B (with four and five attributes, respectively). For
experiment C, the design with 5 attributes has 8 choice tasks while the design with 6
attributes requires 16 choice tasks to ensure complete identification of main effects. These are
divided into two blocks of eight, each randomly assigned to respondents so as to have the
same total length of the choice sequence per respondent as in the other experiments. The
second step was the pilot study, which was performed in December 2013 and this provided
the parameter values for the priors necessary to generate the final Dy-optimal choice design

for the experiments.

Overall, (i) each design includes eight choice sets, and (ii) in each experiment,
respondents are faced with 16 choice tasks, produced by combining 2 designs of 8 choice
tasks each. In each choice task, respondents choose between three alternatives: two different
beef steak profiles and the “no buy” option. As in GS, in order to avoid fatigue effects
associated with multiple scenario valuation tasks, questions regarding respondent
demographic characteristics were asked between the two halves of the sequence. Finally, in

each experiment, the order of the CE questions was randomized.

10
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4. Estimation Techniques

In our specific context, additional information about independent food attributes is made
available to respondents only in the second half of the choice sequence. Hence, the panel
structure of the estimator requires some adjustments. The additional attribute would explicitly
address the information that might have been conjectured by some respondents as being
embedded in the cue attribute in the first half of the sequence. As discussed, such an addition
does not warrant separating the choice sequence into two halves and fitting two independent
models to data from each half of the sequence. By the time the respondents reached the
second half of the sequence, they would have achieved a certain degree of familiarity with the
choice task and would have learned their tradeoffs with respect to the core set of attributes. A
separate panel model fitted only to the second half of choices would not account for this
effect since it would not account for the information collected on the individual distributions
of taste coefficients in the first half. We posit that a more adequate formulation of the panel
estimator must recognize the correlation structure of individual preferences between choices

by the same respondent along the entire sequence of observed choice outcomes.

There are further considerations to make. For instance, the introduction of additional
framing information is known to modify the degree of respondent’s certainty in the
evaluations of the utilities associated with each alternative, the so-called preference
discrimination (Swait and Erden 2007). This might have an effect on the scale parameter of
the Gumbel distribution, which is inversely proportional to the Gumbel error variance,
inducing more determinism (discriminatory power across alternatives). The signal-to-noise
ratio may therefore be modified (shifted) between the first part and the second part of the
sequence. The scale of noise may be increased by making choice more stochastic (due to, for
example, increased complexity of choice or fatigue) or more deterministic, hence increasing

the ability of respondents to discriminate their preference due to learning (Swait and

11
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Adamowicz 2001; DeShazo and Fermo 2002; Caussade et al., 2005; Swait and Erden 2007;

Fiebig et al. 2010; Daly, Hess and Train 2012).

Next, there is cumulative evidence that utility variance differs between those alternatives
that vary systematically across choice tasks due to the experimental design and those that
remain the same across all choice tasks in the sequence, such as the “no-buy” option (Scarpa,
Ferrini and Willis 2005; Hess and Rose 2009; Caputo, Nayga and Scarpa 2013). The former
are subject to substantially higher utility variance as they are subject to new conjectures at
each new choice task. Such conjecture, of course, may also involve the exact degree of
embedding of independent attributes into the levels of cue attributes. An efficient way to
selectively increase utility variance and induce correlation is to use a shared error component
shared by the utilities of experimentally designed alternatives which involve some degree of

common conjecture.

Given the above considerations, an adequate test of the effect of introducing an
additional independent attribute on the marginal WTP of cue attributes can only be achieved

by simultaneously addressing the following issues:

(i) adopting a complete panel approach in the random taste parameters to preserve
the real panel nature of the entire sequence of food choices by the same
respondent;

(i) allowing the scale parameter of the error to be different when new independent
attribute information is introduced in the label (namely in the last part of the
food choice sequence in our study); and

(i) accounting for additional covariance in the experimentally designed food

profiles.

12
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A final consideration concerns the potential lack of definition of the second central
moments of the implied distribution of the ratio of two random coefficients. It is undesirable
to assume a random utility structure that may imply, depending on the estimation outcomes,
WTP distributions with infinite variance or implausibly “fat” tails, so as to ease inference.
Random utility specified in the preference space with random attribute and cost coefficients
often produces these problems in marginal WTP estimates (see Train and Weeks 2005,
Scarpa, Thiene and Train 2008; Daly, Hess and Train 2012; Carson and Czajkowski 2013).
While assuming a fixed cost coefficient gets around this problem, it implies a constant
marginal value of money across respondents. Random utility in the (marginal) WTP-space
overcomes all these shortcomings and it is undoubtedly a more appropriate approach when
comparisons across treatments are made and avoids issues of scale effects present in marginal
utilities (e.g., preference space). Therefore, in this study, all the models are specified in WTP-

Space®,

5. Econometric Model Specifications

*We also estimated choice models with utility specified in preference-space rather than
WTP-space to test whether adding an independent attribute during the second half of the
choice sequence causes significant effects on price coefficient estimates across all
Experiments (A, B, and C). No effects were found (result are available from the authors upon
request). As in Monroe (1976), this might be due to the presence of: (i) independent attribute
information (e.g., Guaranteed Tender, etc.), (ii) no-price cue information (Certified U.S.

label); and (iii) the no-buy option in our CE surveys.
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We estimated two econometric models (i.e., Models 1 and 2 reported in the results section).
The benchmark specification (i.e., Model 1 reported in the results section) is an Error
Component model in WTP-space only accounting for correlation across WTPs, which
represents the baseline model. The second specification (i.e., Model 2 reported in the results
section) is an Error Component model in WTP-space accounting for correlation across WTPs
and for both scale and marginal WTP shifters (i.e., models accounting for (i), (ii), and (iii)
discussed above). Another advantage of the WTP-space framework is that it produces
coefficients with a familiar and intuitive (OLS-like) interpretation for differential effects from
dummy variables. These are denoted by A and they represent the effects on marginal WTP for
attributes emerging from observed choices, after the independent attribute is included in the
choice context in the second half of the sequence in each experiment, i.e., from t=9,...,t=16.
The definition of the utility function for the generic steak alternative j across all experiments

is as follows:

ant = ant + Sjnt = eXp(Tn + 6152) X

[(w1n + A11s2)US Certified;; +

(20 + A2ls2) Tender; +

(1s2x1a+ 1g+ 1c) (w30 + Aslsp) Lean; +

(1s2%1g + 1c) (wan + A4lsp) Days before Sell-by +

(1s2%1c) (wsn + Aslsy) Omega +

- pricejrt Lj(nn)] + gjnt 1)

where Vi is the indirect utility function; 1; (') is an indicator function that takes the value of 1

for experimentally designed food profiles; 1s() is a dummy variable indicator for the second

14
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choice sequence; 1a(), 1s(), and 1c() are mutually exclusive dummy variables indicators for
experiments A, B and C; 7, is the common scale factor; win is the coefficient of the estimated
WTP values; 6and A denote the effects of the second half of the sequence (i.e., that with the
additional label information), respectively on the scale factor and on marginal WTP, and
finally 7y is a respondent-specific idiosyncratic error component associated only with the

conjectured purchase alternatives (e.g., excluded from the no buy option).

In the above specification, the vector of random marginal WTPs for the attributes is:

W1n
( 5 )“’N[M,E] 2)

W5y

where the elements of X are to be estimated from the Cholesky matrix* along with the means
in u by using the maximum simulated likelihood approach and the choice data. The 7
coefficients of the scale factor are also assumed to be distributed multivariate normal across
respondents and are hence sub-scripted with n, while the effects on the scale factor of higher
level of product information ¢ are fixed. Positive values of estimated o are consistent with
higher scale and hence more deterministic choice after the introduction of the independent
attribute, while negative values suggest more stochastic choices (a higher noise-to-signal
ratio). The exponential transformation makes the multiplicative scale/price coefficient factor
strictly positive as required. The unobservable utility components denoted by & are assumed

to be i.i.d. Gumbel distributed.

In the estimation, for all the experiments (A, B, and C) and conditional on the

respondent’s draw of the random vector of parameters in V,, the panel structure for the entire

* Cholesky matrix estimates are available upon request.
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sequence of 16 choices in each of the surveys is specified to have a joint choice probability

of:

ernt
— (3)

Yie int

L, = Pr(ynl, *** Yn8,Yno, "'ynlﬁ) = HEEF

The unconditional distribution is simulated by using R=1000 Halton draws as:
Ly=3Xf1Lh (4)

All models are estimated using Biogeme (Bierlaire 2003) where the log of the
simulated likelihood for the sample is maximized using the CFSQP algorithm (Lawrence,
Zhou and Tits 1997), which is suitable for functions with several local maxima. The stability
of the maximizers p and X was checked using a variety of starting values. In all the EC model
specifications, the price, which is treated as a continuous variable, refers to a 12-ounce steak;
the rest of the qualitative attributes such as Certified U.S., Tender, Lean, Sell-By Date, and
Enhanced Omega-3 fatty acids are included in the model as dummy variables. Discrete
choice models are defined on utility differences. Thus, it does not matter what value is
assigned to the omitted attributes. As long as they are the same across all choice alternatives,
they will have no influence on choice probabilities because they imply no difference in
utility. Accordingly, the omitted attributes (e.g., Lean, Sell-buy, and Enhanced Omega-3 fatty
acids in the first sequence of choice of Experiments A, B, and C respectively) are, for

simplicity, coded as zero.
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6. Data and Results

6.1 Sample characteristics and statement of attribute attendance

A national sample of US consumers (i.e., people who have bought beef steak in the last 3
months) was randomly recruited through an email invitation by a professional market
research agency (Qualtrics) and then randomly assigned to the three CE experiments (A, B,
and C). A total of 201, 183, and 208 respondents completed Experiments A, B, and C,

respectively. Results are reported in the supplementary materials (Table S1).

4.2 WTP-space estimates

Tables 2 reports WTP-space estimates for Experiment A, B, and C.

17
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Table2. Estimates of EC models in WTP space of Experiment A (with three and four attributes), Experiment B (with four and five

attributes), and Experiment C (with five and six attributes) (standard errors)

Experiment A

Experiment B

Experiment C

WTP parameters

No-Buy

z(n)

US Certified

Tender

Lean

Coeff.

Mean

St.dev.

Mean

St.dev.

Mean

St.dev.

Mean

St.dev.

Model 1 Model 2 Model 1 Model 2 Model 1 Model 2
-6.32%** -7.90%*** =12 .4%** -11.50*** -10.30*** -0.31***
(0.80) (1.27) (1.93) (1.78) (0.54) (0.42)
-0.53*** -0.59*** -0.72%** -0.51*** -0.35%** -0.51***
(0.14) (0.13) (0.12) (0.17) (0.09) (0.14)
1.17%** 1.55*** 1.21%** 1.18*** 1.16*** 1.20***
(0.12) (0.14) (0.11) (0.14) (0.12) (0.13)
6.05%** 8.50*** 6.04*** 6.44%** 4,03*** 4.90%**
(0.93) (1.00) (0.48) (0.64) (0.28) (0.55)
7.92%** 7.32%** 5.94*** 5.71*** 3.49%** 3.67%**
(0.98) (0.71) (0.33) (0.46) (0.19) (0.18)
3.29%** 4.23%** 3.40%*** 2.89*** 1.80%** 1.82%**
(0.46) (0.52) (0.35) (0.31) (0.16) (0.28)
0.93* 1.05*** 1.67%** 2.52%** 0.24%** 0.24
(0.21) (0.18) (0.32) (0.22) (0.12) (0.16)
2.29%** 2.75%** 2.09%** 2.26%** 1.49*** 1.75%**
(0.32) (0.36) (0.23) (0.28) (0.16) (0.23)
0.33 0.12 0.21** 0.38*** 0.16 0.04
(0.25) (0.08) (0.11) (0.09) (0.12) (0.10)
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Mean

Sell-By
St.dev.
Mean
Omega
St.dev.

Error Comp. St.dev.

Scale and utility shifters
Shift in scale (9)

A US certified

A Tender

A Lean

A Sell buy

Summary Statistics

N

Log likelihood
AIC/N

BIC/N

6.95***
(0.71)

3216
-2024
1.271
1.309

5.4g%**
(0.72)

0.21*
(0.11)
-1.06%**
(0.11)
-0.56%**
(0.17)

3216
-1988
1.251
1.294

2.19%%*
(0.39)
0.15
(0.87)

8.40***
(1.38)

2928
-2007
1.389
1.444

2.20%%%
(0.46)
0.13
(0.28)

6.76***
(0.76)

-0.24*
(0.14)
~1.04%xx
(0.28)
1.00%**
(0.35)
-0.47**
(0.22)

2928
-1987
1.378
1.442

1.07%%*
(0.18)
1.32%%%
(0.16)

0.90%**
(0.24)
1.64%%*
(0.23)

6.12%**
(0.44)

3328
-2319
1.415
1.479

1247
(0.24)
1.29%*x
(0.29)

1.00%**
(0.28)
2.04%%*
(0.31)

5.65%**
(0.58)

0.23%**
(0.12)
-1.23
(0.24)

0.06
(0.17)
-0.28
(0.18)
-0.19
(0.22)

3328
-2301
1.407
1.480
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N. of parameters 20 23 27

31

35

40

Note: *** ** *indicate that parameters are statistically significant at 1%, 5% and 10% level.
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As previously mentioned, two different error-component specifications in WTP-space
(Models 1 and 2) are reported for each experiment. Models 1 is the basic specification
accounting only for correlation across WTPs, while Models 2 adds shifts due to the
introduction of the additional independent attribute in the second half of the sequence of the
panel. In particular, two types of late sequence shifters are accounted for: the scale shifter
denoted by 5, which accounts for net effect of learning (if positive) or fatigue (if negative),
and the shifters of attribute-specific marginal WTPs, denoted by A. A negative and significant
sign of & is evidence of a shrinking scale—and hence a more deterministic choice often
linked to relatively less cognitively complex choices—following the introduction of an
independent steak attribute. A positive effect suggests a more stochastic choice, perhaps due
to higher cognitive load. In contrast, a positive and significant sign of A indicates a WTP
increase in the sequence of choices after the inclusion of the independent steak attribute;
while a negative and significant sign would be consistent with the decrease of WTPs in the
sequence of choices after the inclusion of the independent steak attribute. In all the models,
all attribute coefficients (marginal WTPs) were specified as random, while t, is assumed to
be log-normally distributed, but independently of the multivariate normal distribution of the

marginal WTPs for beef steak attributes.

In all the models from the three experiments, the estimates of population means for the
marginal WTPs are found positive and significant at the 1% level. Restrictions on the
Cholesky matrix imposing preference homogeneity are strongly rejected. Finally, the
distribution of error component associated with experimentally designed alternatives has a
significant and large estimate for the standard deviation, indicating that utility variance is

much larger for purchase than for no-purchase alternatives.
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In Experiment A (first two columns of Table 2), the relative ranking based on the
estimated mean of the marginal WTP distribution is consistent across all 2 Models and as
follows. Certified US (range $6.05 -$8.50) has the largest value estimate, Guaranteed Tender
(range $3.29-$4.23) has intermediate value estimate, and Guaranteed Lean (range $2.29-
$2.75) has the lowest value. Turning to the effects on mean values of the marginal WTP
estimates of an additional independent attribute (A) (Model 2), we find these to be negative
and significant for both the Certified U.S. ($ -1.06) and Guaranteed Tender ($ -0.56). This
finding is consistent with the findings of GS who found that when more label information
was used to describe the product, the cue attribute (Certified U.S.) was affected more than the
independent attributes (e.g., Guaranteed Tender). They ascribed this effect to the loss of
power in terms of quality signal suffered by the cue attribute. However, in our case no
statistically significant difference is found between cue and independent attributes (see 95%
confidence intervals of Model 2 in Table S2 of the supplementary materials). This suggests
that both cue and independent attributes are perceived by consumers as having a cue
component. Finally, we provide separate evidence on the scale effects by introducing the
additional independent attribute () in the second half of the sequence in Model 2. The
estimate for the scale shifter is positive and significant, implying more determinism in choice
in the second half of the sequence and in the presence of additional food descriptors.

In Experiment B (first two columns of Table 2), the independent attribute added in the
second half is Sell-By Date, while the independent attributes Guaranteed Tender, Guaranteed
Lean and the cue attribute Certified U.S. were part of all choice tasks. The relative ranking of
the estimated means of the marginal WTPs is as follows. Certified U.S. ($6.04-$6.44)
followed by Guaranteed Tender ($2.89-$3.40), then by Guaranteed Lean ($2.09-$2.26), and
by Sell-By Date ($2.19-$2.20) in both EC models, expect for the Sell-By Date ($2.19) and

Guaranteed Lean ($2.09) attributes, which are ranked as third and fourth value estimate
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respectively in Model 1. Turning to the effects on the mean values of the marginal WTP
estimates of an additional independent attribute (A) (Model 2), we find these to be negative
and significant for the Certified US ($ -1.04) and Guaranteed Lean ($ -0.47), and positive and
significant for Guaranteed Tender ($ 1.00). Finally, we report a negative and significant

estimate for the scale effect (5).

In Experiment C (last two columns of Table 2) the independent attribute added is
Enhanced Omega-3 Acids, while all others are in the entire sequence. The relative ranking of
the estimated means of the marginal WTPs for Certified U.S. (range $4.03-$4.90) and
Guaranteed Tender (range $1.80-$1.82) is stable at the top, albeit with a lower value than
from Experiment A and B across all error component models. Looking at the magnitude of
the marginal WTP estimates for the independent attribute Sell-By Date, we note that this is
much smaller in C than in A and B. Also, the estimated means of the marginal WTP for the
additional independent attribute Enhanced Omega-3 Acids are smaller than those of the other
independent attributes added in Experiments A (e.g. Guaranteed Lean) and B (e.g. Sell-by
Date). In our case, it seems that the diminishing marginal utility from an extra attribute is
conditional to the number of attributes used as conjectured by Lusk (2003b). Unfortunately,
we cannot control for the effect of order on the estimated value for this attribute coefficient
(e.g., when it is in 3" or 4" position). Thus, it may also be that the attribute itself has a lower
value. The most interesting result emerging from Experiment C is that the WTP effects of an
additional independent attribute (A) are found to be consistently negative and significant only
for the cue attribute Certified U.S. ($-1.123). All other independent attributes have
insignificant estimates of A. Hence, only the value estimates for the cue attributes are
significantly affected by the addition of independent food attributes. Turning to the effects of

the second half of the sequence on the scale of the error, we find these to be significant and
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positive (implying more deterministic choice and/or higher preference discrimination), which

could be due to learning effects or better discrimination due to the additional information.

Table 2 also reports the information criteria used to decipher the relative fit of the various
models. The lower the information criterion value, the better is the fit. The reduction in the
AIC and BIC statistics in models 1 and 2 indicate that Model 2 is superior to Model 1 in all

Experiments (e.g., A, B, and C).

7. Main findings and Conclusion

In food CEs, understanding the extent to which estimates of marginal WTPs for product or
service attributes are influenced by the number and type of attributes presented to the
respondents has important implications for both study design and reliability of estimates.
Such implications can be extended to both hypothetical and non-hypothetical choice studies.
The research agenda aims to disentangle the important relationship between value estimates

and their context dependency.

To date, only the study by GS has analyzed the effect of introducing one additional food
attribute in a CE on food choice. Hence, scant information is available on how WTP
estimates are affected by varying the number of food attributes in a CE design; especially
when information potentially embedded in cue attributes becomes explicit by the addition of

independent attributes.

This study offers a novel methodological and empirical approach in analyzing the effects

of adding attribute information in CEs. It builds on previous knowledge in many respects:
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1) First, and most importantly, this is the first study that uses models based on a complete
panel approach as opposed to an approach based on models from a split panel. This
allows us to capture two different sources of intra-panel variation (differential effects)
such as shifters of the scale factor and shifters of attribute-specific marginal WTP;

2) Second, the GS study and ours are the first studies to analyze the effects of food choice
complexity on WTP estimates by focusing on the different information type (cue versus

independent), rather than simply on the number of attributes in CE designs.

Results suggest that the number of attributes affects marginal WTP estimates, which is
consistent with some previous results in transportation (Hensher 2006b,) and in
environmental economics (Meyerhoff, Oehlmann and Weller 2014). They also suggest that
when complexity increases in CE designs due to the addition of more attributes, changes in
marginal WTP estimates not only depend on the number of attributes but also on the
functional role played by the attribute type: cue or independent attributes. This finding also
aligns with previous results linking individuals’ processing strategies to both the functional
relationship between attributes in the choice set and their number (Hensher 2006a). Most
importantly, they also align with those from GS, which indicate that the WTPs for both the
cue attribute (e.g., Certified US) and the independent attributes (Guaranteed Tender,
Guaranteed Lean, and Days Sell-by) seem to significantly depend on the dimension of CE
designs when the number of attributes is changed from 3 to 4 (i.e., Experiment A) and from 4
to 5 (i.e., Experiment B) for both cue and independent attributes. However, when the number
of attributes increases from 5 to 6 (Experiment C), our results only confirm the finding of GS
regarding the effects of the cue attribute on marginal WTP estimates, since no significant
change is found for independent attributes. An overview of the main findings of our study is

exhibited in Table 3.
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Table 3. Overview of the main findings from Model 2 across Experiments

Experiment A Experiment B Experiment C

Marginal WTP Rankings’

US certified 1 1 1°
Tender 2" 2" 2"
Lean 3" 3" 3"
Sell buy 4 4
Enhanced 5"

Omega-3 fatty
acid

Scale and utility shifters?

Shift in scale (5) Positive™ Negative* Positive™"
A US certified Negative™ Negative™ Negative™
A Tender Negative™ Positive™ Positive
A Lean Negative™ Negative
A Sell buy Negative

' Relative ranking of the marginal WTPs for the attribute information across Experiments

(e.g. A, B, and C).

? Effects (e.g. positive and negative) and significance (e.g. ***, **, * indicate that parameters
are statistically significant at 1%, 5% and 10% respectively) of the scale shifters and shifters

for the attribute-specific marginal WTP across Experiments (e.g. A, B, and C).

As for the reason for this departure, we can only speculate. We suspect that the difference

might be due to our use of the entire sequence of choices in the panel to estimate random
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coefficients. This speculation is supported by the ancillary robustness analysis we conducted
in our data. In fact, when we applied the split panel approach used by GS to our data (see
supplementary material — Table S3), statistically significant differences in WTP estimates do
emerge for both independent and cue attributes (e.g., Certified US, Guaranteed Tender,
Guaranteed Lean, and Sell-By Date). Therefore, from a methodological perspective, our
study shows that the use of the entire sequence of choices in the panel, along with appropriate
behavioral models, can produce different results to the ones obtained from a simple random
parameter logit model using a split sequence approach. Moreover, we also show that the use
of a “within subjects” approach instead of a “between subjects” approach, together with the
adoption of a complete panel approach, also allows for a thorough investigation of the
differential effects and shifts in behaviors across treatments in experimentally designed
treatment-effect studies; such as differential information provision, mitigation of hypothetical

bias, context effects, etc.

Finally, from an empirical perspective, our findings show that the functional role played
by both cue and independent food attributes is affected by the dimension of the attributes
space. Specifically, our CE design consists of a relatively small number of attributes (from 3
to 4 and from 4 to 5), with both independent and cue attributes exhibiting a cue component,
and with a corresponding change in their marginal WTP estimate when adding a new
independent attribute for both cue and independent attributes. On the other hand, with a larger
attributes space (from 5 to 6), we find that only the cue attribute (Certified US) exhibits the
cue component. It is encouraging to compare this evidence with that found by Hensher
(20064a) in the field of transportation, who showed that an independent attribute such as the
mean-weighted average WTP for a specific attribute (i.e., time saving), was unaffected by the
design dimensionality after controlling for all design dimensions (i.e., number of choice sets,

attributes, alternatives, attribute levels, and range of attribute levels).
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We hope that these findings can motivate other food CE researchers to delve into this
promising research area. For instance, future studies should investigate how WTPs for food
attributes are affected when varying other measures of design complexity such as its entropy,
the number of choice sets, attribute levels, alternatives, and ranges of attribute levels. As
DeShazo and Fermo (2002:pp.141) argued: “....economists should vary complexity across
survey instruments so that welfare estimates may be evaluated at either the optimal level of
complexity or the level of complexity most often encountered by respondents”. Further
research effort should also be placed on determining whether there is symmetry in effects
when increasing or decreasing attribute information load. For example, it would be
interesting to know what happens to marginal WTP estimates if information on attributes is
decreased from an initially richer set. That is, what if the cue and independent food attributes
are first used for profile descriptions and then are removed? If a constant budget reallocation
mechanism is in place, then the marginal effects on WTP for cue attributes should be positive
when independent attributes for which they proxy are removed. It is also possible that the
dimension of the attribute space could induce alterations in marginal WTPs through a
different mechanism such as “information overload”. While we recognized this in our study,
we have not directly tested this effect since information overload can have broader impacts
than task complexity. Future research should also examine respondents’ use of “heuristics”
when they intend to filter out irrelevant information when facing information overload or task
complexity. Also, while it is true that each of the independent attributes may not induce a
change in WTP estimates for the cue attribute, future studies should check if the joint
information of multiple independent attributes could do so. Lastly, future studies should also
test methodologically if a heterogeneous design such as that used by Sandor and Wedel

(2005) can improve statistical efficiency.
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