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Abstract
This study compares a real choice experiment (RCE) with three commonly used exper-
imental auction (EA) mechanisms (Becker–DeGroot–Marschak, random nth price 
auction (RNPA), second price auction (SPA)) to determine whether willingness to pay 
(WTP) estimates differ across these elicitation methods. We use quality labels on eggs 
as the empirical application and find that the SPA, RNPA and RCE yield similar WTP 
estimates, while the BDM mechanism generally produces higher WTP estimates. We 
also compare these EAs and the RCE in an induced value setting and find that the BDM 
auction produces greater deviations from the underlying value than the other EAs and 
RCE. We suggest that RCEs may be preferable to BDMs for collecting WTP estimates 
in logistically difficult experimental settings.

Keywords: willingness to pay, real choice experiment, BDM mechanism, random nth 
price auction, second price auction, induced value experiments

JEL Classification: C25, C57, D44, C91, C92, D11, D12

1. Introduction

Real choice experiments (RCEs) and experimental auctions (EAs) are two 
non-hypothetical non-market valuation methods commonly used to determine 
individuals’ valuations for private goods. Most of the research using RCEs and 
EAs elicits homegrown values, which are the subjective evaluations of partici-
pants for a good, often expressed in terms of willingness to pay (WTP) values 
(Murphy, Stevens and Yadav, 2010).
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Comparing experimental auctions and real choice experiments in food choice 1797

Unlike hypothetical stated preference methods like hypothetical choice 
experiments and contingent valuation, the EA and RCE methods are similar 
to active markets in that real money is exchanged to purchase actual goods 
(Lusk and Shogren 2007; Alfnes et al., 2006). However, the way WTP values 
are elicited differs across these two methods. The EA method follows a direct 
approach, whereby consumers place their bids for a specific product without 
simultaneously evaluating other available products or product attributes. Once 
the experiment is completed, the bidder(s) buy the product, paying the price 
as defined by the auction mechanism. The RCE method, on the other hand, 
follows an indirect approach whereby participants are presented with repeated 
choice tasks (i.e. choice questions) and asked to make decisions (trade-offs) 
between product alternatives that are simultaneously offered at different posted 
prices. Once a respondent completes the experiment, one of these choice tasks 
is randomly selected as binding. The respondent is then required to buy the 
chosen alternative in the binding choice question and pay the posted price indi-
cated in that alternative. The WTP values are then derived post-data collection 
through the estimation of discrete choice models (see Train, 2009).

Researchers are often confronted with a critical decision when they turn to 
experimental methods to elicit consumer demand for products and attributes: 
whether to use RCE or EA. From a theoretical perspective, both RCE and EA 
methods are considered incentive compatible; that is, participants are incen-
tivized to truthfully reveal their preferences (Lusk, Feldkamp and Schroeder, 
2004; Lusk and Schroeder, 2006). Hence, these methods should yield equiv-
alent welfare estimates. However, research indicates that WTP estimates for 
private goods can differ across RCE and EAs, especially in food applications 
(e.g. Gracia, Loureiro and Nayga, 2011; Lusk and Schroeder, 2006; Shi, Xie 
and Gao, 2018; Cerroni et al., 2019). Divergent results could be due to the 
diverse nature of the elicitation process underlying the RCE and EA methods. 
Indeed, previous studies indicate that direct and indirect preference elicita-
tion methods yield different results when measuring attribute importance (e.g. 
choice-based conjoint, constant sum scales and best-worst scaling) (Louviere 
and Islam, 2008).

However, divergent bidding behaviours are also found across the three 
most popular EA mechanisms: the Becker–DeGroot–Marschak (Becker, DeG-
root and Marschak, 1964), the second price auction (SPA) (Vickrey, 1961) 
and random nth price auction (RNPA) (Shogren et al., 2001). Shogren et al.
(2001) argued that RNPA might outperform SPA because the off-margin bid-
ders (i.e. bidders whose values are not close to the second highest price) may 
not be de-motivated in bidding their true value for the good. Other authors sug-
gest differences in bidding behaviour across SPA and BDM auctions may be 
due to psychological effects (including having a ‘taste for winning’) related to 
the group (SPA) versus individual (BDM) bidding settings (Lusk and Rousu, 
2006; Canavari et al., 2019). Generally, findings are mixed in terms of rel-
ative WTP values across EA mechanisms (List, 2003; Lusk, Feldkamp and 
Schroeder, 2004), although numerous studies indicate that people tend not to 
bid optimally in BDM auctions (see Canavari et al., 2019 for a review). These 

D
ow

nloaded from
 https://academ

ic.oup.com
/erae/article/50/5/1796/7288144 by Iow

a State U
niversity Library user on 26 August 2024



1798 V. Caputo et al.

last findings have prompted some authors to question the incentive compatibil-
ity of the BDM (Noussair, Robin and Ruffieux, 2004; Cason and Plott, 2014; 
Drichoutis and Nayga, 2022) and to identify potential sources of bias, includ-
ing reference-dependent preferences and expectation-based reference points 
(see Vassilopoulos, Drichoutis and Nayga, 2018 for a detailed discussion). 
Nevertheless, the BDM auction remains the second most popular EA mecha-
nism in the literature (Canavari et al., 2019) likely due to its design features 
that make implementation easier compared to other EAs.

However, while the simplicity of implementing BDM auctions makes it 
attractive, the same design features can also have a significant impact on the 
results and conclusions drawn from BDM experiments. Therefore, further 
research is necessary to determine the effect of these logistical advantages on 
welfare estimates and, if needed, to suggest alternatives that present similar 
logistic benefits (Canavari et al., 2019). This study adds to the existing non-
market valuation literature by conducting a comparative analysis of the three 
most commonly used EA mechanisms (SPA, RNPA and BDM) with a RCE. 
Prior studies limited their comparisons of RCEs with only one type of EA 
mechanism; hence this study provides fresh insights into whether RCE and 
EAs differ consistently across alternative auction mechanisms. We employ a 
between-subject approach, conducting a homegrown RCE and three home-
grown EAs—one for each EA mechanism. Participants were asked to express 
their preferences for a dozen large, grade A, brown eggs produced through 
either the conventional method, the cage-free system, or the USDA organic 
production requirements. Results indicate that the BDM mechanism produced 
higher estimates than the other mechanisms, while the SPA, RNPA and RCE 
did not generate statistically different WTP estimates from each other.

Our results from the homegrown experiments, while informative in terms of 
directional changes of welfare estimate across methods, remain inconclusive in 
determining which method most accurately reflects actual market behaviour. 
To further evaluate the demand-revealing properties of the EA mechanisms 
(SPA, RNPA and BDM) and RCE, this study also conducts induced value 
experiments (IVEs) of each as a robustness check. Unlike homegrown exper-
iments, the IVEs involve both researchers and study participants being aware 
of the underlying value of the good under evaluation. Participants bid or 
choose based on the maximum payoff value (i.e. the IV), and researchers 
detect potential deviations from profit-maximizing behaviour (Smith, 1976). 
Previous studies have used IVEs to assess the validity of non-market valuation 
methods (Noussair, Robin and Ruffieux, 2004; Lusk and Rousu, 2006; Luchini 
and Watson, 2014; Cerroni et al., 2019), but only Cerroni et al. (2019) have 
used food home-grown and IV experiments to explore differences in welfare 
estimates between RCE and one auction type, the SPA. By comparing IV-
RCE with various IV-EA mechanisms, this study contributes to the limited but 
growing literature that uses IVEs as a demand-revealing validation process in 
non-market valuation studies.

The article is structured as follows: First, we provide some background 
on RCEs and EAs and discuss the existing literature. Next, we describe the 
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data and sample. Subsequently, we report the experimental procedures and 
the econometric analyses implemented in the RCE and EAs. The last three 
sections present the results, the robustness checks and the conclusions.

2. Background

EAs and RCEs are widely used in many fields of applied economics, including 
agricultural and food economics (see Caputo and Scarpa, 2022 for a review on 
RCE in food choice; Canavari et al., 2019 for a review of EAs). The popularity 
of these methods is partially because their ability to mitigate hypothetical bias1 
in welfare estimates while also showing a high level of external validity (Lusk 
and Schroeder, 2004; Chang, Lusk and Norwood, 2009; Brooks and Lusk, 
2010).

2.1. Incentive compatibility and experimental auctions

EAs constitute a direct preference elicitation method given that the bids sub-
jects place for a specific product represent a direct measure of participants’ 
WTP for that product. When implementing EAs, researchers need to make sev-
eral implementation decisions, including which EA mechanism to implement. 
The selection of EA mechanisms depends on a range of factors, including 
logistical considerations and convenience.

In the agricultural economics literature, the most used EA mechanisms are 
SPA, BDM and RNPA (Canavari et al., 2019). These auctions vary in terms 
of the number of individuals participating simultaneously in the experiment 
and how the market clearing price is determined. With regard to participant 
numbers, the SPA and RNPA are conducted with groups of more than two 
individuals, while the BDM can be conducted with one individual at a time. 
The market clearing price in the SPA and RNPA is determined by the high-
est bids submitted by the participants, while in the BDM auction, the market 
price is drawn from a random distribution. These different setups have been 
shown to induce different behaviors2 and welfare estimates across mecha-
nisms (Rutström, 1998; Lucking-Reiley, 1999; List, 2003; Lusk, Feldkamp 
and Schroeder, 2004).

This has raised questions about the incentive compatibility of the various 
EA mechanisms. For SPA and RNPA auctions, the foundation for their incen-
tive compatibility lies in the fact that participants have a weakly dominant 
strategy, meaning that their strategy yields a payoff at least as high as any other 
strategy, regardless of what the other participants in the auction do. According 
to expected utility theory (EUT), three key assumptions must hold: first, each 
individual’s private value must be drawn from a distribution that is common 

1 See recent studies regarding hypothetical bias in non-market valuation methods by Penn and Hu 
(2018) and Haghani et al. (2021).

2 A number of studies explored whether and how behavioural factors characterizing the participants 
influence behaviours. These factors include cognitive ability, emotions, mood, altruism and spite. 
Some of these factors could be particularly influential in SPA and RNPA as participants compete 
against each other (see Canavari et al., 2019 for a comprehensive review on these factors).
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knowledge and independent of the other participants’ values; second, only one 
divisible product is available for sale (e.g. eggs in our case); and lastly, partici-
pants are assumed to have a differentiable utility function, and their valuations 
of risky outcomes are defined by the EUT (Lusk and Shogren 2007). As shown 
in Lusk and Shogren (2007), an expected utility model can be used to describe 
the bidding behaviour of a participant, n, who submits a bid, bn, against N rival 
bidders to maximize their expected utility: 

E [Un] = ∫
bn

pn

Un (vn − p)dGn (p) + ∫
pn

bn

Un (0) (1)

=

bn

∫
pn

Un (vn − p)gn (p)dp +

pn

∫
bn

Un (0)

where vn represents the individual’s value for the product, p is the market price, 
U is a utility function increasing in income, and Gn (p) is the cumulative distri-
bution function (CDF) which characterizes the bidders’ expectation about the 

price. The CDF has support [pn, pn], and gn (p) is the associated probability 

density function.
As argued by Lusk and Shogren (2007), the highest bidder’s derived utility 

is the difference between his/her value and the market price (second highest 
bid or random nth highest bid). Every other bidder’s (non-winning) value from 
bidding gets normalized to zero. As can be seen in Eq. (1), the first integral is 
calculated over all prices smaller than the individual’s bid (winning cases), and 
the second integral is calculated over all prices higher than the individual’s bid 
(non-winning cases). After normalizing U (0) = 0, the optimal bid is found by 
taking the derivative of Eq. (1) with respect to the participant’s bid, bi, and 

setting the derivative equal to zero as follows: 𝜕E[Un]
𝜕bn

= Un (vn − bn)gn (bn) = 0, 

which is solved when bn = vn. Hence, we can conclude that the individual’s 
expected utility is maximized when he/she submits a bid equal to his/her value 
for the good. According to Lusk and Shogren (2007), this finding does not 
depend on the bidder’s risk preferences, number of bidders, initial endowment 
or other bidders’ bidding strategies.

The BDM mechanism is often considered incentive compatible, but this has 
been questioned by several authors due to a number of issues.3 Banerji and 
Gupta (2014) note significant differences in BDM valuations when the range 
of the randomly drawn prices is changed (in accordance with expectation-
based reference points). Cason and Plott (2014) argue that the BDM mech-
anism is problematic due to the difficulty of understanding the mechanism. 
Vassilopoulos, Drichoutis and Nayga (2018) indicate that bids generated from 
the BDM mechanism are dependent on the anchoring of bids to the chosen 

3 Due to these issues, BDM is typically referred to as a mechanism and not as an auction. For 
exposition reasons, we refer to it as an auction.
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price support. Most notably, Karni and Safra (1987) proved that if the inde-
pendence axiom of EUT is relaxed, the optimal bid in a BDM mechanism will 
not necessarily be equal to the certain equivalent of the lottery.

To illustrate, the independence axiom states that if an individual prefers 
lottery A to lottery B, that individual will also prefer the combination 𝛼A +
(1 − 𝛼)C to 𝛼B + (1 − 𝛼)C for all 𝛼 between zero and one and for any C. The 
axiom dictates this linear-in-probabilities property (Machina, 1982). When 
individuals are bidding in the BDM mechanism, they are evaluating a com-
pound lottery (made up of the lottery itself and the randomly generated price). 
Assuming people are not weighting probabilities linearly, they violate the inde-
pendence axiom and hence, EUT. In that case, the value of the compound 
lottery differs from the underlying lottery of interest (BDM mechanism). 
Hence, the incentive compatibility of the mechanism is questioned.

2.2. Experimental auctions versus real choice experiments

RCEs are similar to BDM auctions in that experiments can be conducted with 
one individual at a time. According to Lusk and Schroeder (2004), RCE are 
more flexible than EAs because (i) the evaluation of product alternatives or 
food attributes occurs simultaneously4 and (ii) the choice tasks (i.e. choice 
questions) are designed in a way that more closely mirrors actual shopping 
situations (e.g. making a choice among multiple products offered at differ-
ent prices). However, unlike EAs, the WTP values are elicited through the 
estimation of econometric models (an indirect approach).

A number of food choice studies have compared RCEs with some EAs and 
found that they may yield different outcomes in terms of welfare estimates such 
as WTP (see Table A1 in Appendix A, supplementary data at ERAE online). 
Lusk and Schroeder (2006) investigated whether WTP for steak attributes dif-
fer between a SPA and an RCE. Using a between-sample approach, consumers 
were asked to participate either in an auction market (SPA auction) or in a RCE. 
Findings from this study can be summarized as follows: (a) auction bids were 
significantly lower as compared to WTPs from the RCE, (b) own-price elastic-
ities of demand for higher quality products were notably higher when derived 
from the auction data than when derived from the RCE data and (c) the con-
sumers’ preference orderings were similar across the two elicitation methods. 
In the same vein, Gracia, Loureiro and Nayga (2011), using a between-sample 
approach, compared RCE and RNPA using cured-ham products, differenti-
ated by four different levels of an animal welfare label. The authors concluded 
that WTP estimates under RNPA and RCEs have the same sign (positive) but 
different magnitudes, especially across individual-specific socio-demographic 
characteristics.

Based on the results of these earlier studies, subsequent research has 
attempted to explore factors driving variations across RCE and EAs. Grebitus, 

4 In the RCEs, products are described by multiple attributes that participants can simultaneously 
evaluate. In contrast, in the EAs, products are typically evaluated one-by-one, and the number of 
attributes included in the design is minimized to facilitate operations.
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Lusk and Nayga (2013) conducted real and hypothetical SPAs and RCEs for 
apples and wine. Their results suggest that differences in choice outcomes 
between RCE and SPA are driven by subjects’ personality traits. Shi, Xie 
and Gao (2018) conducted three experiments: an RCE, a real double-bounded 
dichotomous contingent valuation (RCVM), and a BDM auction on three 
different types of orange juice. The authors found that lower levels of deal-
proneness led to smaller differences in WTP estimates across the BDM auction 
compared to RCE and RCVM. This suggests that the ‘gambling behaviour’ 
of deal-prone individuals may be prompted by the BDM auction mechanism, 
resulting in understated bids.

More recently, Cerroni et al. (2019) combined induced value and home-
grown procedures for RCE and SPA to explore whether the differences 
between these two mechanisms exist because of different levels of demand 
revelation or because of differences in value-formation in homegrown prefer-
ences. They found that homegrown preference patterns are different between 
the two elicitation methods. In addition, their investigation of IV preferences 
revealed that RCE was the most demand-revealing elicitation method.

3. Procedures and implementation

Upon arriving at the lab for a session, participants were randomly assigned 
to one of the four experiments: SPA, RNPA, BDM or RCE. Following the 
standard practice, each experiment consisted of multiple sessions. The BDM 
and RCE experiments were conducted in one-on-one interviews, and the SPA 
and RNPA experiments were conducted in groups of five. The SPA and RNPA 
experiments were randomized at the session level, as recommended by Lonati 
et al. (2018). In addition, as suggested by Canavari et al. (2019), they were 
executed with a small and constant number of participants (five) per session to 
keep everyone equally engaged and to mitigate potential confounding social 
dynamic effects on bidding behaviour. This set up was also motivated by 
recent theoretical (Banerji and Gupta, 2014) and empirical studies (Rosato and 
Tymula, 2019), which indicate that when the number of bidders per session 
increases, equilibrium bids tend to decrease.

In all homegrown experiments, each session was performed in seven phases: 
consent form and participation fee, a short survey, product display and infor-
mation, instruction, practice rounds, the experiment, and a second short survey. 
Participants were first given a cash participation fee of $13 and asked to 
read and sign a consent form. Next, they completed a short questionnaire of 
general demographic and consumption questions. Participants were then pre-
sented with a display table featuring three types of eggs:5 conventional, USDA 
organic and cage free. A captioned picture describing each type of egg was read 
aloud and shown to participants via a PowerPoint presentation (see Figure B1 

5 Eggs were selected in this study because they are widely available in various food outlets includ-
ing grocery stores, convenience stores and farmers’ markets all over the United States. All eggs 
were of similar size (1-dozen), grade (A), colour (brown) and packaging and non-branded products 
were used to avoid potential branding effects.

D
ow

nloaded from
 https://academ

ic.oup.com
/erae/article/50/5/1796/7288144 by Iow

a State U
niversity Library user on 26 August 2024



Comparing experimental auctions and real choice experiments in food choice 1803

in Appendix B). After viewing the eggs, participants proceeded through the 
instructions and practice rounds and then participated in the actual experiment. 
After the completion of the experiment, participants completed a second short 
survey.

The following subsection describes the procedures followed to implement 
the EAs and RCE in more detail.

3.1. Experimental auctions

Participants who were randomly selected to participate in one of the three EAs 
(SPA, BDM and RNPA) were first presented with a hypothetical auction for 
four different candy bars to familiarize them with the procedure of their auction 
type. After completing the practice auction, they participated in an auction 
for each type of egg (conventional, cage-free and USDA organic). To avoid 
ordering effects, which have been previously noted by Demont et al. (2012), 
the order in which the three types of eggs were displayed and auctioned was 
randomized in all EAs. The experimental procedures for the SPA, RNPA and 
BDM auction are outlined below.

- Step 1. A total of three bidding rounds were conducted, one for each type 
of egg product. At the beginning of each round, the participant(s) received 
a bid sheet and were asked to bid (simultaneously, if in a group) for the 
product being auctioned in that round. The bidding sheets were collected 
before moving on to the next egg product.

- Step 2. The experimenter rolled a die to determine which egg auction was 
binding. Importantly, all the auctions had an equally likely chance of being 
binding.

- Step 3. For the SPA and the RNPA, the bids in the chosen auction were 
confidentially ranked from highest to lowest. In the SPA, the person with 
the highest bid purchased the eggs but paid the second highest bid. In the 
RNPA, a random number (N) was drawn by rolling a die to determine how 
many participants would purchase/win the eggs. The random number was 
somewhere between 2 and 5 (number of participants). The N-1 highest bid-
ders in the binding egg auction purchased the eggs and paid the nth highest 
bid. In the BDM auction, the experimenter rolled a 10-sided die two times 
(one for the second decimal and one for the first decimal) and a 7-sided die 
one time to determine a randomly drawn price between $0.00 and $6.00.6 If 
the bid for the binding eggs was greater than or equal to the randomly drawn 
price, the participant purchased the eggs and paid the randomly drawn price. 
If the bid for the binding eggs was less than the randomly drawn price, the 
participant paid nothing and received nothing.

- Step 4. In the SPA and the RNPA, for the chosen egg auction, the exper-
imenter wrote the winning bidder(s) number and the price paid (second 
highest bid/nth highest bid) on the board for everyone to see. In the BDM 

6 If the generated price was above $6.00 after rolling the 7-sided die, we rolled it again until the 
price was within the predetermined range [$0.00, $6.00].
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auction, for the chosen egg auction, the experimenter wrote the randomly 
drawn price (between $0.00 and $6.00) on the board. At the end of the exper-
iment, the winning bidder(s) paid the second highest bid/random nth highest 
bid/randomly drawn price (for the SPA, the RNPA and the BDM auction 
respectively) and obtained the eggs. All other participants paid nothing and 
received nothing.

3.2. Real choice experiment

In the RCE, participants were presented with a series of repeated choice tasks 
(or choice questions), each including three alternatives: two types of eggs 
and a no-buy (‘none of these’) option. For each choice task, participants had 
to select one of the two egg products or choose not to buy any. The eggs 
used in the experiment were a dozen large, grade A, brown eggs and were 
described by three attributes and their respective levels: price ($1.59, $2.59, 
$3.59 and $4.59), USDA-organic label (present/absent) and cage-free label 
(present/absent). The price levels for the eggs were selected based on the prices 
at local grocery stores and retail prices reported by the U.S. Department of 
Agriculture—Agricultural Marketing Service and the USDA’s National Retail 
Reports at the time of the experiment.

To determine the number of choice tasks presented to participants, a D-
Optimal design proposed by Street and Burgess (2007) was used,7 which 
resulted in eight choice tasks with a D-Optimality of 96.6 percent. These eight 
choice tasks were randomly divided into two blocks of four tasks each, and 
each participant was assigned only four tasks. The order in which the choice 
tasks were presented to respondents in each block was randomized at the indi-
vidual level to prevent any ordering effects. An example of a choice task 
is provided in Figure B2 in the Appendix B (supplementary data at ERAE 
online).

To implement the RCE, we followed established protocols from previ-
ous studies (Lusk and Schroeder, 2006; Gracia, Loureiro and Nayga, 2011; 
Bazzani et al., 2017) and conducted individual sessions with each participant. 
To familiarize participants with the RCE procedures, we first presented them 
with four hypothetical choice tasks involving candy bar selection. Afterward, 
they participated in the RCE for egg selection, which consisted of three steps:

- Step 1: Each participant was given a choice sheet and presented with four 
choice tasks, one at a time. Each task required the participant to select their 
preferred egg product at the listed price or to choose the no-purchase option. 
Participants recorded their choices on the provided choice sheet.

- Step 2: After the participant had completed the four choice tasks, the 
experimenter collected the choice sheet.

- Step 3: The experimenter rolled a four-sided die to determine which of the 
completed choice tasks would be binding. For example, if a one was rolled, 

7 As in Gracia, Loureiro and Nayga (2011) and consistent with our experimental setup for the home-
grown EAs, our RCE experimental design allows only for the estimation of main effects. No 
interaction terms were included in the experimental design.
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the first-choice question was binding, and if the participant had chosen one 
of the two types of eggs, he/she was given the product selected and was 
asked to pay the price listed in the choice. If the participant had chosen the 
‘no-purchase’ option, then received no eggs and paid nothing.

3.3. Sample characteristics

We recruited 270 participants8 from a random sample of 2000 consumers 
pulled from the general population of East Lansing and Lansing, Michigan, 
United States. Participants were recruited via email using lists managed by 
Michigan State University. The emails stated that participants would be paid 
$13 to participate in a 45-min study on egg consumption; no other information 
about the experiment was provided to the participants. Only participants older 
than 18 years, responsible for grocery shopping, not lactose intolerant, and not 
following a vegan diet were selected for the study.

We implemented a between-sample approach,9 where selected participants 
were randomly allocated to one of the four experiments. A total of 69, 70, 
69 and 62 participants participated in the SPA, BDM, RNPA and RCE experi-
ments, respectively. Each experiment consisted of multiple sessions scheduled 
Monday through Sunday during morning, afternoon, and evening hours to 
account for timing effects (Lusk and Shogren 2007). Table A2 (online supple-
mentary material) provides summary statistics and variable definitions of the 
basic demographic, consumption habits, and experimental-related questions 
for all the treatments. We tested the null hypothesis of equality of means (one-
way analysis of variance) across treatments at the 5 per cent significance level 
and found no significant differences in demographic characteristics, except 
for the years of education. Descriptive statistics for consumption habits and 
experimental-related variables were also balanced.

4. Econometric analysis

4.1. Experimental auction models and specification

In the EAs, participants were required to submit simultaneous bids for each 
one of the three types of eggs: conventional, cage free and USDA organic eggs. 
The actual bids submitted by participants in each auction represent their total 
WTP for the respective egg types. These actual bids were then used to explore 
whether there exists a statistically significant difference in actual bids (or total 
WTP) elicited from the three different EA mechanisms. We employed two 
empirical strategies for this purpose. The first strategy involved using F-tests 
and post-hoc pairwise comparisons. The following null hypothesis was tested: 

8 A total of 279 consumers participated in our experiments. At the beginning of our data input/anal-
ysis, we dropped nine observations due to incomplete/inattentive responses: seven observations 
from the RCEs, one observation from the SPA and one observation from the RNPA.

9 We employed a between-subject approach to avoid potential biases introduced by participation 
in multiple experiments (Lusk and Schroeder, 2006), fatigue effects (Charness, Gneezy and Kuhn, 
2012) and the potential reduction in demand when consumers purchase multiple products (Lusk 
and Schroeder, 2006).
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H0 = tWTPSPA = tWTPBDM = tWTPRNPA. Failing to reject this hypothesis, we 
would conclude that there is statistical equality among the total WTPs elicited 
from the three egg types.

The second strategy relies on the estimation of a random effect10 Tobit 
model. The Tobit model is the most widely used econometric method to anal-
yse EA data, especially when there exists a significant number of zero bids 
(see Canavari et al., 2019). In our case, a total of 20 participants placed zero 
bids: 8, 5 and 7 for the SPA, BDM and RNPA, respectively (see Table A3 in 
Appendix A, supplementary data at ERAE online). In addition, this model is 
preferred because in EAs actual bids (or total WTP) are always greater than or 
equal to zero, as also pointed out by Gracia, Loureiro and Nayga (2011) and 
Lusk and Schroeder (2006). We estimated four pooled Tobit models:

T_WTPnt = 𝛼′xnt + un + 𝜐nt (2)

where the independent variable, T_WTPnt, is the individual n’s actual bids (or 
total WTPs) for a different type of egg (i.e. USDA Organic and Cage-Free) at 
each time period t.xnt is a vector of independent variables; un is an individual 
specific disturbance for participant n; and 𝜐nt is the overall error term.

The four models differed in the independent variables (xnt) included in the 
estimation process. Pooled Tobit 1 includes the EAs mechanisms and the prod-
ucts (cage free and USDA organic) as independent dummy variables. Pooled 
Tobit 2 adds to Pooled Tobit 1 by also including interaction terms between 
the auction mechanisms and the type of eggs as independent variables. Pooled 
Tobit 3 adds to Pooled Tobit 2 by incorporating demographics as independent 
variables. Pooled Tobit 4 adds to Pooled Tobit 3 by including consumption and 
experiment-related variables as additional independent variables.

4.2. Real choice experiment models and specification

We estimated the RCE data using a mixed logit model (MXL) for panel data 
which allows for random state variation, unrestricted substitution patterns, 
and correlation in unobserved factors over time (Train, 2009).11 Consider a 
sequence of observed choices i by individual n, one for each time period t
(i.e. choice task), the unconditional probability that individual n makes this 
sequence of choices is represented by:

Pni = ∫∏T

t=1
[

exp(Vnjt)
∑j exp(Vnjt)

] f (𝜷)d𝛽. (3)

10 We incorporated random effects into the Tobit models in order to account for the panel nature 
of the data (i.e. each participant submitted one bid for each type of eggs: conventional, USDA 
organic, cage free).

11 Given our limited sample size, we chose to use the MXL model in preference space instead of the 
MXL model in WTP space. We made this decision to prioritize a model that was more parsimo-
nious and reliable. In fact, we found that the MXL model in WTP space had convergence issues 
at Halton draws below 2,000. In addition, model fit criteria such BIC and AIC suggested that the 
MXL model in WTP space underperformed compared to the MXL model in preference space.
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The deterministic component of the utility, Vnjt, was specified as: 

Vnjt = ASCnone + 𝛼price * PRICEnjt + 𝛽n,FREE * CFREEnjt + 𝛽n,USDA * USDAnjt
(4)

where ASCnone is an alternative specific constant representing the no-purchase 
option; PRICEnjt is the price (continuous) variable generated by the price lev-
els in our experimental design; USDAnjt and CFREEnjt are dummy variables 
for the USDA organic and cage free labels. They take a value of 1 when the 
label is present in the product, and 0 otherwise; 𝛼price is the price coefficient 
and 𝛽FREE and 𝛽USDA are the coefficients for the cage-free and USDA organic 
labels. The parameters of the model are estimated by simulated maximum 
likelihood estimation techniques, using 500 Halton draws. The random coef-
ficients for the USDA organic and the cage free labels are assumed to follow 
a normal distribution, while the price coefficient is assumed to be fixed.

4.3. Comparison of experimental auctions and real choice 
experiment: modelling approach and specification

Following the approach by Lusk and Schroeder (2006), we converted the RCE 
data into EA (continuous) data and focused on comparisons between EAs and 
RCE based on mWTP values.12 In the SPA, BDM and RNPA auctions, the 
mWTP for USDA organic/cage free eggs was calculated by subtracting the 
bids for USDA organic/cage free eggs from the bids for conventional eggs. In 
the RCE, on the other hand, we derived individual-specific mWTPs for each 
egg type by applying the conditional inference procedure as described by Train 
(2009).

We then compared mWTP for USDA organic and cage free eggs obtained 
from the four homegrown experiments (SPA, RNPA, BDM and RCE) follow-
ing two approaches. The first approach consisted of computing descriptive 
statistics (means) and testing the null hypothesis of equality of mean mWTP 
across experiments (SPA, RNPA, BDM and RCE). We did so by using para-
metric and non-parametric tests (T-test, Wilcoxon test, Poe, Giraud and 
Loomis and 200513 test).

The second approach relies on the use of a segmented sample approach 
and estimation of three Tobit random-effects models, one for each experiment 
(SPA, RNPA and BDM). For each EA, the Tobit model was specified as in 
equation (2): T_WTPnt = 𝛼′xnt + ui + 𝜐nt. The dependent variable (T_WTPnt) 
is the total WTP collected from each auction mechanism for each egge type; 
xnt is a vector of independent dummy variables that identify USDA organic and 
Cage-Free eggs, while conventional eggs is the baseline. Hence, the vector of 
coefficients, 𝛼′, represents the mWTP values for USDA organic and Cage-Free 
eggs versus conventional eggs.

12 It is important to note that EA data is continuous, while data from the RCE is discrete. To compare 
EAs with RCEs, the EA data can be converted into RCE data, and vice versa, the RCE data can be 
transformed into continuous data (see Lusk and Schroeder 2007 for more details).

13 The Poe et al. test was performed using 1,000 bootstrapped mWTP values generated from the 
mean mWTP values for each product type and their respective standard errors.
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The estimated coefficients and respective variance-covariance matrix from 
each of the three Tobit models were used to generate a distribution of 1,000 
mWTP for each product type (USDA Organic and Cage-Free eggs) using the 
parametric bootstrapping method introduced by Krinsky and Robb (1986). The 
same procedure was applied for the RCE data using the estimated coefficients 
and variance-covariance matrix from the MXL model. This process yield 1,000 
bootstrapped values of mWTP for each product type and experiment. The boot-
strapped values were used to perform the nonparametric test proposed by Poe, 
Giraud and Loomis (2005), testing the null hypothesis of equality of mWTP
for USDA organic and cage-free eggs between homegrown experiments.

5. Results

5.1. Experimental auctions estimates

Table A4 in Appendix A (see supplementary data at ERAE online) reports 
the actual auction bids (or total WTP) for a dozen of each egg type, seg-
regated by auction treatment and egg type.14 The last columns of the table 
report the results from parametric and non-parametric hypothesis tests. These 
indicate that actual bids are statistically equivalent across SPA and RNPA auc-
tions. However, in the BDM auction, bids are significantly higher for USDA 
organic ($2.042) and cage-free ($1.726) eggs, compared to the SPA ($1.592 
and $1.148 for USDA organic and cage free eggs, respectively) and RNPA 
($1.556 and $1.262 for USDA organic and cage free eggs, respectively) auc-
tions. No significant differences in actual bids are found for conventional eggs 
across EAs.

To obtain a more complete picture of the auction bids from the three EA 
mechanisms, it may be useful to consider the entire distribution of WTPs, 
as also suggested by Lusk and Schroeder (2006). Figures B3 through B5 in 
Appendix B (supplementary data at ERAE online) show the inverse CDFs of 
actual bids for the conventional, USDA organic and cage free eggs, respec-
tively. The CDFs can be interpreted as demand curves, assuming that each 

14 We based our comparison of the actual bids on three assumptions that were derived from the 
study by Alfnes (2009). Our first assumption states that the participants in the study knew the 
value of eggs (market prices) and that the expected value of the market options was the same 
for all egg types auctioned. Hence, the effect of market price cancelled out when comparing the 
actual WTP bids. We can assert that this assumption holds true since the auctioned products had 
very similar characteristics and were close substitutes that could potentially replace the same 
egg product from the market. Our second assumption assumed that the studied participants had 
an underlying value for eggs. This is a reasonable assumption since all the participants were egg 
consumers, and eggs are a product with a relatively stable demand curve. Our third assumption 
is more general and postulates that consumers’ valuations for different egg alternatives are not 
context-dependent and are based on a utility maximization process under a budget constraint. 
In our study, participants could only obtain one dozen of eggs, and they were all given the same 
endowment of $13. Additionally, during the implementation of our experiments, we attempted 
to maintain a high level of experimental control by preventing participants from communicating 
with each other and isolating them from outside clues. We also acknowledge there are many fac-
tors that could potentially affect participants’ bids, and further research is necessary to evaluate 
the robustness and external validity of our findings.
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participant only purchases (consumes) one unit and no other product alterna-
tive exists in the market for each figure. The results show that the distributions 
of WTP obtained from the BDM auction tend to lie above those of the SPA 
and the RNPA. Consistent with our earlier findings, the CDFs indicate that the 
BDM auction derives, on average, a higher WTP than the SPA and the RNPA 
for all types of eggs. In addition, with the exception of cage-free eggs (where 
RNPA results in slightly higher WTPs than the SPA), we can conclude that the 
SPA and the RNPA derive similar WTPs.

To further determine the effect of auction institution on WTP estimates, we 
estimated four pooled random-effects Tobit models for panel data.15 As men-
tioned earlier, Pooled Model 1 allows us to explore the effect of EA on bids 
for USDA and cage free eggs, ignoring the other experimental factors. The 
dependent variable is the actual bids (total WTP) from the different auctions, 
and the independent variables are USDA organic and cage free eggs, while 
conventional eggs are the baseline. Pooled Model 2 includes the set of inter-
action terms between the egg types and the EA types as independent variables 
in addition to the variables in Pooled Model 1. Pooled Model 3 further adds 
socio-demographic variables as independent variables, and Pooled Model 4 
incorporates consumption and experimental-related variables as independent 
variables, including purchase frequencies, expected prices, familiarity with 
the cage-free and USDA organic labels, and the time the experiment took 
place (morning versus afternoon). Table 1 presents the average (conditional 
marginal) effects on the observed censored variables from the four pooled Tobit 
models. We treated SPA and conventional eggs as baselines for identification 
purposes. The demographics and consumption/experiment-related variables 
included in models 3 and 4 are described in Table A2, supplementary data 
at ERAE online.

Results reveal that the BDM yields higher WTP estimates for both the cage 
free and USDA organic egg versus conventional eggs, as evidenced by the 
positive and statistically significant coefficients of the BDM variable across 
the four models ($0.428, $0.432, $0.440 and $0.380 in the pooled models 
1–4, respectively). Interestingly, the coefficient of the RNPA is not statistically 
significant in any of the four models, indicating that the SPA and RNPA pro-
duce equivalent WTPs. Even after adding interaction terms between EA type 
and egg type (Pooled Model 2), socio-demographic variables (Pooled Model 
3), and other consumption and experimental related variables (Pooled Model 
4), the main result remains unchanged: WTP for both USDA organic eggs 
is higher than conventional eggs when the auction mechanism implemented 

15 In panel data analysis, Tobit models may be influenced by deviations from normality and 
homoscedasticity, potentially affecting their accuracy. To address this issue, we estimated het-
eroscedastic Tobit models and compared them with the homoscedastic Tobit models reported 
in Table 1. For the heteroscedastic Tobit models, we followed the approach proposed by Shehata 
(2011). To determine which model provided the best fit, we conducted a likelihood ratio (LR) test. 
Our findings indicated no significant differences between the heteroscedastic and homoscedastic 
Tobit models.
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Table 1. Estimates from the Tobit models, average marginal effects

 Total WTP

Dependent variable
Independent variables

Pooled 
Model 1

Pooled 
Model 2

Pooled 
Model 3

Pooled 
Model 4

Main effects
BDM vs. SPA 0.428*** 

(0.159)
0.432*** 

(0.159)
0.440*** 

(0.158)
0.380** 

(0.158)
RNPA vs. SPA 0.039 

(0.152)
0.038 

(0.152)
0.018 

(0.152)
0.024 

(0.151)
USDA organic vs. 

conventional
0.739*** 

(0.062)
0.741*** 

(0.062)
0.741*** 

(0.062)
0.740*** 

(0.062)
Cage free vs. 

conventional
0.400*** 

(0.059)
0.403*** 

(0.059)
0.403*** 

(0.059)
0.403*** 

(0.059)
Female 0.043 

(0.137)
0.056 

(0.136)
Age −0.005 

(0.005)
−0.004 

(0.005)
Education 0.048* 

(0.027)
0.044 

(0.027)
Income 0.039 

(0.026)
0.045* 

(0.026)
Household size 0.010 

(0.058)
−0.008 

(0.058)
Time experiment 0.200 

(0.137)
Expected price 0.081 

(0.049)
Familiarity cage free 0.100 

(0.132)
Familiarity USDA −0.005 

(0.227)
Purchase frequency 0.148 

(0.145)
Interaction effects
USDA 

Organic × BDM
0.469** 

(0.197)
0.478** 

(0.197)
0.411** 

(0.196)
Cage Free × BDM 0.590*** 

(0.184)
0.598*** 

(0.183)
0.536*** 

(0.183)
USDA 

Organic × RNPA
−0.015 

(0.191)
−0.037 

(0.191)
−0.030 

(0.190)
Cage Free × RNPA 0.112 

(0.175)
0.091 

(0.175)
0.099 

(0.174)
Log likelihood −823.05 −820.63 −817.92 −814.62
N. of groups 208 208 208 208

Note: Standard errors are in the parentheses. Single asterisk (*), double asterisk (**) and triple asterisk (***) denote 
the significance level at 10 per cent, 5 per cent and 1 per cent, respectively.
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is the BDM.16 These results align with previous studies, such as Shogren 
et al. (1994), who found no statistically significant differences in mean WTP 
estimates between SPA and RNPA. Our results also support the findings of 
Noussair, Robin and Ruffieux (2004), who found that SPA auctions produce 
more reliable WTP estimates compared to the BDM auction, and Lusk and 
Rousu (2006), who found that the SPA and RNPA auctions produce more 
reliable WTP estimates than the BDM.

Based on the empirical results presented in Table 1, it is also evident 
that consumers are WTP a higher price premium for USDA organic eggs 
compared to cage free eggs. National statistics confirm this empirical result, 
as the advertised average price for USDA organic eggs in major retail 
supermarket outlets during 2018 was $0.28 higher than that for cage free 
eggs (USDA National Retail Report—Shell Egg and Egg Products 2019). 
This finding also accords with Lusk (2018), who found that the major-
ity of US consumers are WTP a 30+ cents/doz premium for cage-free
eggs.

5.2. Real choice experiment estimates

Table 2 reports estimates from the MXL, along with the conditional marginal 
WTP estimates derived using the conditional inference procedure described in 
Train (2009) and employed by Lusk and Schroeder (2006).

The estimation results show negative coefficients for both the price and 
the alternative specific constant representing the no-buy option, suggest-
ing that higher prices are associated with a lower likelihood of purchas-
ing eggs and that individuals preferred to select one of the two exper-
imentally designed alternatives to having nothing at all. Furthermore, 
we found that consumers prefer quality-differentiated eggs over conven-
tional eggs, as evidenced by the positive and statistically significant coef-
ficients for the USDA organic and cage free labels. Heterogeneity in 
preferences was observed, with significant standard deviations for both
labels.

Looking at the individual specific mWTP, the results suggest that consumers 
are willing to pay the highest price premium for USDA organic eggs ($0.727) 

16 To assess the robustness of our results, we estimated three segmented Tobit models, one for 
each EA. The results are consistent with those produced by the pooled Tobit models. In addition, 
following Burke (2009), we estimated a Double-Hurdle (DH) model and calculated the partial effect 
of each EA on three aspects: (a) the probability that WTP > 0, the expected value of WTP given 
WTP > 0 and the unconditional expected value of WTP. The findings from the first hurdle indicate 
probabilities of 74 per cent, 88 per cent and 77 per cent for positive bids (bid > 0) in the SPA, BDM 
and RNPA auctions, respectively. The outcomes from the second hurdle indicate that the expected 
value of actual bids, conditional on the bids being positive, is $1.62, $1.84 and $1.60 for the SPA, 
BDM and NPA, respectively. Whereas the ‘unconditional’ expected value of WTP is $1.20, $1.61 
and $1.23 for the SPA, BDM and RNPA, respectively. Overall, our DH analysis aligns with the 
results of the Tobit model and provides further evidence that the BDM auction yields higher WTP 
estimates than the SPA and RNPA auctions.
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Table 2. Estimates for the mixed logit model in preference space

 Model statistics

Log likelihood −163.438
Choices 744
Number of parameters 16
Bayesian Information Criterion 432.7

Variable Coefficient Estimates Standard errors |T-Statistic|
Price 𝛍 −1.983*** 0.284 6.97
USDA organic 𝛍 1.435*** 0.503 2.85

𝛔 1.613*** 0.631 2.56
Cage free 𝛍 0.741* 0.414 1.79

𝛔 1.188*** 0.476 2.48
No-buy 𝛍 −4.458*** 1.013 4.40

𝛔 4.460*** 0.993 4.49

Conditional (individual-specific) marginal WTP estimatesb

USDA organic 𝛍 0.727*** 0.062 11.760
Cage free 𝛍 0.376*** 0.046 8.217

Note: Single asterisk (*), double asterisk (**) and triple asterisk (***) denote the significance level at 10 per cent, 
5 per cent and 1 per cent, respectively. aThe conditional (individual-specific) WTP for the USDA and cage free labels 
were computed following the methods described in Train (2009: 259–281).

followed by cage-free eggs ($0.376),17 which is in line with previous studies 
(Lusk, 2018) and the results from the EAs.

5.3. Comparing estimates across real choice and experimental 
auctions

We first present the results from the descriptive statistics and hypothesis 
tests (see Table A5 Appendix A, supplementary data at ERAE online). The 
comparison of RCE and EAs is based on mean mWTP values18 disaggre-
gated by experiment (SPA, RNPA, BDM and RCE) and egg type (USDA 
organic and cage free). The results from the hypothesis tests indicate that the 
mWTP for cage-free is statistically significantly higher in the BDM treatment 
($0.662) compared to the SPA ($0.281), RNPA ($0.388) and RCE ($0.376) 
experiments. The BDM also reveals significantly higher mWTP for the USDA-
organic label ($0.978) compared to the other experiments ($0.725, $0.682 and 
$0.727 in the SPA, RNPA and RCE, respectively). However, evidence for sta-
tistical significance for BDM yielding higher mWTPs is slightly weaker in the 
USDA organic comparison. We now present the results from the three Tobit 

17 The conditional (individual-specific) marginal WTP mean estimates for the cage free and USDA 
organic are almost identical to the unconditional (population) marginal WTP mean estimates 
(0.724 and 0.374 for the USDA organic and cage free eggs, respectively). This supports the proof 
of equivalence illustrated in Hensher, Rose and Greene (2015), chapter 8, Section 8.1.

18 As mentioned in section 4.3, the mWTPs for each product type are calculated as the difference 
between actual bids for USDA organic/cage free eggs and conventional eggs in the EAs, while 
for the RCE we employed the inference procedure described in Train (2009).

D
ow

nloaded from
 https://academ

ic.oup.com
/erae/article/50/5/1796/7288144 by Iow

a State U
niversity Library user on 26 August 2024



Comparing experimental auctions and real choice experiments in food choice 1813

Table 3. Comparisons of marginal WTP across experiments, estimates from the 
Tobit/MXL models and hypothesis tests

 Segmented Tobit models MXL model

Experiments SPA BDM RNPA RCE

Marginal WTP
USDA organic vs. 

conventional
0.863*** 

(0.148)
1.035*** 

(0.115)
0.812*** 

(0.127)
0.729*** 

(0.062)
Cage free vs. 

conventional
0.351** 

(0.149)
0.712*** 

(0.115)
0.464*** 

(0.127)
0.373* 

(0.046)

Hypothesis test and P-values from Poe, Giraud and Loomis (2005) test
USDA organic
SPA—BDM = 0  0.164
SPA—RNPA = 0  0.400
BDM—RNPA = 0  0.085
RCE—SPA = 0  0.320
RCE—RNPA =0  0.379
RCE—BDM = 0  0.125

Cage-free
SPA—BDM = 0  0.026
SPA—RNPA = 0  0.279
BDM—RNPA = 0  0.074
RCE—SPA = 0  0.477
RCE—RNPA =0  0.348
RCE—BDM = 0  0.080

Note: Numbers in parenthesis are standard errors. Single asterisk (*), double asterisk (**) and triple asterisk (***) 
denote the significance level at 10 per cent, 5 per cent and 1 per cent, respectively.

models,19 one for each EA mechanism, along with the results from the MXL 
model for the RCE data (see Table 3). The table also reports the p-values from 
a Poe et al.’s (Poe et al., 2005) test, which was conducted to test for differences 
in mWTP distributions between experiments.20

The results from the models confirm the descriptive statistics for the Cage-
Free eggs, with less pronounced differences in mWTP for USDA organic eggs 
across experiments. According to the Poe test, the mWTP for USDA organic 
eggs is equivalent across experiments, except for the BDM, which yields statis-
tically higher mWTPs compared to RNPA. Conversely, mWTPs for Cage-Free 
eggs is significantly higher in the BDM experiment when compared to all 
other experiments, while no statistically significant differences in mWTP for 
Cage-Free eggs are observed across the RCE, SPA and RNPA experiments. 

19 We report the coefficients from the Tobit model instead of marginal effects, as they can be inter-
preted as the mean of the uncensored distribution (i.e. the distribution that theoretically allows 
negative bids) (Canavari et al., 2019), making the RCE and EAs comparable.

20 As noted by a reviewer, the SPA and RNPA auctions might allow for session-based social dynamics 
not seen in BDM or RCE formats. To check for potential session effects, fixed Tobit models with 
errors clustered at the session level were also estimated for the SPA and RNPA experiments. The 
results from these models are consistent with those reported in Table 3.
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This evidence aligns with Gracia, Loureiro and Nayga (2011), who found that 
differences in WTP estimates across RCE and RNPA can depend on the prod-
uct under consideration but contradicts the findings from Lusk and Schroeder 
(2006), Shi, Xie and Gao (2018) and Cerroni et al. (2019), who found that the 
RCE generates significantly higher WTP estimates than the SPA. One possible 
explanation for the divergence between our results and earlier findings could 
be due to differences in the elicitation methods employed. We conducted the 
RCE using only four choice tasks, and the EAs involved only three bids (one 
for each product). This was done to maintain consistency in the elicitation 
methods, such as time, workload and incentives. Lusk and Schroeder (2006), 
Gracia, Loureiro and Nayga (2011) and Cerroni et al. (2019) utilized 5 bidding 
rounds and 17 choice tasks, 1 bidding round and 16 choice tasks and 9 bidding 
rounds and 9 choice tasks, respectively.

6. Robustness check: induced value experiments

Past studies within the agricultural and food space have utilized IV experi-
ments to test the demand-revealing nature of EA mechanisms and RCEs (Lusk 
and Rousu, 2006; Cerroni et al., 2019). Other researchers have used induced 
value experiments to examine the performance of the econometric models 
that underlie various empirical assumptions regarding WTP for certain goods 
(Bazzani, Palma and Nayga, 2018) and to address hypothetical bias in choice 
modelling, particularly in the context of food choices (Luchini and Watson, 
2014; Chavez et al., 2020). We use IVEs to provide more robust conclusions 
about varying bid/choice behaviours across RCE and EAs. In what follows, 
we describe the experiments, estimation methods and corresponding results of 
the IVEs.

6.1. Induced value experiments

We conducted four IV experiments, each corresponding to one of the mech-
anisms studied: SPA-IV, RNPA-IV, BDM-IV and RCE-IV. The experiments 
were conducted with the same subject pool (consumers) and within the same 
timeframe as the homegrown versions. In total, 264 subjects participated, 
with 60, 67, 69 and 68 individuals taking part in the SPA-IV, BDM-IV, 
RNPA-IV and RCE-IV experiments, respectively. Table A6 in Appendix A 
(supplementary data at ERAE online) reports descriptive statistics of our 
sample.

To ensure consistency with our homegrown experiments, we based the IV-
EAs on those outlined in previous studies, such as Banerji and Gupta (2014) 
and Drichoutis, Lusk and Nayga (2015). Similarly, we designed the RCE-IV 
experiment to match the features of our homegrown RCE, drawing inspira-
tion from Bazzani, Palma and Nayga (2018) and Luchini and Watson (2014). 
Accordingly, in the EA-IVs, participants placed bids for four tokens that varied 
in colour (red and blue) and shape (triangle and square). On the other hand, in 
the RCE-IV, participants were presented with four choice tasks, and they were 
asked to make a choice in each choice task between two tokens and the option 
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labelled as ‘none of these’. The tokens were described by three attributes that 
varied at different levels: colour (red and blue), shape (triangle and square) 
and price ($1.59, $2.59, $3.59 and $4.59). The allocation of attributes and 
attribute levels was designed using Street and Burgess (2007). Similar to our 
homegrown experiments, this resulted in eight choice tasks that were randomly 
grouped into two blocks of four questions each, achieving a D-efficiency of 
96.6 per cent.

Prior to the start of each IV experiment, participants were provided with 
detailed instructions and a table that described the values of the levels of the 
colour and shape attributes. They were made fully aware of the value of each 
level and were permitted to consult this table throughout the entirety of the 
experiment. By ensuring that our participants had access to this information, 
we aimed to provide them with all the necessary details and resources to make 
informed decisions. The instructions for the IV-EAs and IV-RCE experiments 
are available at ERAE online.

6.2. Data analysis and results

In IV-EAs, subjects maximize their payoff by bidding an amount of money 
equal to the cost or resale value of the token, which is also referred to as the 
induced value (Noussair, Robin and Ruffieux, 2004; Lusk and Rousu, 2006; 
Cerroni et al., 2019). In IV-RCE, maximum payoff behavior can be deter-
mined through several methods: (1) by comparing the WTP for the token to its 
induced value (Collins and Vossler, 2009; Bazzani, Palma and Nayga, 2018; 
Chavez et al., 2020); (2) by examining whether the average marginal utility 
of the token (selling value) equals the negative value of the average marginal 
disutility of the price (buying price) (Cerroni et al., 2019); and (3) by calcu-
lating the maximum payoff alternative (MPA) for each choice task, where the 
MPA is defined as the choice alternative with the highest induced value in each 
task (Luchini and Watson, 2014; Cerroni et al., 2019).

In this application, we compare the demand revelation performance of the 
four IVEs by examining the individual profit-maximizing behaviour in each 
experiment, namely the bids equal to the IVs (Bid = IV) for the IV-EAs and 
MPA for the IV-RCE. However, it is important to note that the selection of 
the IV may happen with a higher probability in the case of the RCE in com-
parison with the IV-EAs. This is because in the RCE, if all the participants 
choose one of the three alternatives randomly, we would still observe nearly 
a 33 per cent rate of ‘correct’ MPA. In contrast, in the IV-EAs, there is a 
lower chance of selecting a bid that is exactly equal to the IV if the participant 
makes a random choice. To balance the probability of choosing MPA relative 
to BID = IV across experiments, we defined ranges centred at the IVs, with a 
nearly 33 per cent probability of being randomly selected21 ($1–$3 for the $2 
IV round, $2–$4 for the $3 IV round, $3–$5 for the $4 IV round and $4–$6 
for the $5 IV round). Specifically, for the IV-EAs, we used (1) bids equal to 

21 The range of all possible bids was between $0 and $6. We used the ± $1 range around each of 
the induced values, which represent the 33 per cent of the possible value distribution.
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the IVs (Bid = IV); (2) bids included in the 33 per cent probability range (BID 
=33 per cent IV); (3) bids equal to IVs in all four rounds in the EA-IVs (ALL-
BID = IV); (4) the percentage of individuals with bids included in the 33 per 
cent probability range in all four rounds in the EA-IVs (ALLBID = 33 per cent 
IV). For the RCE, we used: (i) the choice tasks where the chosen alternative is 
the MPA and (ii) individuals having chosen the MPA in all the choice tasks in 
(ALLMPA). Descriptive statistics for these measures can be found in Table A7 
in Appendix A (supplementary data at ERAE online).

Our results show that the percentage of demand-revealing choices in the 
IV-RCE is higher than any of the IV-EAs, with 56 per cent for ALLMPA and 
81 per cent for MPA. This finding is consistent with Cerroni et al. (2019) and 
Luchini and Watson (2014). When considering just the IV-EA mechanisms, 
the best performing EA is the IV-SPA, albeit it still performs more poorly than 
the IV-RCE even when using the looser measures that allow for the 33 per cent 
probability range. The IV-BDM outperforms IV-RNPA when using the looser 
33 per cent probability range measures, but it performs worse when consider-
ing stricter measures (bids = IV) (5 per cent and 1 per cent vs 10 per cent and 
6 per cent for IV-RNPA). In light of these findings, it is reasonable to conclude 
that the SPA-IV is the most effective mechanism among the EA approaches 
that we evaluated.

These findings are further validated by our sequential comparative analy-
sis,22 which was based on the estimation of two Poisson models, whose results 
are presented in Table 4. The first Poisson model has the number of bids equal 
to the induced value for the IV-EAs data and the number of chosen MPA for the 
RCE as the dependent variable (Bid = IV or MPA). The second Poisson model 
has the number of bids within the 33 per cent probability range for the IV-EA 
data and the number of chosen MPA in the RCE as the dependent variable 
(BID = 33 per cent IV or MPA). In both models, SPA is treated as baseline. 

Moreover, following previous studies (e.g. McCallum et al., 2022; 
Fochmann et al., 2021), we computed Wald test statistics for the joint hypoth-
esis of equality between the estimated IV experiments’ mean coefficients. The 
Wald tests conducted in Model 1 (Bid = IV or MPA) indicate that the hypoth-
esis of equality is always rejected at the 1 per cent significance level when 
comparing IV-RCE estimates with any of the IV-EA experiments. This sug-
gests that the RCE mechanism is more likely to induce the revelation of the IV 
than any of the EA mechanisms. Indeed, Model 1 suggests that bid equals the 
induced value 190.1 per cent more frequently with RCE compared to SPA.

In contrast, no significant differences were found between the IV-SPA 
and IV-RNPA experiments, which outperformed the BDM mechanism. For 

22 We also conducted analyses to examine the demand-revealing nature of each mechanism in abso-
lute terms. For the EAs, we utilized the joint Wald test proposed by Shogren et al. (2001), whereas 
for the RCE we employed the hypothesis test proposed by Cerroni et al. (2019). The results from 
the joint Wald tests indicate that none of the EA mechanisms are demand revealing. Similar find-
ings are documented in studies by Shogren et al. (2001) and Cerroni et al. (2019). On the other 
hand, the RCE is found to be demand revealing, consistent with findings from Bazzani, Palma and 
Nayga (2018) and Cerroni et al. (2019). The results of this additional analysis are available upon 
request.
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Table 4. Results from the Poisson regression, IV experiments

 Poisson regression models

Bid = IV + MPA BID = 33%IV + MPA

BDM −0.913** (0.449) −0.058 (0.094)
RNPA −0.175 (0.392) −0.228** (0.107)
RCE 1.906*** (0.264) 0.161** (0.078)
Constant −0.727*** (0.261) 1.018*** (0.068)
Wald Testsa

BDM = RNPA =RCE = 0 <0.001 <0.001
RCE—BDM = 0 <0.001 <0.004
RCE—RNPA = 0 <0.001 <0.001
BDM—RNPA = 0 0.115 0.103
LPL −281.636 −472.437
No. of observations 264 264

instance, compared to SPA, BDM decreases the frequency of bid equalling 
the induced value by 91.3 per cent. The results from Model 2 (Bid = 33 per 
cent IV or MPA) confirm the findings from Model 1, indicating that the RCE 
mechanism is the most effective in revealing demand: compared to SPA, RCE 
increases the frequency of bid equalling the induced value by 16.1 per cent. 
No significant differences are found between the SPA and BDM mechanisms. 
Compared to SPA, RNPA decreases the frequency of bid equalling the induced 
value by 22.8 per cent.

7. Discussion and conclusions

This study uses homegrown experiments to explore whether and how valua-
tions from RCEs differ from those derived from three different EAs commonly 
used in food choice literature: SPA, BDM and RNPA. In addition, to test the 
robustness of our results, for each homegrown experiment, we also perform 
equivalent IV experiments.

For the homegrown experiments, we find that the WTP values derived from 
the RCE are not statistically different from those derived from the SPA and the 
RNPA when holding the product type (egg-type) constant. We also find that the 
WTPs derived from the BDM mechanism are higher than the WTPs derived 
from the other elicitation methods (SPA, RNPA and RCE) while the results 
from the IV experiments generally suggest that the BDM mechanism is less 
accurate at revealing bids/choices consistent with underlying induced values. 
This evidence provides further support for the hypothesis that the BDM mech-
anism may not be incentive compatible and, thus, not the best choice when 
it comes to non-market valuation methods (Horowitz, 2006; Canavari et al., 
2019). One potential explanation for this result may be the fact that subjects are 
less familiar with the BDM mechanism, and this might create a barrier in their 
efforts to reveal their true preferences (Canavari et al., 2019). Importantly, our 
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findings corroborate recent studies that have questioned the incentive compati-
bility nature of BDM auctions. Psychological factors greatly influence the way 
people behave in such auctions, as highlighted by Vassilopoulos, Drichoutis 
and Nayga (2018) and Canavari et al. (2019) in their exhaustive and detailed 
discussions.

BDM auctions are commonly used in agricultural economics, particularly 
in international development contexts (De Groote, Kimenju and Morawetz, 
2011), due to their logistical advantages. RCEs have many of the same logis-
tical advantages as the BDM mechanism (no need to form groups of people to 
run the experiments; individual decision-making), and their use in logistically 
difficult situations (e.g. in-store or real points of purchase market research or 
WTP studies in developing country contexts) may be a good solution. While 
some researchers may argue that in RCEs, WTP measures are derived from 
econometric models that require assumptions about the distribution of random 
coefficients, this approach can lead to more robust welfare estimates despite its 
potential to complicate estimation procedures. Our homegrown experiments 
found no differences in welfare estimates across SPA, RNPA and RCE. Con-
sistent with recent research (Cerroni et al., 2019), we also found that RCE 
performs best in IV experiments, further attesting to its demand-revealing 
nature. Notably, recent developments in the choice modelling literature offer 
more flexible (semi-parametric) distributions for discrete choice analyses, 
especially when sample sizes are particularly large (see, for example, Caputo 
et al., 2018; Bazzani, Palma and Nayga, 2018; Scarpa, Franceschinis and 
Thiene, 2020).

As in other EA applications in the agriculture and food domain, our 
study uses a limited number of respondents per experiment.23 We note (as 
have several recent literature review studies, including Canavari et al., 2019; 
Palm-Forster and Messer, 2021; Caputo and Scarpa, 2022) that although 
implementation of power calculations prior to data collection in non-market 
valuation studies of this type is currently limited, future research should 
also look into this issue. Furthermore, our study employed unpaid practice 
rounds to familiarize participants with each mechanism. In future studies, it 
would be beneficial to explore whether the use of different training protocols 
and paid/unpaid practice rounds could mitigate differences in bidding/choice 
behaviour across EA mechanisms. Although research in this domain exists 
(Plott and Zeiler, 2005; Drichoutis, Nayga and Lazaridis, 2011; Cason and 
Plott, 2014; Corrigan, Rousu and Depositario, 2014; Drichoutis and Nayga, 
2022), findings remain scarce and are often inconclusive.24 In terms of our 

23 We conducted a search on the Web of Science to identify studies that have utilized experimental 
auctions in the food domain, resulting in 66 relevant studies. Out of these studies, we found that 
34 per cent had sample sizes of <50 responses, 43 per cent had sample sizes between 50 and 100 
participants, and only 23 per cent had sample sizes >100 participants.

24 Drichoutis, Nayga and Lazaridis (2011) looked at the role of training in experimental auctions. 
However, the treatments implemented by the authors do not directly test for paid versus unpaid 
practice rounds. Indeed, the authors executed two treatments: extensive training with paid prac-
tice round treatment and minimal training with unpaid practice round treatment. Results from this 
study indicate difference in WTP estimates from the two treatments; bid values of subjects given 
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experimental design, we focused on accounting for main effects. However, 
there is a need for additional research that compares welfare estimates between 
RCE and EAs, considering both main and interaction effects. Such a compar-
ison holds the potential to yield valuable insights, as also discussed by Lusk 
(2003).

Further work needs to be done to also investigate whether the use of single 
versus multiple rounds and different price ranges would influence welfare esti-
mates in BDM and RCE. In the case of the SPA and RNPA, it is also worthwhile 
to investigate the number of bidders within auction groups, with particular 
attention to whether and how different group sizes influence bidding/choice 
behaviour and ultimately welfare estimates.

Finally, it is important to point out that one explanation behind the more 
accurate results obtained in the RCE-IV over the EA-IV treatments might be 
the less effortful mechanism in choosing the maximum payoff alternative in 
comparison with selecting the induced value. Emerging literature shows that 
individuals with higher cognitive ability tend to behave in closer accordance 
with theory (Lee et al., 2020). Hence, we recommend that future research test 
whether cognitive ability is a significant factor in shaping bid/choice behaviour 
across different preference elicitation mechanisms.
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extensive training and paid practice round were higher than those of subjects given only mini-
mal training prior to the actual auction and unpaid practice round. Yet, it is still unclear whether 
this difference is driven by the extensive training or by the paid/unpaid practice round as their 
design does not allow to isolate these effects (training versus paid/unpaid practice round). Plott 
and Zeiler (2005) discuss the importance of training and practice rounds before actual BDM exper-
iments are conducted, but again in their study (which mused on the WTP/WTA gap), they compare 
paid practice rounds to no practice rounds, so the issue of paid/unpaid is not addressed directly. 
Corrigan, Rousu and Depositario (2014) study whether practice rounds impact auction results but 
they do not directly address paid versus unpaid practice rounds.
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