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ECONOMIC ANALYSIS OF AGRICULTURAL MARKETS AND POLICY

Abstract

by Anthony Ryan Delmond, Ph.D.
Washington State University
May 2018

Chair: Jill J. McCluskey
This dissertation contains three distinct papers examining agricultural markets and policies. The
first paper investigates consumers’ preferences for genetically modified (GM) food in Russia,
where the government has enacted a ban on GM food production and importation. Based on
survey data from Perm, Russia, consumers seem to be primarily focused on the potential health
risks of GM foods. This paper estimates that Russian consumers’ mean willingness to pay for
GM bread relative to the conventional alternative is particularly low, suggesting that current
policy in Russia is fairly well aligned with consumer preferences. The second paper uses panel
data on the Washington wine industry to estimate the marginal effects of firm and regional
reputations on prices over time as the number of regional designations available to firms
increases. The results indicate that as the number of regional designations increases, a
collective/regional reputation’s effect on price tends to increase to a point and then decline. This
can be explained in terms of information and search costs. When the number of regional
designations is low, information about regional reputations is valuable to consumers; they are
able to reduce search costs by familiarizing themselves with only a few regional reputations. As
the number of regional designations increases, consumers steadily become less familiar with
individual regions’ reputations and search costs begin to rise. This has implications for the
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creation of new regional designations used in the food and agricultural sector. The third paper is
applied theory, using a dynamic optimization framework to examine the opposing effects of free
ridership and antimicrobial resistance on the socially-optimal levels of antimicrobial use. Much
of the existing literature on antimicrobial resistance utilizes an epidemiological framework,
considers therapeutic antibiotics, and disregards issues relating to under-provision. This paper
combines the externalities associated with free ridership and antimicrobial resistance in a single
economic model within the context of prophylactic antimicrobial use. Results indicate that if
subsidy programs in developing countries ignore resistance dynamics, they may incentivize the
overprovision antimicrobials for livestock relative to the true social optimum.
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CHAPTER ONE: INTRODUCTION

This dissertation comprises three distinct, self-contained papers examining the economic effects
of current agricultural policies. The first two papers are highly empirical, each focusing on a
specific product attribute affecting consumer perception of quality. The first paper uses
experimental data to investigate consumer demand for genetically modified (GM) food in a
region where its production and procurement is banned. The second paper uses panel data on
quality ratings to examine the independent effects of firm and collective reputations on prices
over time. The third paper is applied theory, using a dynamic optimization model to examine
issues inherent in the adoption of antimicrobial subsidy programs in developing countries.
The first paper (Chapter Two) examines Russian consumers’ preferences over GM food.
Russia’s recent policy banning the domestic production and importation of GM agricultural
goods defies the contemporaneous scientific consensus (Nicolia et al., 2014; Tagliabue, 2016).
Russia’s argument is that it hopes to become a global leader in non-GM agricultural production
and exports (Chow, 2015). Consumers in Russia display a high degree of neophobia regarding
biotechnology in agriculture, focused mainly on the long-run health effects.
In this paper, I use survey data collected in Perm, Russia for the purpose of this study to
examine the factors influencing consumers’ preferences for GM bread. Utilizing a one-and-onehalf-bound approach (Cooper et al., 2002) to the dichotomous choice contingent valuation
method (Hanemann, 1984), I estimate consumers’ willingness to pay for GM bread relative to
the conventional alternative. I find that, for the mean consumer, even a 50% discount is
insufficient to secure the purchase of GM bread. Given my estimation results, Russia’s policy
seems aligned with current consumer preferences, though the chain of causality is less clear.
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Constructing principal components from the subjective variables obtained in the survey, I find
that placing emphasis on the potential health concerns of GM foods has a strong negative
influence on consumers’ willingness to pay. Conversely, emphasizing monetary concerns tends
to have the opposite effect. This suggests that shifting the focus of the GM debate toward the
monetary aspects rather than the potential health risks of biotechnology could moderate Russian
consumers’ aversion to GM food.
The second paper (Chapter Three) considers the dynamic effects of firm and collective
reputations. Following a framework similar to Shapiro (1983) and Costanigro, Bond, and
McCluskey (2012), I construct dynamic recursive reputation variables with the aim of
disentangling firm and regional reputation effects. My model contributes to the existing literature
by including a familiarity term that accounts for the decreasing value of regional reputations to
consumers as new regions are created. The goal of this paper is to determine whether there exists
a number of regions beyond which consumers’ search costs are no longer decreasing with new
information on collective reputations.
To determine whether this is the case, I employ a hedonic model to deconstruct prices as
a function of their attributes (Rosen, 1974), namely firm and regional reputation, and track the
marginal effects of those variables as new regional partitions arise. I find that as the number of
regional designations increases, the marginal effect of those regions’ reputations on price
increases to a point and then declines. These empirical results suggest there may exist an optimal
number of regional partitions for a finite regional space that can impart information to consumers
without overwhelming them (i.e., there may be an optimal number of regional designations that
minimizes consumers’ search costs). The findings of this paper are pertinent to the wine industry,
and in particular, current U.S. policy for the creation of new American Viticulture Areas. My
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research here indicates that the region partitioning process is complex and warrants rigorous
investigation prior to the implementation of any proposed regional designations.
The third paper (Chapter Four) is an applied theory paper examining the countervailing
externalities of free ridership and antimicrobial resistance in the context of small-holder
agropastoralists in developing countries. As the European Commission (2006) reports,
government intervention through subsidy programs and other methods may be implemented to
increase access and to mitigate public risks associated with free-riding behavior among livestock
farmers. However, in mitigating the risk of epidemics, these programs may not account for the
negative effects of an overprovision of antimicrobials, which is manifested in the form of
increasing disease resistance.
This paper constructs a dynamic optimization model to illustrate theoretical cases where
subsidies may lead to the overprovision of antimicrobials used prophylactically for livestock.
Depending on the natural dynamics of disease prevalence and the effects of antimicrobials on the
effectiveness of treatment, it is possible to obtain cases where ignoring resistance dynamics
could lead to considerable overprovision of antimicrobials, hence causing increased resistance
and boosting disease prevalence. In these cases, a social planner designing an antimicrobial
subsidy program must account for both free riding and antimicrobial resistance dynamics to
ensure the program provides the socially optimal levels of antimicrobial use.
The goal of this dissertation is to examine agricultural policies as they exist and to
discuss the economic implications of those policies for consumers and producers. These three
chapters, though distinct in context and methods, provide significant insight into the respective
policies they address. Each indicates the reasoning behind and potential pitfalls in current
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policies, and when a significant net social cost exists, each paper discusses reasonable
approaches to reducing those costs.
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CHAPTER TWO: RUSSIAN CONSUMER WILLINGNESS TO PAY FOR GENETICALLY
MODIFIED FOOD

Abstract:
Addressing a gap in the literature on genetically modified (GM) food preferences, this paper uses
data from a survey conducted a survey in Russia, where legislation forbids GM food production
and importation. Based on in-person consumer surveys and choice experiments in Perm, Russia,
I estimate the willingness to pay (WTP) for bread containing GMOs. In addition, I utilize
principal-component analysis (PCA) to construct variables that indicate types of consumers.
Within this approach, I estimate how respondents’ money- and health-consciousness affects their
WTP for bread containing GMOs. The findings are consistent with previous studies of Russian
consumer preferences, who find that Russian consumers’ food purchases are often motivated by
health concerns and the “naturalness” of foods. The results indicate that information-seeking
health-conscious consumers tend to be less likely to purchase GM foods, while more moneyconscious consumers are more likely to purchase the GM product. Overall, even with discounts
ranging between 5% and 50%, only around 20% of respondents in the survey were willing to
choose bread containing GMOs rather than bread made using conventional inputs.
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2.1 Introduction
In many parts of the developed world, there has been a consumer movement to reject modern
agricultural technology such as genetically modified organisms (GMOs), which were introduced
in the mid-1990s to improve product quality, yields, and disease and pest resistance (PinstrupAndersen and Schiøler, 2001). Despite a growing consensus in scientific research that
genetically modified (GM) products are no more hazardous than conventional alternatives
(Nicolia et al., 2014; Tagliabue, 2016), the lack of universal consumer acceptance is well
documented across many countries and has resulted in curbed demand for GM food products
(see Huffman and McCluskey, 2014, for a discussion). This consumer skepticism is based on
perceived risks over generally unknown long-run environmental and health consequences.
GM foods are not currently available in Russia, where government officials have taken a
stance against the internal production and importation of GMOs in spite of significant costsavings and increased yields generally associated with the technology. Russia’s decision to ban
GM foods could be an effective trade strategy given the growing demand for non-GM foods in
many developed countries. In a speech given to Russian Parliament in December 2015, Russian
President Vladimir Putin announced his intention to be the world’s leading supplier of
“ecologically clean and high-quality food” and criticized GMO food production in western
countries even as demand for organic food continues to increase at high rates (Chow, 2015).
Russia’s position on GM crops is not unique; many European nations have, at some point,
enacted (or attempted to enact) legislation restricting GM crop importation or production or
banning it outright (LLC, 2014; GMO-free Europe, 2017).
This article investigates Russian consumer preferences for bread containing GMOs using
data from in-person interviews in Perm, Russia, obtained for the purpose of this study. Given that
GM foods are illegal to import or produce in Russia, market transactions data do not exist.
8

Experimental auctions, though useful in many contexts, are not feasible here for three reasons.
First, auctions use explicit prices for a hypothetical product with a direct relationship to an
existing product for which consumers face heterogeneous prices. This introduces unnecessary
starting-point bias into the WTP estimation. Second, auctions could potentially dissuade
respondents from bidding for an illegal product if their personal information was to be
maintained for ex post contact. Lastly, and sufficient on its own to eliminate the plausibility of
auctions in this case, the product cannot be delivered to bidders.
A stated-preference (SP) approach is the best among the feasible options. With a SP
approach, hypothetical bias (HB) is a concern. HB refers to situations in which the WTP
estimates elicited from hypothetical formats diverge from the WTP elicited from nonhypothetical formats. In other words, there exists a major concern with SP surveys that stated
WTP will exceed true WTP (List and Gallett, 2001; Lusk et al., 2005). In the context of goods
made with new technology, HB may take the form of an overstatement of the required discount
for the food product made with new technology (Huffman and McCluskey, 2017). However,
even with potential HB, useful information can be obtained from the responses. Since there is
evidence of cross validation between SP approaches and revealed preference approaches, SP data
can provide support for policy decisions (see Loureiro et al., 2003; Chang et al., 2009).
Specifically, I utilize a survey-based contingent valuation (CV) approach to elicit consumers’
mean willingness to pay (WTP) for GM bread relative to the preexisting non-GM alternative. 1 In
addition to basic bid and demographic survey questions, the questionnaire obtained responses for
several categorical subjective variables. I employ principal-component analysis to combine
subjective variables in respondents’ questionnaires. Within this approach, I estimate how
economic and social positions affect the mean consumer’s relative WTP for bread containing
1

See Lusk (2003) for a detailed explanation of the merits and drawbacks of the CV approach.
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GMOs. Though it is not possible to disentangle directly consumers’ intrinsic preferences from
those established by their environment, this article provides the groundwork for future research
considering regions with similar institutions and levels of economic development but different
degrees of state intervention.

2.2 Background and Literature
Initially, GM technologies were employed to reduce crop susceptibility to disease and pests and
to increase the efficiency of the agricultural sector (Pinstrup-Andersen and Schiøler, 2001).
Second-generation GM products followed, such as functional foods fortified with nutritional
supplements. Both first- and second-generation GM products have been subject to varying
country-specific regulations (Veeman, 2002), but empirical evidence suggests that those GM
products in the first generation have been more susceptible to negative consumer perception
(Lusk et al., 2005). The lack of unanimity in perception of GM foods may in part be due to their
implicit classification as credence goods – goods for which the quality is unknown even after
consumption (Darby and Karni, 1973). This temporally-persistent information asymmetry
between sellers and buyers can deter the latter. In the case of GM foods, the information
asymmetry can lead to consumers’ fear about a product’s creation or consumption, whether
warranted or not.
Consumer perception and acceptance of GM foods varies across cultures and countries.
Russia spans the continental landmass of Europe and Asia, so it is informative to examine studies
of GM food perceptions across those continents as a point of comparison with Russian
consumers. In Europe, broadly speaking, consumers are more critical toward food products
utilizing new technology compared to their American counterparts (Lusk et al., 2003; Lusk et al.,
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2005; Huffman and McCluskey, 2014). Lusk et al. (2003) find that consumers in France,
Germany, and the United Kingdom are willing to pay much higher premiums for beef not fed
GM corn compared to U.S. consumers. In a meta-analysis of 25 studies of GM food valuation,
Lusk et al. (2005) find that European consumers, regardless of survey methodologies, hold
higher valuations of non-GM food than U.S. consumers.
Research suggests that GM acceptance among Asia nations has been less consistent. China
has been relatively accepting of GM foods, while Japan has rejected the technology. Li et al.
(2002), using data from a consumer survey conducted in China, conclude that the Chinese
consumers in their sample, on average, are willing to pay a 38% premium for Golden Rice,
which is enhanced with additional vitamins. Lin et al. (2006) conduct a survey to estimate
consumers’ WTP for biotech foods, comparing biotech to non-biotech soybean oil and insectresistant to non-biotech rice. They find that at least 60% of respondents are willing to purchase
biotech foods without any discount. In contrast, McCluskey et al. (2003) find that only slightly
over 3% of Japanese consumers are willing to purchase GM noodles at the same price as nonGM noodles, and only 17% are willing to purchase the former at a randomly assigned discount.
Some research has hinted at the impact of socioeconomic status on the biotechnology
acceptance. With the exception of the United States and Canada, more developed countries tend
to exhibit more intense aversion to GM foods than less developed countries. In Kenya, research
suggests that a majority of consumers, though largely limited in knowledge about GM products,
are willing to buy GM food products at the same price as their regular equivalent (Kimenju and
De Groote, 2008). Curtis et al. (2004) directly address consumer acceptance of GM food in less
developed countries, positing that the benefits of increased food availability that stems from
biotechnological advances may outweigh any perceived potential long-run consequences.
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Russia presents an interesting case because of its geographic size and location, its unique
culture and political structure, and its intermediate level of economic development. Limited
research has been conducted to investigate Russian consumer response to new food technology,
and to my knowledge, there are no studies on the Russian consumer response to first-generation
GM foods. Bruschi et al. (2015b) examine consumer acceptance and WTP for novel functional
food bakery products among young, urban Russians, but their study focuses on an old wheat
variety that is naturally rich in antioxidants. They find that with an information provision, their
participants value the health-enhancing product over the base product and that the information
type had a significant effect. For example, participants who were provided information that the
purple wheat bakery products were made with an old variety of wheat are willing to pay more
than those who were provided information about the specific antioxidants comprising the
product. Also regarding functional foods, Dolgopolova et al. (2015) discuss the prevalence of
food neophobia in Russia. They conclude that, in practice, novel foods are not purchased in
Russia if traditional alternatives are available.
In nearby Uzbekistan, a former Soviet republic, Zaikin and McCluskey (2013) investigate the
consumer response toward a new functional food product – apples enriched with an antioxidant
coating. They find that the mean respondent was willing to purchase functional apples only at a
discount, even when provided with positive health information. In contrast to the coated apples
in Zaikin and McCluskey (2013), Bruschi et al.’s (2015b) product had a naturally occurring
functional attribute, which may have made consumers more accepting of it. Comparing Zaikin
and McCluskey’s (2013) results with a U.S. study of the same product (Markosyan et al., 2009),
the Uzbek respondents were willing to pay less for apples with coatings that contain antioxidants
(a mean discount of 6%) compared to the U.S. sample (a mean premium of 8%). In contrast to
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my research on first-generation GM products treated as a pure process attribute, the studies
above explore consumer demand for second-generation GM products with decidedly positive
nutritional attributes. And this study’s results are correspondingly less optimistic about consumer
acceptance of GM products.
On the more general topic of Russian food preferences, Honkanen and Frewer (2009) and
Honkanen (2010) use survey data to examine Russian consumers’ food-choice motives,
consumption frequencies, health perceptions, and attitudes. Both studies suggest that sensory
motives are the most important factors in food choice, followed by availability, naturalness,
prices, consumers’ moods, and state of health. The importance of “naturalness” suggests that
Russians are unlikely to embrace GM foods. Russian consumers often cite food quality and
health as a major factor influencing their food choices (Bruschi et al., 2015a). Popova et al.
(2010) found that Russian consumers have doubts as to whether authorities can protect
consumers from food risks. Using survey data, Bruschi et al. (2015a) study Russian consumer
preferences for organic foods. Their results indicate that Russian consumers who purchase
organic foods are mainly motivated by personal wellbeing and less by social or environmental
concerns. Staudigel and Schröck (2015) estimate Russian food demand elasticities over time and
across consumer segments, but their analysis is highly aggregated and does not extend to GM or
organic food products.
To my knowledge, no other studies have evaluated consumer preferences for a GM food
category in Russia. This paper contributes to the literature by studying consumer attitudes and
WTP for a bread utilizing GM technology in Russia. The findings of this study provide insight
into Russian consumer preferences for GM foods and may be useful in understanding how
Russian consumers will response to other new food technologies.
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2.3 Methods
2.3.1 The contingent valuation approach
I utilize the contingent valuation (CV) method to estimate consumers’ WTP for bread 2
containing GMOs and examine which consumer characteristics affect choices. Following
Hanemann (1984), the model herein uses a random utility framework to elicit information about
consumers’ mean WTP from close-ended, dichotomous-choice survey responses. Specifically,
consumers were asked whether they would be willing to purchase bread containing GMOs at the
same price as their usual non-GM bread. For those who answered in the affirmative, the line of
questioning was terminated. For those who answered “no,” a follow-up question was asked
concerning whether they would be willing to purchase bread containing GMOs at a discounted
price. The discount was randomly selected, prior to the experiment, among the following levels:
5%, 10%, 25%, 40%, and 50%. Each level of discount was used for one fifth of the surveys, not
conditional on the first-stage response. The assignment of survey version (and thus, the discount)
was random to the respondent. (See the Appendix A for an English translation of the contingent
valuation questions.)
This approach is identical to that in Grimsrud et al. (2004) and McCluskey et al. (2003),
which the latter refers to as a “semi-double-bounded model.” This is similar to the doublebounded dichotomous-choice contingent valuation survey technique described by Hanemann et
al. (1991), but rather than extend the question conditionally based on either answer, a follow-up
question was only asked in this survey to consumers whose WTP threshold was not met (i.e., the
price was not low enough to induce the consumer to buy the GM bread). For the estimation of
2

Bruschi et al. (2015b) find that Russian consumers’ knowledge of the base product is highly important. This
supports using bread, a long-standing staple for Russian consumers, as the product of choice.
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this model, I use an approach similar to the one-and-one-half-bound (OOHB) approach for the
dichotomous-choice CVM as proposed by Cooper et al. (2002). 3 Kanninen (1995) shows that the
double-bounded model is more efficient than the single-bounded model, 4 and the theoretical
results in Cooper et al. (2002) indicate the OOHB model falls between the single- and doublebounded models in efficiency terms.
The rationale for excluding a follow-up to the affirmative response is that the GMOs used to
make the bread have a process attribute, which reduces production costs—as opposed to a
product-enhancing attribute. Proponents of this biotechnology claim that the GM products with
process attributes are identical to non-GM products. Those opposed to genetic modification view
it as a negative attribute. Therefore, it would not make economic sense after an initial “yes”
response to follow up with a question that involves paying a premium for these GM products that
only have cost-reducing attributes. There was no discussion of potential cost reductions that
could be passed on to consumers with the respondents.
By not explicitly stating a value of the initial bid – replacing this with “the same price as the
bread you usually buy” – this survey avoids the starting point bias inherent in contingent
valuation surveys (Veronesi et al., 2011). Instead of assigning specific values that can vary
depending on respondents’ heterogeneous WTP for non-GM bread, this study considers relative
WTP for GM bread as a percentage of the price each respondent pays for non-GM bread. In
other words, since the questionnaire disregards specific prices paid to avoid any sort of innate
anchoring, the second-round bids can be defined only as discounts from a normalized price of
𝑦𝑦

𝑛𝑛𝑛𝑛

consumers’ normal non-GM bread. Individual 𝑖𝑖’s response probabilities 𝜋𝜋𝑖𝑖 , 𝜋𝜋𝑖𝑖 , and 𝜋𝜋𝑖𝑖𝑛𝑛𝑛𝑛 (for

3
Lusk et al. (2005) also refer to the survey technique used in this paper as a semi-double-bounded approach. To
avoid further confusion, I draw a distinction between the survey technique and the estimation approach. Following
Cooper et al. (2002), I will refer to the estimation approach as OOHB for the remainder of this paper.
4
A single-bounded model uses a bid question without follow-up; a double-bounded model uses a first-stageconditional follow-up question in a second stage for all respondents.
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responses of “yes,” “no-yes,” and “no-no,” respectively) are as follows under the OOHB
approach:
𝑦𝑦
𝜋𝜋𝑖𝑖 (𝐵𝐵𝑖𝑖1 ) = Pr{𝐵𝐵𝑖𝑖1 ≤ 𝐶𝐶𝑖𝑖 } = 1 − 𝐺𝐺(𝐵𝐵𝑖𝑖1 ; 𝜃𝜃)

(1)

𝑛𝑛𝑛𝑛
𝜋𝜋𝑖𝑖 (𝐵𝐵𝑖𝑖1 , 𝐵𝐵𝑖𝑖2 ) = Pr{𝐵𝐵𝑖𝑖1 ≥ 𝐶𝐶𝑖𝑖 ≥ 𝐵𝐵𝑖𝑖2 } = 𝐺𝐺(𝐵𝐵𝑖𝑖1 ; 𝜃𝜃) − 𝐺𝐺(𝐵𝐵𝑖𝑖2 ; 𝜃𝜃),

(2)

𝜋𝜋𝑖𝑖𝑛𝑛𝑛𝑛 (𝐵𝐵𝑖𝑖1 , 𝐵𝐵𝑖𝑖2 ) = Pr{𝐵𝐵𝑖𝑖1 > 𝐶𝐶𝑖𝑖 ∩ 𝐵𝐵𝑖𝑖2 > 𝐶𝐶𝑖𝑖 } = 𝐺𝐺(𝐵𝐵𝑖𝑖2 ; 𝜃𝜃),

(3)

where 𝐵𝐵𝑖𝑖1 = 1 indicates the initial bid, 𝐵𝐵𝑖𝑖2 = {0.5, 0.6, 0.75, 0.85, 0.95} indicates the second bid

(conditional on a negative response to the first bid), and 𝐶𝐶𝑖𝑖 indicates maximum WTP. The
corresponding log-likelihood function, therefore, is
𝑁𝑁

𝑦𝑦
𝑦𝑦
𝑛𝑛𝑛𝑛
𝑛𝑛𝑛𝑛
ln 𝐿𝐿𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 (𝜃𝜃) = ��𝑑𝑑𝑖𝑖 ln 𝜋𝜋𝑖𝑖 (𝐵𝐵𝑖𝑖1 ) + 𝑑𝑑𝑖𝑖 ln 𝜋𝜋𝑖𝑖 (𝐵𝐵𝑖𝑖1 , 𝐵𝐵𝑖𝑖2 ) + 𝑑𝑑𝑖𝑖𝑛𝑛𝑛𝑛 ln 𝜋𝜋𝑖𝑖𝑛𝑛𝑛𝑛 (𝐵𝐵𝑖𝑖1 , 𝐵𝐵𝑖𝑖2 )�,

(4)

𝑖𝑖=1

𝑦𝑦

where 𝑑𝑑𝑖𝑖 is a dummy variable taking value 1 when the initial response is “yes,” and 0 otherwise;
𝑛𝑛𝑛𝑛

𝑑𝑑𝑖𝑖

is a dummy variable taking value 1 when responses are “no-yes,” and 0 otherwise; and 𝑑𝑑𝑖𝑖𝑛𝑛𝑛𝑛

is a dummy variable taking value 1 when responses are “no-no,” and 0 otherwise.

This model assumes a logistic cumulative distribution function (CDF) for 𝐺𝐺(⋅):
−1

𝐺𝐺(𝐵𝐵) = �1 + 𝑒𝑒 𝛼𝛼−𝜌𝜌(𝐵𝐵) � .

(5)

By assuming that functional form for the CDF and a linear relationship between WTP and its
explanatory variables, I obtain
𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 (𝜃𝜃)

ln 𝐿𝐿

=

𝑁𝑁

𝑦𝑦
� �𝑑𝑑𝑖𝑖
𝑖𝑖=1
𝑛𝑛𝑛𝑛

ln �

+ 𝑑𝑑𝑖𝑖 ln �

1

𝑒𝑒 𝛼𝛼−𝜌𝜌𝐵𝐵𝑖𝑖

1

1 + 𝑒𝑒 𝛼𝛼−𝜌𝜌𝐵𝐵𝑖𝑖
1

1 + 𝑒𝑒

𝛼𝛼−𝜌𝜌𝐵𝐵𝑖𝑖1

�

−

(6)
1

1 + 𝑒𝑒

𝛼𝛼−𝜌𝜌𝐵𝐵𝑖𝑖2

𝑦𝑦𝑦𝑦

� + 𝑑𝑑𝑖𝑖 ln �

1

2

1 + 𝑒𝑒 𝛼𝛼−𝜌𝜌𝐵𝐵𝑖𝑖

��.

Since 𝜃𝜃 = {𝛼𝛼, 𝜌𝜌}, I can use maximum likelihood estimation to determine the optimal parameters
that solve

𝜕𝜕 ln 𝐿𝐿𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 (𝜃𝜃)
𝜕𝜕𝜕𝜕

= 0, specifically
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𝑁𝑁

1

2

𝜕𝜕 ln 𝐿𝐿𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂
1
1 − 𝑒𝑒 2𝛼𝛼−𝜌𝜌𝐵𝐵𝑖𝑖 −𝜌𝜌𝐵𝐵𝑖𝑖
𝑦𝑦
𝑛𝑛𝑛𝑛
= � �𝑑𝑑𝑖𝑖 �
�
1 � + 𝑑𝑑𝑖𝑖
1
2 �
𝜕𝜕𝜕𝜕
1 + 𝑒𝑒 𝛼𝛼−𝜌𝜌𝐵𝐵𝑖𝑖
�1 + 𝑒𝑒 𝛼𝛼−𝜌𝜌𝐵𝐵𝑖𝑖 ��1 + 𝑒𝑒 𝛼𝛼−𝜌𝜌𝐵𝐵𝑖𝑖 �
𝑖𝑖=1

+ 𝑑𝑑𝑖𝑖𝑛𝑛𝑛𝑛 �

𝜕𝜕 ln 𝐿𝐿𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂
𝜕𝜕𝜕𝜕

−𝑒𝑒

𝛼𝛼−𝜌𝜌𝐵𝐵𝑖𝑖2

2

1 + 𝑒𝑒 𝛼𝛼−𝜌𝜌𝐵𝐵𝑖𝑖

�� = 0

1

2

1 𝛼𝛼−𝜌𝜌𝐵𝐵𝑖𝑖
𝐵𝐵𝑖𝑖2 𝑒𝑒 𝛼𝛼−𝜌𝜌𝐵𝐵𝑖𝑖 ⎤
⎡ 𝐵𝐵𝑖𝑖 𝑒𝑒
⎧
−
2
𝑁𝑁
1 2
𝛼𝛼−𝜌𝜌𝐵𝐵𝑖𝑖1
⎪
⎢
�
�1 + 𝑒𝑒 𝛼𝛼−𝜌𝜌𝐵𝐵𝑖𝑖 � ⎥
−𝐵𝐵𝑖𝑖1
𝑦𝑦
𝑛𝑛𝑛𝑛 �1 + 𝑒𝑒
⎥
= � 𝑑𝑑𝑖𝑖 �
� + 𝑑𝑑𝑖𝑖 ⎢
𝛼𝛼−𝜌𝜌𝐵𝐵𝑖𝑖1
1
1
⎢
⎥
⎨
1
+
𝑒𝑒
−
𝑖𝑖=1
⎢ 1 + 𝑒𝑒 𝛼𝛼−𝜌𝜌𝐵𝐵𝑖𝑖1 1 + 𝑒𝑒 𝛼𝛼−𝜌𝜌𝐵𝐵𝑖𝑖2 ⎥
⎪
⎩
⎣
⎦

+ 𝑑𝑑𝑖𝑖𝑛𝑛𝑛𝑛 �

⎫

2
𝐵𝐵𝑖𝑖2 𝑒𝑒 𝛼𝛼−𝜌𝜌𝐵𝐵𝑖𝑖 ⎪
�
𝛼𝛼−𝜌𝜌𝐵𝐵𝑖𝑖2 ⎬

1 + 𝑒𝑒

⎪
⎭

(7)

(8)

= 0.

These equations implicitly define the optimal parameters, 𝛼𝛼� 𝑀𝑀𝑀𝑀𝑀𝑀 and 𝜌𝜌�𝑀𝑀𝑀𝑀𝑀𝑀 , as functions of the

bids. In the model without additional explanatory variables, mean and median relative WTP
coincide at (−𝛼𝛼/𝜌𝜌).

Traditionally OOHB is used to form more consistent and efficient estimates than a double-

bounded approach in which follow-up questions are only asked at random (i.e., when some
respondents receive a follow-up question and others do not). This study utilizes a similar
structure to OOHB, treating the random assignment of follow-up questions as if they directly
coincide with those initially choosing not to purchase. This could potentially introduce a slight
but unavoidable downward bias in the relative WTP estimates.
When I extend the baseline model to include additional exogenous explanatory variables, 𝑋𝑋, I

use a standard logistic CDF with mean zero and standard deviation 𝜎𝜎 = 𝜋𝜋/√3:
−1

𝐺𝐺(𝐵𝐵; 𝑋𝑋) = �1 + 𝑒𝑒 𝛼𝛼−𝜌𝜌𝜌𝜌+𝛽𝛽𝛽𝛽 � .

(9)

These variables can be used to make distinctions between the mean and median WTP values:
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𝐸𝐸[𝑊𝑊𝑊𝑊𝑊𝑊] = (−1/𝜌𝜌� )�𝛼𝛼� + 𝛽𝛽̂ 𝑋𝑋��

(10)

I can further use the explanatory variables to estimate individual respondents’ relative WTP for
the GM product. In order to gain insight into Russian consumer demand for GM food and to
investigate the mechanisms driving WTP, I need these additional data.
The survey obtained both objective and subjective response variables, and to properly
account for the latter I employ principal component analysis (PCA). To provide the most clear
and complete explanation of this PCA, it is informative first to examine the data.

2.3.2 Data and descriptive statistics
For the purpose of this study, in-person interviews of 300 respondents were conducted at several
centrally-located grocery stores in Perm, Russia, which is a city of around one million residents
located in the European part of Russia. It is about 1156 km (718 miles) east of Moscow. The
rural population in this sample is 7.3%, which is significantly lower than the estimated rural
population of 24.6% in Perm in 2014, but this is at least partially explained by the spatial
limitations of the survey – as mentioned above, the grocery stores selected for maximal survey
participation were located near the city center. Using multiple locations and different store chains
should increase the diversity of the sample, both in terms of income and demography.
Respondents were informed that their data would be treated anonymously and care was taken to
ensure that multiple members of single households were not surveyed. The average age of
respondents participating in the survey was approximately 35.8, which is only slightly younger
than the average age of 38.7 in Perm in 2015. Average monthly income per capita in Perm was
32,053 Rubles in 2015, which lies in the mode range of household income (between 30,000 and
50,000 Rubles). For a description of the data, see Tables 2.1 and 2.2.
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Given the potential overstatement of WTP inherent in SP surveys, bids among respondents in
this study seem particularly low. Russian consumers’ perceptions of GM foods are
overwhelmingly negative with 79.67% of respondents stating that they are unwilling to purchase
GM bread even up to a discount of up to 50%. Approximately 12% of respondents stated they
would purchase GM bread for the same price as non-GM bread, and of the total sample, 8.33%
were willing to purchase the GM bread if discounted relative to non-GM bread.
Examining the subjective questions in the survey, I find that the median respondent is
relatively indifferent between saving the environment and saving jobs (though the frequency of
individuals preferring to save the environment is higher). She prefers domestic products and is
much more concerned with the safety of food than its price – a result that independently
corroborates the findings of Bruschi et al. (2015a). The median respondent’s perception of GMO
consumption risk tends toward the more wary end of the spectrum, and she believes labels are
very important for GM foods.
Cameron (1988) points out that traditional theoretical interpretations of dichotomous-choice
survey responses, such as that of Hanemann (1984), and the resulting econometric
methodologies for eliciting WTP do not appropriately account for the ranges indicated by a given
response. Choices are discrete, but the space delineated by either response is continuous and
potentially infinite. To ensure that the subsequent estimation follows from the true observations,
I first investigate the ranges of bid responses in the data, which are depicted in Table 2.3.
Performing interval tests to derive an empirical distribution function (Turnbull, 1976; Fay,
1996), I obtain estimated purchase probabilities by discount ranges, which are presented in
Figure 2.1. Note that I only include those observations for which there are actual bids. As
expected, fewer consumers said “yes” as the bid increased. Interestingly, at the maximum
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discount offered (50%), the likelihood of consumers purchasing the GM bread is less than 30%.
This indicates mean relative WTP is lower than the defined bid ranges and may in fact be
negative (as my estimation results predict).

2.3.3 Principal component analysis
Given the questions asked in the survey, it is likely that responses across several questions may
bear some correlation, especially those questions utilizing a Likert-type scale: comparing food
safety to cost concerns, saving jobs versus saving the environment, and general feelings about
the use of biotechnology in food production. This multicollinearity could skew the analysis;
either ignoring the significance of one variable in favor of a highly correlated alternative or
decreasing the significance of both simultaneously. Using PCA, I can reduce the dimensionality
of the data and explore how certain types of consumers react without losing the scope of the
information collected. This process essentially allows one to transform some of the explanatory
variables into their principal components, identifying certain respondent profiles based on the
data.
One can have as many principal components as she has explanatory variables used to
construct them, but I restrict my analysis to those with the highest variance, as indicated by the
highest eigenvalues in the covariance matrix of demeaned variables. Using the highest-variance,
weighted linear combinations, I construct new variables indicating the relative influence of
certain subjective values held by consumers. I define these principle components by the relative
influence (size and direction) of each true variable on the component’s construction. The
principal components retained for this analysis are presented in Table 2.5, where a “+” or “-”
indicates a value above or below the sample mean, respectively.
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The first principal component emphasizes a respondent’s money-mindedness; i.e., how
response to the food-safety-versus-low-price question will influence relative WTP. This principal
component will be of a greater magnitude if a consumer is more interested in purchasing cheaper
food than avoiding food-safety concerns. Additionally, this component deemphasizes the
influence of respondents’ environmental concerns in favor of jobs, and the preference for
domestic production is muted. Correspondingly, I will refer to this as the money-driven principal
component. Stronger negative perceptions of biotechnology will produce lower values of this
component. Other subjective responses that increase the money-driven principal component
including knowing less about GMOs, perceiving lower risk, and being less interested in GMO
labeling.
Compared with the first, the second and third principal components more strongly emphasize
respondents’ aversion to biotechnology. While both move positively with more negative biotech
perceptions, the third principal component does so to a much larger degree. Like the moneydriven component, these two deemphasize environmental concerns in favor of jobs, but unlike
the first component these two move positively with domestic preference and inversely with
perceived GMO consumption risk. The second and third components diverge from each other on
food safety versus cheapness (the second emphasizes food safety while the third emphasizes
cheapness) and knowledge and labeling (the second emphasizes knowing less and putting less
importance on labeling while the third puts heavier weights on knowing more and preferring
labels). Bearing in mind the component weights, I refer to the second and third principal
components as the biotech-driven, low-information and biotech-driven, high-information
principal components, respectively.
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2.4 Estimation Results
2.4.1 Analysis of factors that affect the choice of whether to purchase GM bread
Table 2.4, presents estimation results using equations (4) and (9) for bids, general demographics,
and respondents’ preference for domestic foods to estimate willingness to pay for GM bread.
With the exception of domestic food preference, the variables are non-subjective. One may
observe the low correlation between variables in this specification. As expected, the bid
coefficient is significant to at least the 90% level, a result that holds across specifications
including additional socio-demographic variables tested but not presented in Table 2.4. This
means that as the price of GM bread relative to non-GM bread increases, respondents are less
likely to say they would purchase GM bread at the offered price.
Respondents’ preference for domestic foods – a position held by 84.33% of respondents –
exhibits a significant inverse relationship with relative WTP for GM bread. This high incidence
of domestic preference is intuitive given Russian distrust of actors in the food chain, as described
in Popova et al. (2010). A strictly domestic market should be expected to entail a shorter food
supply chain and provide fewer opportunities for contamination. Additionally, Russia’s position
against the importation of GM foods dictates that domestic consumption is restricted to non-GM
foods, so domestic preference coincides with a preference for non-GM foods. I cannot, however,
disentangle any sort of causal order between consumer preference and government mandate from
this research.
Gender accounts for a large and statistically significant amount of the variation in WTP, and
its magnitude does not waiver considerably across alternate specifications. The coefficient
estimate on age is negative but not statistically significant. Controlling for education level and
whether children are present in the household does not significantly affect the results. Coefficient
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estimates for categorical levels of education and the presence of children in the household are all
negative, but none is statistically significant.

2.4.2 Estimates of the mean relative discounts for GM food
In addition to coefficient estimates, Table 2.4 presents the mean estimated relative WTP for GM
bread. As predicted by the responses limited by bid ranges in the questionnaire, the estimates
show that few respondents were willing to pay any amount of money for the GM bread.
Excluding explanatory variables from the model and focusing only on bids (and a constant), I
estimate a mean relative WTP of (−𝛼𝛼/𝜌𝜌) = −1.034, which indicates that the mean survey

respondent must receive slightly more than the value of the non-GM alternative to be willing to
assume the risk of consuming GM bread (i.e., a discount of 203.4%). To examine the validity of
these estimates, I treated the initial bids as a single-bounded dichotomous choice and estimated
mean WTP in the first stage as -0.809 based only on bids and a constant.
I should note that my WTP estimator is biased since it is derived as a ratio of parameter
estimates obtained through maximum likelihood estimation, but it is consistent by the law of
large numbers (assuming that the asymptotic properties of the estimator are satisfied given the
sample of 300 observations). The estimates themselves are reasonable given the distribution of
bids and responses. Note that if I restrict the bids to be non-negative, the model estimates a mean
relative WTP that is not significantly different from zero.
While one should not rely on the specific magnitudes of negative WTP estimates, one can
interpret them as an indication that the mean Russian consumer has an intense aversion to
purchasing first-generation GM food products. It is more appropriate to emphasize the estimated
probabilities of purchase given varying discounts, presented above in Figure 2.1. One may
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observe that 12% of consumers were willing to purchase GM bread at the same price as
conventional bread, but with a 50% discount the estimated probability of purchase only increases
to 26.67%. In comparison to Grimsrud et al.’s (2004) study of Norwegian consumers’
preferences for bread made with GM wheat, their Norwegian respondents were similarly
resistant to GM bread, though not to as strong a degree as Russian respondents in the current
study.
Though I analyzed specifications with subjective variables independently, I find weak
relationships between most of these categorical variables and likelihood of purchase when
treating them as continuous variables or dummies. Additionally, I often found that the inclusion
of one variable might have a strong and significant effect, but adding another would reduce the
effect of both due to some degree of endogeneity between variables. Rather than present those
and other consumer-perception variables independently, I construct principal components for a
more inclusive analysis. Using this method, I am able to consider how different subjectiveresponse profiles (or rather more pedantically, how emphasizing different linear combination
weights of the subjective variables) are likely to influence the relative WTP estimates without
sacrificing the broad scope of the data collected.

2.4.3. Results of the principal component analysis
Revisiting the OOHB model and incorporating the three principal components each in turn as
explanatory variables and then all together, I report the results 5 in Table 2.6. I find that the
money-driven and biotech-driven, high-information principal components are statistically
significant in determining respondents’ relative WTP for GM bread. The bid coefficient is
statistically significant when controlling for either biotech-driven component, but not when
5

One observation with missing data was omitted in the principal components analysis.
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controlling for money-driven component or when I run the model incorporating all three
principal components simultaneously. This is intuitive, since the bid coefficient is a monetary
choice. Including a variable that emphasizes the influence of money on respondents’ relative
WTP calculus may reduce the influence of the bid itself in determining WTP. Gender remains
statistically significant across all specifications, still indicating a lower relative WTP for GM
bread among female respondents.
The low pseudo-R2 for each model does not indicate that these principal component models
are less preferred to the model specifications above without principal components. The
McFadden pseudo-R2 compares the value of the maximized log-likelihood function for each
model specification with the explanatory variables to the same model with only the intercept and
bid coefficient. One may interpret a low pseudo-R2 to mean only that the maximized loglikelihood function’s value is similar with or without the explanatory variables. Adding more
variables will tend to increase this statistic. To further support the strength of this paper’s results,
I present the ICCC and FCCC measures for goodness of fit for the initial and second-round
probabilities of correct predictions, respectively (Kanninen and Khawaja, 1995). Higher values
indicate stronger predictive power of the estimated model. Comparing these measures, the
predictive power of the model is not significantly different when using the principal components
or the explanatory variables in the initial model specifications.
This PCA provides some insight into how consumers’ broad perceptions of biotechnology,
including its far-reaching economic implications, influence their decisions about GM food. The
principal component emphasizing consumers’ economic incentives tends to increase consumers’
WTP to pay for GM bread relative to non-GM bread. This suggests that if more consumers
valued cheaper goods over food safety – contrary to what is observed in this data set – the mean
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relative WTP for GM bread may be higher. Alternatively, when biotech aversion and prevalence
of GM information are more heavily emphasized, I estimate the opposite effect on relative WTP
for GM food. In terms of policy, Russia’s present stance against GM goods may be bolstered by
keeping any debate in terms of potential health effects and steering clear of any economic impact
analysis. This should not be difficult given Russian consumers’ observed tendency to put more
weight on nutritional and social concerns (food safety and the environment) than on economic
ones (price and job safety), not mention their a priori distrust of GMOs.

2.5 Conclusion
A more nuanced examination of Russian consumers’ attitudes and perceptions toward GM foods
is essential in understanding whether any potential market could exist under a less stringent
government policy. Even with a discount between 5% and 50%, only around 20% of respondents
in this survey were willing to purchase bread containing GMOs rather than bread made using
conventional inputs.
If consumers feel they are independently more reliable than food chain actors in promoting
food safety as Popova et al. (2010) suggest, then it makes sense that they would strongly oppose
a potential risk such as GMOs where direct regulation could be insufficient to avoid health
hazards. I find that perceptions of GMOs in Russia are negative, and health concerns play a
significant role in this sample’s WTP for GM bread. This paper’s findings are consistent with
those of Bruschi et al. (2015a), who find that Russian consumers’ food purchases are often
motivated by health concerns and specifically the “naturalness” of foods. My results indicate that
placing a larger emphasis on information variables (i.e., higher GM knowledge and a stronger
position regarding the importance of GM labeling) leads to a lower relative WTP for GM food.
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In contrast, when emphasizing economic concerns (high concern over job safety and the price of
food products) I find that consumers are more likely to purchase the GM alternative.
The true long-run effects of GM food production and consumption remain unknown despite
the broad consensus across scientific research indicating GM products are not significantly more
hazardous than the conventional alternative (Nicolia et al., 2014; Tagliabue, 2016). Current
legislation in Russia opposing the production and import of GM foods undoubtedly influences
individuals’ perceptions about the safety of these goods. If the Russian government reduced its
restrictions on GM food imports, one should not expect a large change since the majority of
consumers prefer domestic products. However, if those reduced restrictions extended to domestic
production and the cost savings were passed on to the consumer, it may be possible to design a
profitable GM-food market strategy targeting money-conscious consumers, even as consumers
continue to perceive GMOs as an undesirable alternative.
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Table 2.1 Description and Descriptive Statistics for Respondents’ Demographic Variables
Variable

Description

Age

As of 2015

Gender

1 if female
�
0 if male

Primary household
shopper
Highest education
completed

Children in household
Household size

Descriptive Statistics
Mean:
Std. dev.:

1 if primary shopper
�
0 otherwise
Secondary education
Tertiary education
Some college
Bachelor’s degree
Master’s degree
Ph.D. or higher
1 if children under 18 in household
�
0 otherwise
Total members of household

35.76
14.92
65.7%
34.3%
68.3%
31.7%
4.7%
19.0%
20.3%
17.0%
38.3%
0.7%

Mean:
Std. dev.:

40.3%
59.7%
2.87
1.23

Living environment

Urban dweller
Sub-urban dweller
Rural dweller

62.0%
30.7%
7.3%

Employment

Student
Wageworker
Individual entrepreneur
Retired
Other

11.0%
60.0%
14.3%
6.7%
8.0%

Monthly household
income*,†

<20,000 RUB
7.6%
20,000-30,000 RUB
20.3%
30,000-50,000 RUB
33.1%
50,000-75,000 RUB
21.4%
75,000-90,000 RUB
9.0%
>90,000 RUB
8.6%
*
Currency conversion as of December 31, 2015 was 73.41 Russian rubles per 1 U.S. dollar.
†
Ten respondents left the income question unanswered; income percentage calculations were
based on 290 responses.
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Table 2.2 Descriptions and Frequencies for Respondents’ Qualitative and Subjective Variables
Variable
Jobs vs.
environment*

Description
Quantifies respondents’
choice between saving jobs
and saving the environment

Scaled Values
1 = saving jobs
⁞
7 = environment
(median: 4.00)

Food safety
vs. price

Quantifies respondents’
choice between food safety
and product price

1 = food safety
⁞
7 = lower price
(median: 2.00)

GMO risk

Quantifies respondents’
perception of risk
associated with GMOs

1 = high risk
2 = some risk
3 = no risk
4 = uncertain

Biotech
perception

Quantifies respondents’
stated feeling about
biotechnology use in food
production

1 = very positive
⁞
5 = very negative
6 = uncertain

GMO
knowledge

Quantifies respondents’
self-reported knowledge
about GMOs

1 = very
knowledgeable
2 = some
3 = know little
(median: 2.00)

GM labeling

Quantifies respondents’
views about the importance
of labels on GM foods

1 = very important
2 = somewhat
important
3 = not important
(median: 1.00)

Response Frequency

1 if prefers domestic
Preference for Binary preference for
84.33%
�
domestic
domestic or imported food
0 otherwise
*
One respondent left this unanswered; statistics reflect 299 remaining respondents
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Table 2.3 Empirical Distribution of WTP Derived Using Interval Analysis
WTP Interval
(−∞ , 0.5)
(0.5 , 0.6)
(0.6 , 0.75 )
(0.75 , 0.85 )
(0.85 , 0.95)
(0.95 , 1)
(1 , ∞)

Probability
0.73333
0.04704
0.01501
0.03385
0.01756
0.03321
0.12000
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Table 2.4 Parameter Estimates for WTP Model
Parameters
Constant

Coeff. Est. St. Err.
1.502
(2.011)

z-score
0.747

p-value
0.455

Marg. Eff.

St. Err.

2.580*

(1.425)

1.810

0.070

Prefer domestic

-1.134***

(0.408)

-2.779

0.005

-0.439***

(0.160)

Age

-0.020

(0.017)

-1.185

0.236

-0.008

(0.116)

Gender

-0.784**

(0.367)

-2.135

0.033

-0.304**

(0.144)

Children under 18

-0.341

(0.372)

-0.917

0.359

-0.132**

(0.065)

Bid

Highest education
categ.†
Observations
300
2
0.645
Pseudo-𝑅𝑅
ICCC
0.763
FCCC
0.939
Mean WTP
-1.206
“*” indicates 90%, “**” indicates 95%, and “***” indicates 99% significance level
†
Ordered variable treated as categorical dummies; individual results not reported
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Table 2.5 Description of Three Principal Components Included in the Analysis
Principal
Component

Feeling
about GM

Jobs vs.
environment

Food safety
vs. price

Prefer
domestic

GMO
knowledge

GMO
consumption
risk

GMO
label
importance

Description

PC 1

-

-

+

-

+

+

+

Money-driven

PC 2

+

-

-

+

+

-

+

Biotech-driven,
low
information

PC 3

+

-

+

+

-

-

-

Biotech-driven,
high
information
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Table 2.6 Estimation Results of OOHB Method Using the Logistic CDF and the Three Principal Components

Variable
Constant
Bid
Money-driven PC
Biotech-driven, low-info PC
Biotech-driven, high-info PC
Age
Gender
Pseudo-R2
ICCC
FCCC
Mean WTP
*

PC1 Model
Coeff.
Est.
St. Err.
-1.245
(1.217)
1.870
(1.241)
0.240**
(0.102)

PC2 Model
Coeff.
Est.
St. Err.
-2.036
(1.582)
3.072* (1.605)
0.097

-0.022
-0.707**

(0.015)
(0.345)
0.092
0.809
0.947
-1.328

-0.025
-0.811**

PC3 Model
Coeff.
Est.
St. Err.
-1.866
(1.500)
2.779** (1.489)

(0.126)
(0.015)
(0.351)
0.119
0.732
0.962
-1.128

-0.274**
-0.023
-0.848**

indicates 90%, ** indicates 95%, and *** indicates 99% significance level; n=299

(0.128)
(0.016)
(0.357)
0.112
0.776
0.955
-1.174

Coeff.
Est.
-1.375
1.984
0.258**
0.072
-0.292**
-0.022
-0.786**

All PC Model
Marg.
St. Err.
Effects
(1.323)
(1.328)
(0.104) 0.130
(0.124) 0.036
(0.129) -0.147
(0.015) -0.011
(0.360) -0.396**
0.068
0.779
0.924
-1.357

St. Err.

(0.235)
(0.053)
(0.198)
(0.169)
(0.188)
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Figure 2.1 Empirical Distribution of WTP Derived by Interval Analysis
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CHAPTER THREE: IMPACTS OF REGIONAL DESIGNATIONS ON RETURNS FROM
COLLECTIVE REPUTATIONS

Abstract:
This paper examines the economic returns to dynamic regional designations present in
agricultural markets. Geographical indications (GIs) define region‐based collections of producers
sharing terroir. Exploiting this geography-quality nexus, firms employ regional collective
reputations to signal product quality to consumers. I develop an empirical framework to study
the simultaneous employment of firm and collective reputations and to disentangle the dynamic
effects of increasing regional designations (i.e., narrowing the GI space). The model incorporates
a familiarity term, which decreases in the number of regions and directly affects consumers’
abilities to use information about firm‐ and region‐specific product quality. As the number of GIs
increases, the returns to each region’s collective reputation increase to a point and then begin to
fall. The results indicate a crowding‐out of the benefits of regional specificity with significant
impacts on aggregate returns. These findings suggest policies restricting the proliferation of GIs
may increase firm‐level revenues.
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3.1 Introduction
Branding and labelling reduce consumers’ search costs; consumers who would otherwise incur
significant costs independently obtaining information about all products’ qualities can rely on
brands and labels as a proxy for true quality. This brand-quality association has been addressed
extensively in the psychology and marketing literature (Dillon et al., 2001; van Osselaer and
Janiszewski, 2001; Punj and Hillyer, 2004). Recognizing consumers’ reliance on brand, firms
invest in their brand and include as much information on their labels as they deem useful. Joint
inclusion of firm and collective (e.g., regional) labels has become a common marketing strategy
among manufacturers of consumer products, and both label types are associated with consumerperceived reputations (for example, see Menival and Charters, 2014). Firm reputation provides
information about the past quality of all goods produced by a particular firm. Collective
reputations impart information about the quality of some broader group of member firms sharing
a unique, identifying characteristic (e.g., firms that are all members of a club would share the
collective reputation associated with that club). A collective reputation can be shared by firms
holding specific quality or production standards, those working together in some sort of niche
market, or simply those sharing a production region.
The purpose of this article is to examine the dynamic effects of increasing the number of
named or branded sub-regions within a given greater region. To develop a tractable and intuitive
model, I use geographical indication (GI) – a name used to identify a product’s region of origin –
and the GI space to illustrate my design. I am interested in firms’ use of a collective reputation in
the absence of any explicit quality or production standards. The empirical analysis supports the
hypothesis that, in the absence of minimum quality or production standards, increasing the
number of named regions beyond a critical level will have deleterious effects on firms’ welfare.
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In the most basic sense, GI labels impart information to consumers about a good’s
production location (i.e., terroir). This acts as an indicator of shared quality via a perceived
quality-geography nexus (Menapace and Moschini, 2012). For example, Washington apples are
commonly associated with high-quality fruit, while Japan has a reputation as a high-quality
producer of electronics. A collective reputation is an asset to firms selling high-priced experience
goods – those goods for which quality cannot be directly observed prior to consumption. It
provides consumers a notion of what attributes and quality levels to expect from their purchases
across a broader section of the market than strictly the firm level. However, excessive reliance on
collective reputation in labeling schemes has drawbacks. One such example can be seen in the
French wine industry, where there are more than 300 distinct wine regions 6. Wine critic Michel
Bettane writes that the GI system has been abused there, arguing that France has drastically
exceeded the number of GIs that accurately indicates regional differences in wine (Bettane,
2011).
In this paper, I examine the dynamic restrictions of narrowing the collective reputation
space. Specifically, I address the dynamic component whereby the number of regions sharing a
collective reputation is not fixed. I investigate the marginal effects of narrowing the GI space
used for product branding and test whether the relationship between revenue and collective
reputation is insulated from increases in the number of named regions. The empirical analysis
demonstrates that as the number of named regions increases, the relationship between revenue
and collective reputation follows an inverted-U shape, with collective reputation having a strong

6

Different industries in different countries have different names for this regional-designation concept. As in the
empirical examination below, the wine industry in the U.S. uses American Viticulture Areas (AVAs) to define
distinct regions, while in France, a GI is denoted as an Appellation d’Origine Contrôlée (AOC). The specifications
are slightly different, but the similarities are such that this paper considers them to be identical. I will herein use the
terms “GI” and “regional designation” synonymously to describe an officially recognized region (in the case of
wine, this is a region of origin for grapes used in wine production).
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positive effect to a point and decreasing thereafter. The implications of this research tend to
support policies of increased scrutiny over the designation of new GIs.
The economic literature on product differentiation is extensive. Salop (1979) shows that
under certain circumstances, the market may overprovide variety compared to socially optimal
levels. Conceptually, this result applies to regional branding whereby an unrestricted market may
overprovide regional designations. Though in this model I assume the number of regional
designations is exogenously determined, the results are consistent with Salop’s predicted
overabundance of variety.
Product heterogeneity, as represented to consumers through branding and product-label
specificity, can potentially play a key role in consumers’ decision-making calculus. However, as
labels become too encumbered with information, it becomes harder to tease out the marginal
effects of each inclusion (Lusk, 2003), potentially owing to a diminishing marginal utility of
attributes. Since the true quality of experience goods is unobservable ex ante, consumers must
rely on their prior knowledge to inform their expectations. Those priors are constructed from
consumers’ beliefs about firm and regional quality (i.e., reputations). Recognizing this, firms
invest in reputation. Shapiro (1983) formalizes this process in a dynamic competitive equilibrium
model, treating reputation as a stock that grows based on firm investment in quality.
Research on collective reputations shared across firms remains in its early stages, but the
literature is growing. I define reputation as a dynamic function of quality, with better reputations
reflecting consistently higher quality. I define collective reputation as the reputation of a GI or
region-specific aggregate of firms. Firm and collective reputations are similar conceptually, but
the latter involves a weighted aggregation of members’ production quality within a given region.
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A firm producing experience goods has several options. It can build its reputation
independently through investment in quality, treating its reputation as an asset (Shapiro, 1983).
Alternatively, a firm can rely partly on the reputation of some group of which it is a member
(Tirole, 1996), in this case a GI. The first approach requires large-scale production for
consumers’ search costs to be met with the opportunity of repeat purchase, and the second allows
firms the ability to free ride on the existing GI’s reputation. In practice, many firms, especially in
food and agricultural markets, follow a combination of these two approaches.
Winfree and McCluskey (2005) explain that collective reputation is a non-excludable,
non-rival public good. As such, firms have an incentive to freeride on collective reputation,
which creates a disincentive to invest in quality. In some cases, firms agree to allow a regulatory
or enforcement entity to oversee members utilizing the specific collective reputation and employ
exclusionary quality standards to deter free ridership. In other cases, firms may rely on a central
regulatory body for enforcement of standards or membership across multiple collective
reputations. Financial (e.g., entry cost) and geographical constraints are among the main reasons
firms may be excluded from a GI in the U.S., whereas firms in other countries often face
additional regulatory restrictions. If GIs are large enough to support firm entry, new entrants can
benefit from the free advertising and built-in reputation of a successful GI (van Zanten, Bruwer,
and Ronning, 2003). This could effectively flood the market with new competitors and usher in
demand for further regional separations (Agarwal and Barone, 2005). Recent work by Castriota
and Delmastro (2015) demonstrates that collective reputation and group size exhibit an invertedU relationship – as the number of producers in a given coalition (similar to the GI described
herein, but with quality standards and rules for membership) increases, the collective reputation
increases to a maximum value and decreases thereafter. In their model, Castriota and Delmastro
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treat collective reputation as the dependent variable conditional on membership, among other
regressors. In contrast, I treat collective reputation as a regressor to determine a reputation’s
effect on revenue.
Several papers have adapted Shapiro’s standard firm-specific model to account for the
collective reputation of GIs (for example, see Costanigro, McCluskey, and Goemans, 2010;
Menapace and Moschini, 2012). Costanigro, McCluskey, and Goemans (2010) examine a data
set similar to that used in this paper from a different perspective. They find that consumers’ use
of firm and collective reputations – as evidenced by their effects on an implicitly determined
price – varies across price quantiles, with collective reputation being a stronger determinant of
price in the lower-priced segments and individual firm reputation being more influential in the
higher-priced segments. Intuitively, a consumer’s cost of being wrong increases with higher
prices. Therefore, consumers are more willing to face the search costs of acquiring information
on individual firms when the cost of being wrong is higher. My analysis corroborates Costanigro,
McCluskey, and Goemans’ (2010) results, but the emphasis here is on how firm and collective
reputations’ effects on prices vary as the number of regional designations increases. I include a
brief investigation of how firm and collective reputations influence prices across price quantiles,
but I further consider how these relationships change with increased regional specificity.
Unlike individual firm reputation, collective reputations allow single firms to reach a
broader section of the market. Individual firms can benefit from collective reputation spillovers
(Gergaud, Livat, and Warzynski, 2012), but those gains are bounded. Schamel (2009) shows that
as regional reputations gain credence, the value of individual firm reputations decrease and
prices rely more on collective reputation. Though Schamel (2009) uses international data with
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more broadly specified regions, I find dissimilar results in an empirical investigation of
Washington.
As noted above, the inclusion of GIs on product labels has been shown to influence
prices. The hedonic regression approach decomposes the marginal price effects of specific
product attributes (Lancaster, 1966; Rosen, 1974). Several papers have used this approach to
show that individual firms’ product prices reflect their GI’s collective reputation. Schamel and
Anderson (2003) consider the influence of individual factors on the market prices of different
bottles of wine. Though their results for the influence of GIs on prices are mixed, they uncover
an upward trend in premia for specific GIs from 1992 to 1999 vintages in Australia, estimating
hedonic regression equations for each vintage separately. Frick and Simmons (2013) consider
price effects of collective reputations as measured by membership in specific professional
organizations that enforce quality standards. They argue that the presence of free riders nullifies
incentives to invest in regional reputations. Endogenous price fluctuations by GI indicate
consumers’ willingness to pay for specific product attributes. For firms to benefit from including
GIs on their labels, consumers must use this information in purchasing decisions. Ample
evidence indicates that consumers do in fact use this information, though to varying degrees
(Atkin and Johnson, 2010; Jin et al., 2011; Menival and Charters, 2014).
Relevant to the policy implications of research on collective reputations, Menapace and
Moschini (2012) focus on the effects of GI certification (e.g., firms within a GI being legally
compelled to meet minimum quality standards), positing that firm and collective reputations can
beneficially coexist. Though my study does not specifically examine GI certification, this
research taken in conjunction with Menapace and Moschini’s (2012) results has implications for
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more restrictive policies on the adoption of new regional designations and the governance of
existing ones. I further discuss policy toward the end of the results section.

3.2 Theoretical Framework
I first examine the nature of the GI space and how more narrowly defined regional designations
affect the information available to consumers. I begin with a finite two-dimensional plane (or
main region) containing 𝑁𝑁 firms. If no subregions are defined within the main region (𝐺𝐺𝐼𝐼1 ), the

number of regional designations is one, as illustrated in Figure 3.1(a). Consumers’ perception of
product quality in 𝐺𝐺𝐼𝐼1 , defined as an aggregate measure of the quality of all member firms’

products, is not informative in making choices between products within the region. It is costly
for consumers to independently obtain information about each firm in 𝐺𝐺𝐼𝐼1 , but this is the only

approach available when one GI is designated.

The original space may be divided (equally or unequally), which provides weakly
additional information about product quality within the smaller area, also increases information
search/processing costs. A single division yields two regional designations. In Figure 3.1(b), the
two regions are the broadest region, 𝐺𝐺𝐼𝐼1 , and a more narrowly defined subset of the original GI
space, 𝐺𝐺𝐼𝐼2 . Consumers retain their existing knowledge of individual firms’ reputations for

quality, but now there is additional information about these two sets of products, each sharing a
common regional designation. For simplicity, I assume that each firm utilizes only one
designation based on the most narrowly defined subset of which the firm is a member (i.e., I
ignore nesting effects). In Figure 3.1(b), any firms located within 𝐺𝐺𝐼𝐼2 utilize the 𝐺𝐺𝐼𝐼2 regional

designation and any firms located outside of 𝐺𝐺𝐼𝐼2 utilize the 𝐺𝐺𝐼𝐼1 designation. In the context of
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apples, 𝐺𝐺𝐼𝐼1 could be the U.S. and 𝐺𝐺𝐼𝐼2 could be Washington. This increased specificity allows
consumers to make more informed purchase decisions.

As the number of regional designations increases, hence increasing specificity by
narrowing the GI space, consumers get more information about groups of products. A central
authority can make as many divisions as she wishes pursuant to any regulations in place, but the
number of regional designations is bounded by the number of firms, 𝑁𝑁. Once the number of
regional designations, 𝐽𝐽, reaches the number of firms (such that 𝑁𝑁 = 𝐽𝐽), GIs impart no

information to consumers that is unique from information about the individual firms contained
therein. Thus, the technical constraint on the number of regional designations is 𝑁𝑁. In the context
of apples, this is equivalent to reducing the size of regional designations each to comprise only a
single grower. If grower information is also known to consumers, then GIs do not provide
additional information. Figure 3.1(c)-(f) demonstrates this complete narrowing of the GI space to
𝐽𝐽 = 𝑁𝑁. A looser but still pertinent constraint on the number of regional designations concerns the

number of firms in each designation. Any regional designation containing only one firm does not
impart additional information to consumers. Hence, there is a more restrictive informational
constraint dictating that the number of regional designations not exceed half the number of firms
(𝐽𝐽 ≤ 𝑁𝑁/2).

I examine these relationships more formally with a model, keeping these restrictions in

mind. For simplicity, I assume that each firm produces a fixed quantity of output per period,
normalized to one. By abstracting away from a joint decision over quantity and quality, I
consider an individual firm’s choice of quality 𝑥𝑥𝑖𝑖,𝑗𝑗,𝑡𝑡 , where 𝑖𝑖 indexes the firm, 𝑗𝑗 indexes the

region, and 𝑡𝑡 indicates the given period. With experience goods, consumers cannot perceive

quality prior to purchase (Nelson, 1970), so they must rely on reputations as a proxy for quality.
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Each firm has a time-specific individual reputation, 𝑟𝑟𝑖𝑖,𝑡𝑡 , independent of its regional delineation.
Similarly each region has a time-specific collective reputation, 𝑅𝑅𝑗𝑗,𝑡𝑡 , which is an aggregation of

individual members’ product quality within the region. Both reputation variables are recursively
constructed to account for consumers’ priors. In the general case, firm reputation can be
formulated as
𝑟𝑟𝑖𝑖,𝑡𝑡 = 𝛼𝛼1𝑟𝑟 𝑟𝑟𝑖𝑖,𝑡𝑡−1 + 𝛼𝛼2𝑟𝑟 ∑𝑗𝑗 𝑥𝑥𝑖𝑖,𝑗𝑗,𝑡𝑡 ,

(1)

where 𝛼𝛼1𝑟𝑟 ∈ [0,1] and 𝛼𝛼2𝑟𝑟 ∈ [0,1] are weights assigned to priors and current quality across all the
firm’s products, respectively. And similarly, regional reputation can be constructed as
𝑅𝑅𝑗𝑗,𝑡𝑡 = 𝛼𝛼1𝑅𝑅 𝑅𝑅𝑗𝑗,𝑡𝑡−1 + 𝛼𝛼2𝑅𝑅 ∑𝑖𝑖 𝑥𝑥𝑖𝑖,𝑗𝑗,𝑡𝑡 ,

(2)

where 𝛼𝛼1𝑅𝑅 ∈ [0,1] and 𝛼𝛼2𝑅𝑅 ∈ [0,1] are weights assigned to priors and current quality across all

firms in the region, respectively. I assume that the reputation variables are bounded between zero
and 1, which can be guaranteed by 𝛼𝛼1𝑟𝑟 + 𝛼𝛼2𝑟𝑟 = 1, 𝛼𝛼1𝑅𝑅 + 𝛼𝛼2𝑅𝑅 = 1, and 𝑥𝑥𝑖𝑖,𝑗𝑗,0 ∈ [0,1]. As Shapiro
(1983) notes, reputation is an asset that should be treated as a dynamic state variable, and
qualitative results should be similar regardless of the reputation variable’s construction.
The conceptual framework herein is similar to that of Costanigro, Bond, and McCluskey
(2012), where firm and collective reputations are derived recursively and firms maximize profit
in each period subject to those dynamic reputation constraints. However, since costs are not
directly observable, I focus exclusively on the revenue side. Price is an implicit function of the
reputation variables such that
𝑝𝑝𝑖𝑖,𝑗𝑗,𝑡𝑡 = 𝑝𝑝�𝑟𝑟𝑖𝑖,𝑡𝑡 , 𝜙𝜙(𝐽𝐽), 𝑅𝑅𝑗𝑗,𝑡𝑡 , 𝑥𝑥𝑖𝑖,𝑗𝑗,𝑡𝑡 �,

(3)

where 𝜙𝜙(𝐽𝐽) is a familiarity parameter that is decreasing in the total number of regional

designations, 𝐽𝐽 (i.e., 𝜙𝜙 ′ (𝐽𝐽) < 0). The familiarity parameter encapsulates the decreasing ease with
which consumers are able to disentangle information about collective reputations as the number
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of regions becomes unwieldy. The goal is to test my conjecture that as the number of regional
designations in the market increases, firms’ marginal returns to collective reputations begin to
decline.
More specifically, my intention in the ensuing empirical analysis is to show that the
marginal effect of collective reputation on price is increasing along with number of regional
designations to a point, and after that threshold number of regional designations is exceeded the
marginal effect of collective reputation on price begins to decrease. Formally, I examine whether
𝜕𝜕𝜕𝜕
there is some critical number of regional designations, 𝐽𝐽,̅ such that 𝜕𝜕𝜕𝜕�

𝐽𝐽<𝐽𝐽 ̅

𝜕𝜕𝜕𝜕

> 0 and 𝜕𝜕𝜕𝜕�

find that, at least in the case of the Washington wine industry, such a critical 𝐽𝐽 ̅ exists.

𝐽𝐽>𝐽𝐽 ̅

< 0. I

3.3 Data
To examine the model and to test my intuitive hypotheses in a real-world context, the wine
industry provides a practical case study where expert reviews act as a proxy for product quality. I
collected unbalanced panel data on ratings and reviews, regions, prices, production, vintages, and
firms from Wine Spectator magazine for the period 1985-2013. Worldwide data are available,
but differences in GI definitions and rules, as well as country-specific petitioning processes for
GI creation, may limit meaningful analysis on such a broad scale. To minimize these issues and
isolate a specific GI space in which to work, the analysis herein will focus on the state of
Washington. This framework could be extended to examine other regions individually or a
broader aggregate, such as the Pacific Northwest. Washington is presently of particular interest
because it is a newer, emerging region within the industry, and several regional designations
were formed during the period of study.
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Though I have data on the actual locations where wines are sourced, I am primarily
interested in those wines for which the firm explicitly lists a GI on its label. A specific GI label
may be used if and only if certain thresholds are met. 7 Incorporating only stated GIs in the
analysis is appropriate since general consumers will not have access to information on a wine’s
geographic source beyond what is available on the label or in published reviews. 8
Prices are those quoted directly from the firms rather than the secondary retail market.
For uniformity, all bottles of unusual volume are excluded from the analysis. I begin with 9,601
rating observations, but of those only 9,243 contain the requisite information to warrant inclusion
in the estimation procedure. I also exclude 120 non-vintage bottles that cannot be used to
construct age and recursive reputation variables. A summary of the data grouped by vintage is
available in Table 3.1.
Individual firm-level data were collected manually from firm websites. Measurement is
annual, and I use end-of-year GI totals to account for issues of implementation and productrelease dates. Wine prices are adjusted to 1982-1984 values by a consumer price index for
alcohol.
In the past, firm age has often acted as an instrument for reputation since consumers
presumably consider longevity to be a good proxy for quality (Ju Choi and Kim, 1996). The idea
is that wineries that survive must meet some standard of quality. When numerous firms are of a
similar age, however, this survivor-quality link does not provide much distinct information to

7

The current U.S. threshold necessitates that 85% of wine contained in a given bottle must be sourced from within
the named GI, or 75% if the GI is a state or county rather than an AVA. The current standard in Washington state for
use of the state name or an in-state AVA is stricter, requiring that 95% of the wine contained must be from the
region specified.
8
In this way, I also sidestep one of the issues inherent in nested regions: firms in the narrowly defined nested
regions may choose a broader GI for their product label. I investigate consumers’ perceptions of quality and
reputation, which are calculated based on what consumers observe. Firms’ choices over GI label specificity are
exogenous to consumers’ direct perceptions of firm and collective reputation.
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consumers. Without losing sight of the important dynamic nature of consumer perception in
reputation construction, I provide a more robust analysis. I include age as a control in the
empirical model, but I build explicit recursive variables for firm and collective reputations below
using expert-ratings data that are available to consumers (often even at the point of purchase).

3.4 Empirical Model
Wine prices are implicitly determined through product attributes. Quantity is determined by the
harvest and/or the amount of grapes purchased, both occurring prior to final product quality
assessment. Quality is assessed after production and cannot be changed ex post. Production costs
are unknown to consumers. I have proxy observations of quality, so I use price as the dependent
variable, which is implicitly determined by perceived quality attributes. Under the hedonic price
approach of Rosen (1974), price can be decomposed into its primary elements; in this case the
most basic elements are firm reputation, GI reputation, quality, and number of GIs. My analysis
begins with a general price equation for each bottle of wine:
𝑝𝑝 = 𝑝𝑝(𝑟𝑟, 𝑅𝑅, 𝑥𝑥, 𝐽𝐽),

(4)

where 𝑝𝑝 is price, 𝑥𝑥 represents a bottle’s quality, 𝑟𝑟 is firm reputation, 𝑅𝑅 is GI reputation, and 𝐽𝐽 is
the total number of GIs. This model is convenient as it allows for the calculation of marginal
willingness to pay for specific product attributes; for example, 𝜕𝜕𝜕𝜕/𝜕𝜕𝜕𝜕 indicates the effect on
price of a unit increase in collective reputation.

For a baseline regression, I consider a linear model such that
𝑝𝑝𝑖𝑖,𝑗𝑗,𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1 𝑟𝑟𝑖𝑖,𝑡𝑡 + 𝛽𝛽2 𝑅𝑅𝑗𝑗,𝑡𝑡 + 𝛽𝛽3 𝑥𝑥𝑖𝑖,𝑗𝑗,𝑡𝑡 + 𝛽𝛽5 𝐽𝐽𝑡𝑡 + 𝜖𝜖𝑖𝑖,𝑗𝑗,𝑡𝑡 ,

(5)

where 𝑖𝑖 indexes the firm, 𝑗𝑗 indexes the regional designation, and 𝑡𝑡 indexes the vintage. I examine
the robustness of the initial model specification by including additional potential determinants of
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price: 𝑍𝑍𝑖𝑖,𝑗𝑗,𝑡𝑡 are other exogenous time-dependent explanatory variables, 𝑍𝑍𝑖𝑖,𝑗𝑗 are other exogenous
static regressors, and 𝑍𝑍𝑡𝑡 are vintage fixed effects.

I tested multiple specifications – including some with nonlinear components – but the

qualitative results remained similar across models. I ignore any GI nesting and all variables for
each observation employ the narrowest GI used in labeling. Before performing any regression
analysis using this model, the variable proxies must be explicitly defined and constructed. The
goal here is to indicate some heterogeneous, ordinal values associated with reputations that are
not imparted simply with region dummies and age variables. 9 To estimate the value of a
collective reputation, one must disentangle its effects from the individual firm reputation effects
on potential revenue.
Since quality is not directly observable, I use wine ratings as a proxy for quality.
Reputations are dynamic, so firm and GI reputations are calculated recursively, as modified from
equation (1) for simplicity of programming. Firm 𝑖𝑖’s reputation is
𝑟𝑟̃𝑖𝑖,𝑡𝑡

𝐽𝐽𝑖𝑖,𝑡𝑡

1
−1
=
�𝜌𝜌𝑟𝑟 𝑟𝑟̃𝑖𝑖,𝑡𝑡−1 + �𝐽𝐽𝑖𝑖,𝑡𝑡
� 𝑥𝑥𝑖𝑖,𝑗𝑗,𝑡𝑡 � � ,
1 + 𝜌𝜌𝑟𝑟

(6)

𝑗𝑗=1

where {𝑖𝑖, 𝑗𝑗, 𝑡𝑡} references a combination of firm 𝑖𝑖, GI 𝑗𝑗, and vintage 𝑡𝑡 (i.e., {𝑖𝑖, 𝑗𝑗, 𝑡𝑡} represents a

bottle index), 𝐽𝐽𝑖𝑖,𝑡𝑡 denotes the number of GIs in which firm 𝑖𝑖 produces a bottle in vintage 𝑡𝑡, and

𝜌𝜌𝑟𝑟 is a weighting parameter to account for the relative emphasis of consumer priors and current

quality aggregates.

GI reputations are calculated similarly as
𝑅𝑅�𝑖𝑖,𝑡𝑡
9

𝐼𝐼𝑗𝑗,𝑡𝑡

1
−1
=
�𝜌𝜌𝑅𝑅 𝑅𝑅�𝑖𝑖,𝑡𝑡−1 + �𝐼𝐼𝑗𝑗,𝑡𝑡
� 𝑥𝑥𝑖𝑖,𝑗𝑗,𝑡𝑡 � � ,
1 + 𝜌𝜌𝑅𝑅
𝑖𝑖=1

I test region dummies and age variables as robustness checks.
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(7)

where 𝜌𝜌𝑅𝑅 is a weighting parameter similar to that used in the firm reputation calculation and 𝐼𝐼𝑗𝑗,𝑡𝑡
is the number of firms in GI 𝑗𝑗 for vintage 𝑡𝑡. For both reputation variables, the initial value is

mean quality in the first period of inclusion – for initial firm reputation it is a mean across firm
production in a firm’s initial vintage, and for initial GI reputation it is a mean across all
production for that GI’s initial vintage. Though I considered including a measure of exposure for
the reputation calculations (e.g., controlling for retail locations), I ultimately determined this
would require data from points of purchase, which is beyond the scope of this paper. I begin the
analysis with 𝜌𝜌𝑟𝑟 = 1 and 𝜌𝜌𝑅𝑅 = 1, in other words assuming that priors and current quality are

equally weighted in reputation construction. I later relax that assumption to see whether the
estimation results change significantly.

Note that the baseline includes an intercept and excludes exogenous controls in which my
analysis is not immediately interested. To this baseline, I add other controls (𝑍𝑍𝑖𝑖,𝑗𝑗,𝑡𝑡 , 𝑍𝑍𝑖𝑖,𝑗𝑗 , and 𝑍𝑍𝑡𝑡 )
and modifications (e.g., 𝜌𝜌ℓ = [0,10] for ℓ = {𝑟𝑟, 𝑅𝑅}) to test the robustness of the results. Some
important specifications are outlined in more detail below. After testing many model

specifications, I find the most variation in the dependent variable is explained by the model
2
2
2
𝑝𝑝𝑖𝑖,𝑗𝑗,𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1 𝑟𝑟̃𝑖𝑖,𝑡𝑡 + 𝛽𝛽2 𝑟𝑟̃𝑖𝑖,𝑡𝑡
+ 𝛽𝛽3 𝑅𝑅�𝑗𝑗,𝑡𝑡 + 𝛽𝛽4 𝑅𝑅�𝑗𝑗,𝑡𝑡
+ 𝛽𝛽5 𝑥𝑥𝑖𝑖,𝑗𝑗,𝑡𝑡 + 𝛽𝛽6 𝑥𝑥𝑖𝑖,𝑗𝑗,𝑡𝑡
+ 𝛽𝛽7 𝐽𝐽𝑡𝑡 +

(8)

𝑇𝑇−1
∑𝐻𝐻
ℎ=1 𝛽𝛽ℎ+7 𝑍𝑍ℎ,𝑖𝑖,𝑗𝑗,𝑡𝑡 + ∑𝑡𝑡=1 𝛽𝛽𝑡𝑡+𝐻𝐻+7 𝑍𝑍𝑡𝑡 + 𝜖𝜖𝑖𝑖,𝑗𝑗,𝑡𝑡 ,

where 𝑍𝑍ℎ,𝑖𝑖,𝑗𝑗,𝑡𝑡 is a set of 𝐻𝐻 controls for red wine, interactions between red wine and other

variables, scarcity (defined as the inverse of production), age and age-squared, variety dummies,
estate and reserve dummies, and a dummy indicating whether Washington is listed explicitly on
the bottle, and 𝑍𝑍𝑡𝑡 is a control for 𝑇𝑇 − 1 vintage fixed effects. In the more detailed analysis below,

it is necessary to drop some of the terms (e.g., quadratic baseline regressors and vintage and
variety dummies) for uniformity across certain smaller data subsets.
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3.5 Results
3.5.1 Basic model
First, I regress price on firm and collective reputation, ratings, and the total number of GIs, using
all 9,123 observations (see Table 3.2). All the variable coefficients in the baseline model are
statistically significant to at least the 95% level. At this aggregate level of analysis, both firm
reputation and rating have larger marginal effects on price than GI reputation. I disaggregate the
data below in a quantile regression to further examine the magnitude of marginal reputation
effects. 10 Analysis of the baseline model regression reveals a significant inverse relationship
between price and the number of GIs. My conceptual framework outlines the existence of a
familiarity parameter through which an increase in the number of GIs would have a negative
effect on consumers’ abilities to incorporate GI information. The negative marginal effect of the
dynamic GI total in each model specification supports my conjecture.
Model 2 examines the marginal effects on price of interactions between firm and
collective reputations as a precursor to the quantile regression below. This interaction effect is
positive and significant, though the magnitude is only a fraction of the independent reputations’
effects. The magnitude of firm reputation’s marginal effect on price decreases between Models
and 2, while that of the collective reputation increases (a larger negative effect), and both remain
highly statistically significant. This indicates price is affected by reputations both independently
and jointly, though the variation in price is observed more strongly through the independent
reputations directly.

10

GI reputation’s marginal effect on price is not of a large magnitude for individual prices, but extrapolating to
calculate returns on production for the region, these small marginal effects can be substantial.
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Model 3 includes the inverse of production (in cases) as a measure of product scarcity. As
expected, price and scarcity move in the same direction. In Model 4, I include a dummy for red
wine and red wine interaction terms for the other variables. There exist significant differences
between red and white wine and the way their attributes influence price, so including these
interaction terms should reduce error in the model specification. However, it is notable that
several GIs have reputations built primarily around only red or only white wine; hence, removing
one color subset from the aggregate data could potentially introduce bias in the estimates. For
this reason, I opt to include a red dummy and interaction terms instead of restricting the analysis
to only a red or a white subset. That said, Table 3.3 presents estimation results for Model 1 and a
separate specification similar to Model 3 above with quadratic reputation and age variables for
red and white wine subsets. Examining the estimation results in Table 3.2 for Model 4 (again
using the full data set), one may observe that controlling for red wine increases the explanatory
power of the model – the adjusted 𝑅𝑅 2 increases from 40.0% in Model 3 to 47.4% in Model 4. For

the mean bottle attributes, there exists a substantial premium on red wine, as expected.
Model 5 includes controls for other qualitative label features – the inclusion of

“Washington,” “Estate,” and “Reserve” – and an age variable measuring time to market (i.e., the
time between vintage and review). Incorporating these controls, the reputation coefficient
estimates are qualitatively similar and they remain statistically significant. The addition of
“Reserve” to the label accompanies a significant price premium, which is intuitive as this label is
meant to indicate quality and exclusivity. Less expected is the lack of statistical significance on
the premium for estate wines, but that changes in subsequent specifications.
Models 6 and 7 add the potential for curvature in the reputation variables’ effects, and
these models also control for (1) variety and (2) variety and vintage, respectively. Though the
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sign changes for the GI reputation coefficient in the final two specifications, the aggregate effect
of GI reputation (calculating the combined effect of GI and squared-GI reputation estimates)
changes minimally for the mean bottle. The quadratic specification in the baseline variables
alone does not significantly impact the explanatory power of the model. Few of the individual
vintage effects are statistically significant, and controlling for them reduces the explanatory
power of the total number of GIs as the two are highly correlated. Given this collinearity and
other data constraints on varieties in smaller subsets, the specification used in subsequent
sections is similar to that in Model 5, wherever possible. Further, my analysis indicates the
presence of heteroscedasticity in the model, so White standard errors are reported.
To test the robustness of the preceding results to the specific construction of reputation
calculations, I examine several reputation weights and a GI dummy replacing GI reputation,
taking a value of one whenever any GI narrower than the state level is employed and zero
otherwise. The results are presented in Table 3.4. Shapiro (1983) finds that qualitative results and
intuition should tend to hold regardless of the mechanism used for reputation formation.
Following that line of logic, I initially used a baseline weight of 𝜌𝜌 = 1 to construct both of the

reputation variables. To see whether the estimation results obtained employing my GI and firm
reputation calculations – from equations (6) and (7) – are robust to changes in the weights used
in their construction, I tested a range of such weights: 𝜌𝜌 ∈ [0,10].

As the results in Table 3.4 indicate, reputation weights do not shift the coefficients to any

large degree. Going from perfect ignorance of the past (𝜌𝜌 = 0) to an intense reliance on the past

in reputation construction (𝜌𝜌 = 10), the coefficient on GI reputation increases by approximately
26.2%, and it remains statistically significant. Similarly, firm reputation and total GIs remain
statistically significant, and they decrease by 15.7% and 6.4%, respectively, across the same
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range of reputation weights. The changes in coefficient magnitudes are less important than any
qualitative differences. This analysis suggests that if consumers have a longer recall in their
mental construction of reputations, this will tend to increase the amplitude of GI reputation’s
marginal effect on price and retard the marginal effect of firm reputation. None of the changes in
reputation construction affects the direction in which the other variables affect price, as Shapiro
(1983) predicts. The change is statistically significant but not large enough to warrant testing
separate reputation constructions for all specifications below.
Similarly, I do not observe much qualitative difference in the estimates when I drop
specific GI reputations in favor of a GI-inclusion dummy variable, as shown in the first column
of Table 3.4. The magnitude of the GI dummy differs from that of GI reputation since the values
are of differing magnitudes. Aside from that, the other coefficient estimates change minimally
from the specification with GI reputations, and the directions of the other coefficient estimates
do not change.
Though the results are not reported here, I tested model specifications using GI-specific
dummy variables and firm fixed effects instead of GI and firm reputation variables. The goal of
this paper, however, is to interpret the broader effects of GI reputations on price, so
disaggregating the data to account for region-specific variables does not provide lucrative
estimates to satisfy this end. Including firm fixed effects did not significantly alter the estimates
of my coefficients of interest, but it significantly reduced the degrees of freedom in the model.
For the smaller subsets below, using the firm reputation variable is preferable to firm fixed
effects in terms of tractability and interpretation.
The target of this analysis is to examine individual divisions of the GI space to determine
how the marginal effects of the explanatory variables on price are changing over time.
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Employing the aggregate data to this end leads to difficulties of interpretation. To conduct a
robust analysis of individual divisions of the GI space, I chose to subset the data by date range
based on the introductions of new GIs. If coefficient estimates change significantly across these
subset ranges, then the price effects of those variables are time inconsistent (i.e., the price effects
are dynamic). Using the preferred Model 5 specification, I present the results of this analysis in
Table 3.5.
In Figure 3.3, one may observe a few important features of the coefficients estimated in
regressions on these date-range subsets. Firm reputation and product scarcity maintain statistical
significance across all date ranges; the former trends upward and the latter trends down. Firm
reputation is becoming a more decisive component in price determination as the number of GIs
is increasing. The coefficient estimate for GI reputation, on the other hand, trends upward to a
point and then falls. Depending on the specification, the apex of GI reputation’s effect on price is
between six and nine GIs. For the impact analysis below in Section 3.5.4, I use a slightly
modified specification, which pinpoints the highest GI reputation coefficient estimate in price
determination at six GIs.
To further investigate this dynamic relationship between GI reputation and price, I
stratify the data to specific vintages in an approach similar to Schamel and Anderson’s (2003)
analysis. Under this approach, I cannot control for total number of GIs since that variable is fixed
for a given year. Figure 3.4 illustrates the changes in each of the coefficients from 1990-2012. 11
The trends are qualitatively similar to those from the GI date ranges above, but patterns are more
distinct and discernible with this partitioning of the data.
As in the GI-date-range subset, annual firm reputation coefficients trend upward. Rating
coefficients and age do not have a strong trend over time. The finding most important to the
11

I dropped years in which there were fewer than 50 observations to ensure the robustness of my estimation results.
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purposes of this paper follows from the intuition that GI reputation has a fleeting effect on price.
Figures 3.3(c) and 3.4(c) show that positive price effects stemming from GI reputation in
Washington trend upward to a point and then decrease, following a shallow inverted-U path. The
price effects attributable to GI reputation hover near zero after 2008 and occasionally are
negative. If this trend continues, then the profit-maximizing strategies of affected firms would
not include demanding additional GIs. This supports the inclusion of a familiarity term
incorporating the notion that as more GIs are introduced, consumers eventually reach a saturation
point beyond which further delineations yield lower returns. In other words, my empirical result
𝜕𝜕𝜕𝜕

is similar to my conjecture that for some 𝐽𝐽 ̅ (in this case it is six GIs), I should find that 𝜕𝜕𝜕𝜕�
𝜕𝜕𝜕𝜕

0 and 𝜕𝜕𝜕𝜕�

𝐽𝐽>𝐽𝐽 ̅

𝐽𝐽<𝐽𝐽 ̅

>

< 0. Though this is the result I expected to find, additional tests are necessary to

ensure that the results are robust.

3.5.2 Price segmentation and quantile regression
I next examine whether there exist structural breaks in GI reputation’s effect on price by price
segment. Following Costanigro, McCluskey, and Mittelhammer (2007), I locate an optimal set of
three break points (segmenting the market into four distinct price classes) using a joint minimum
sum of squared errors (SSE) across prices in the four segments. Optimal breaks were determined
using a grid search over combined SSE for 113,564 distinct subset combinations. This goodnessof-fit analysis identified optimal ranges. To maintain consistency across the literature, I adopt the
names used by Costanigro, McCluskey, and Mittelhammer (2007): the commercial segment
(below $10), the semi-premium segment (between $10 and $18), the premium segment (between
$18 and $30), and the ultra-premium segment ($30 and above).
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The results shown in Table 3.6 are consistent with the findings of Costanigro,
McCluskey, and Mittelhammer (2007), but in quantifying regional reputations, I provide a
slightly more nuanced result. The estimation results indicate that GI reputations factor positively
into only the lowest-priced commercial segment. For premium segments, GI reputation and price
exhibit an inverse relationship. This result is intuitive – consumers in the market for commercial
wine may reduce search costs by relying on GI reputation as a proxy for quality across large
swaths of low-price alternatives. Choosing among products in the premium segments, the costs
associated with choosing poorly increase and consumers are more likely to spend additional
effort. The effects of firm reputation on price are positive and increase with price segments. The
reputation effects by price segments are illustrated in Figure 3.5.
I also investigate the relationship between price and the two reputation variables using
the more rigorous approach of quantile regression (Koenker and Bassett, 1978). The results are
similar to those under the price segmentation framework above, but the relationship is clearer
with the more robust and uniform quantile regression using 20 quantiles. As shown in Figure 3.6,
collective reputation has a stronger effect on price for the lower price quantiles, and the effect
diminishes for higher price quantiles. The opposite holds for the effects of firm reputation on
price, which is lower for lower price quantiles and increases in higher price quantiles. Again, this
suggests that consumers are more willing to incur the higher search costs of investigating
individual firms/products in the higher price quantiles while the broader information imparted by
a collective reputation is sufficient for products in the lower price quantiles.
Further separating the data into date ranges by the number of GIs in use, I conduct the
same quantile regressions and compare the price quantile results across GI-date ranges. Though I
conducted this analysis for all variables in Model 5, the results presented here are for only the
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variables of interest (i.e., firm and GI reputation variables in Figures 3.7 and 3.8, respectively).
Firm reputation exhibits an increasing influence on price corresponding to higher price quantiles
until the number of GIs reaches 13. By contrast, collective reputation has a less defined effect
across quantiles when fewer GIs existed. As the number of GIs increased, the effect more clearly
mirrors the aggregate effects described above. The influence of collective reputation on price
across quantiles is similarly less pronounced with 13 GIs. This evidence further supports my
argument that as the number of GIs increases and consumers are less familiar with each,
collective reputation becomes a less viable source of information, regardless of price.

3.5.3 Individualized approach
A noteworthy caveat in generalizing the approach in Section 3.5.1 to characterize the effects of
adding regional designations is that the estimates obtained examine the mean price effects of
variables in a highly aggregated data set. For example, marginal effects may differ across
subregions, and those differences are not captured in the models above. Prior to this point, I have
not considered the treatment effect of adding a single, specific regional designation. Even if, on
average, the price effects of adding an additional regional designation are negative, there may
exist incentives for specific regional designations to be created if the returns to that particular
region are expected to be positive. To consider this potentiality, I utilize the difference-indifference approach. A difference-in-difference model estimates the effect of a treatment (e.g.,
GI creation) on the treated group. It requires a properly specified control group that remains
unaffected by the treatment. To maintain the necessary distance between control and treatment
groups, I restrict the data to a subset including Yakima Valley and bottles without a specified GI.
I examine the effects of segregating Yakima Valley on (1) firms remaining in Yakima Valley
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(indirect treatment group), (2) those changing to a new GI (direct treatment group), and (3) those
that remain unaffected (control group). The group staying within the initial GI is affected by the
reduction in number of firms sharing the GI as well as a change in reputation. Based on the
nature of the data, I ultimately use something akin to a difference-in-difference-in-difference
model as follows:
𝑝𝑝𝑖𝑖,𝑗𝑗,𝑡𝑡 = 𝛽𝛽0𝑑𝑑 + 𝛽𝛽1𝑑𝑑 𝐷𝐷𝑖𝑖𝑖𝑖𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌 + 𝛽𝛽2𝑑𝑑 𝑟𝑟̃𝑖𝑖𝑖𝑖 + 𝛽𝛽3𝑑𝑑 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 +
𝛿𝛿𝑠𝑠 𝐷𝐷𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛾𝛾𝑠𝑠 𝐼𝐼𝑡𝑡≥𝜏𝜏 (𝑠𝑠) + 𝜉𝜉𝑠𝑠 𝐷𝐷𝑖𝑖𝑖𝑖𝑖𝑖 𝐼𝐼𝑡𝑡≥𝜏𝜏 (𝑠𝑠) +

𝜉𝜉𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌 𝐷𝐷𝑖𝑖𝑖𝑖𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌 𝐼𝐼𝑡𝑡≥𝜏𝜏 (𝑠𝑠)

+

𝑑𝑑
𝜖𝜖𝑖𝑖𝑖𝑖𝑖𝑖

(9)

where 𝐷𝐷𝑖𝑖𝑖𝑖𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌 is a dummy for Yakima Valley, 𝑠𝑠 denotes the treatment GI, 𝛿𝛿𝑠𝑠 is the coefficient

of the treatment group dummy 𝐷𝐷𝑖𝑖𝑖𝑖𝑖𝑖 , 12 𝛾𝛾𝑠𝑠 is the coefficient on the treatment-in-effect indicator

variable 𝐼𝐼𝑡𝑡≥𝜏𝜏 (𝑠𝑠) (where 𝜏𝜏 indicates the start of the treatment period, so if 𝑡𝑡 ≥ 𝜏𝜏 then the treatment
is in effect and 𝐼𝐼𝑡𝑡≥𝜏𝜏 (𝑠𝑠) = 1), 𝜉𝜉𝑠𝑠 is the coefficient of the treatment effect on the treated group, and
𝜉𝜉𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌 is the treatment effect on Yakima non-inclusive of the direct treatment group.

Before examining the model in equation (9), I restrict the sample to include only within-

group changes – a difference-in-difference model excluding any terms utilizing 𝐷𝐷𝑖𝑖𝑖𝑖𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌 (i.e., the
second and eighth terms in equation (9)) – using exclusively Yakima Valley data rather than

including the non-GI control group. Using this approach allows for the consideration of changes
specific to the Yakima region before comparing those to an external control. Table 3.7 provides
estimation results for the models under both data subsets (Yakima only and the one containing a
non-GI control group) for each of three sequential regional segmentations of Yakima Valley.
For the initial treatment in which Red Mountain split away from Yakima Valley in 2001,
I use data from 1995-2003. I observe that the treatment effects are positive regardless of whether
12

This dummy incorporates bottles that provide GI information both before and after a GI is certified, and it
required some subjective analysis to determine which bottles in the post-treatment treatment group tied back to
similar bottles in the pre-treatment treatment group.
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I use the external control group. For the properly specified difference-in-difference-in-difference
model, the treatment effects on Red Mountain and Yakima Valley are positive, but only the
former is statistically significant. There is a price premium associated with both Yakima Valley
and Red Mountain compared with non-GI bottles.
The further partitioning of Rattlesnake Hills from Yakima Valley in 2006 illustrates a
trend similar to that described by the initial models in Section 3.5.1. Using data from 2001-2009,
I find the treatment effects of adding Rattlesnake Hills are all smaller in magnitude than those of
adding Red Mountain. Prior to including the external control group, the coefficient estimate for
the treatment-in-effect dummy variable is negative and significant, indicating post-treatment
prices are lower on average for the full Yakima Valley subset. Estimates including the non-GI
control group provide similar results – prices are lower on average, the treatment effect on
Rattlesnake Hills is small but positive and not significant, and the treatment effect on Yakima
Valley is negative but not significant. The treatment effects for the Snipes Mountain partition in
2009, estimated using data from 2001-2013, are negative, of a higher magnitude, and statistically
significant. 13 The results of this analysis of treatment effects closely follow those obtained using
the aggregate data in Section 3.5.1.
Rattlesnake Hills faced significant opposition when its petition for creation was
submitted. To ensure that my results hold beyond Yakima Valley, I performed a similar analysis
for partitioning within the much larger Columbia Valley. The results obtained are qualitatively
similar; however, the overlapping breaks in that region make it more difficult to disentangle
individual effects. Again, the empirical analyses support the argument that price returns to the

13

The longer date range of this subset was necessary to capture a sufficient number of treated bottles in this
unbalanced panel. The results are robust to controls for previous partitions; however, the results presented in Table
3.7 exclude these controls for prior partitions.
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proliferation GIs in Washington follows an inverted-U shape, and at this point Washington has
passed the peak.

3.5.4 Estimated impact and implications
To demonstrate the financial significance to the Washington wine industry of increasing the
number of regional designations beyond the 𝐽𝐽 ̅ threshold, I provide a brief and simplified

counterfactual illustration. Holding all else constant, I compare observed outcomes with an
alternative trajectory where the number of regional designations is held fixed at six – the number
of regions at which GI reputation has the largest effect on price, according to estimates from
several of the initial model specifications. From this, I construct predicted prices from which I
can subtract the true, observed prices. To construct impacts in terms of revenue, I could multiply
those price differences by the quantity produced and sum over all observations. However, this
approach would not provide a high level of accuracy given that prices are not fully determined
by the variables in the model and the data do not include all Washington wines. Regardless, this
price analysis will give some indication of the potential financial impact of overproviding
information in the form of regional designations. This model requires a re-coding of any regions
beyond the initial six back to their original GI and then a recalculation of regional reputations
based on only six GIs.
More pedantically, I estimate the coefficients conditional on the number of GIs being at
its empirical maximum in terms of the GI reputation’s effect on price:
𝑝𝑝𝑖𝑖,𝑗𝑗,𝑡𝑡|𝐽𝐽=6 = 𝛽𝛽0 + 𝛽𝛽1 𝑟𝑟𝑖𝑖,𝑡𝑡|𝐽𝐽=6 + 𝛽𝛽2 𝑅𝑅𝑗𝑗,𝑡𝑡|𝐽𝐽=6 + 𝛼𝛼𝑋𝑋𝑖𝑖,𝑗𝑗,𝑡𝑡|𝐽𝐽=6 + 𝜖𝜖𝑖𝑖,𝑗𝑗,𝑡𝑡|𝐽𝐽=6 ,
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(10)

where 𝛼𝛼 is a vector of coefficients and 𝑋𝑋 includes rating, a red dummy and interaction terms, and

other controls from Model 5. Running a regression of equation (10), I obtain an estimate for 𝛽𝛽̂2. I
then estimate coefficients conditional on subsequent ranges of GI totals, 𝐽𝐽 = {7, … ,13},
𝑝𝑝𝑖𝑖,𝑗𝑗,𝑡𝑡|𝐽𝐽={7,…,13} = 𝛽𝛽0∗ + 𝛽𝛽1∗ 𝑟𝑟𝑖𝑖,𝑡𝑡|𝐽𝐽={7,…,13} + 𝛽𝛽2∗ 𝑅𝑅𝑗𝑗,𝑡𝑡|𝐽𝐽={7,…,13}

(11)

+ 𝛼𝛼∗ 𝑋𝑋𝑖𝑖,𝑗𝑗,𝑡𝑡|𝐽𝐽={7,…,13} + 𝜖𝜖𝑖𝑖,𝑗𝑗,𝑡𝑡|𝐽𝐽={7,…,13} ,

individually estimated for each GI-date range so that 𝛽𝛽̂0∗ , 𝛽𝛽̂1∗, and 𝛽𝛽̂2∗ are each vectors (and 𝛼𝛼�∗ is

a matrix) with estimates for each GI-date range. Using those estimates, I then replace 𝛽𝛽̂2∗ with

the fixed 𝛽𝛽̂2 and the GI-date-range-specific coefficients to predict what prices would be if GIs

had been fixed at the defined optimum. I can then compare the means of the true and estimated
prices to get an estimate of the impact of increasing the number GIs beyond the optimum. Figure
3.9 provides an illustration of GI proliferation’s estimated impact on prices. One can observe that
the mean of estimated prices are higher in the restricted model, between 17.50% and 42.94%.
The variance is relatively high, with the standard deviation exceeding the difference between true
and estimated prices in all except the final date range. By fixing only one of the coefficients, this
should provide more conservative price estimates in terms of magnitude than simply fixing all
coefficients; however, this approach is only as accurate as the assumption that only GI reputation
is affected by the changing number of GIs.
Given the strong negative effects of increasing the number of regional designations
beyond their threshold of positive returns, it is necessary to consider why new regional
designations continue to proliferate. There are several explanations. The first is along the lines of
Morton and Podolny (2002), who find that some firms in the California wine industry are
maximizing owner utility instead of pure profit functions. In this scenario, the owners’ marginal
utility gains from increased specificity and more rigid identification outweigh their lost revenue.
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Another possibility is that those firms or individuals petitioning for new designations are
unaware of the broader impacts of their actions. While both cases may be true, this latter
explanation leads one to question the efficacy of existing policy in mitigating financial loss.
In the U.S. wine industry, anyone can petition to introduce a new regional designation 14 –
sometimes identifying an entirely new area with no existing GI and other times overlapping or
breaking up an existing one. A petition must demonstrate a degree of heterogeneity in the
proposed GI compared with existing regions sufficient to warrant a new GI. These petitions often
cite geological or climatic differences between new and existing GIs as support. Once a petition
is submitted, a comment period ensues, presumably followed by a tally of the comments for and
against to determine passage. Membership in a GI is nonrivalrous, and in the U.S. it only
depends on the geographic source of inputs rather than specifying or enforcing minimum quality
standards. In other words, the limitations to region creation are minimal and reputation
maintenance is not a priority among existing regions in the U.S.
As I have shown, the value of adding new regional designations can have deleterious
effects on aggregate firm revenues. In order to ensure the long-run welfare of firms, two paths
can be considered, each with its own merits. The ex ante approach would be to introduce strict
analytical methods when creating a new regional designation. In this case, the regulating body
would place restrictions on (or more intensely scrutinize the addition of) new regional
designations. Decisions under this approach would incorporate statistical analysis rather than
pure reliance on the terroir aesthetic to guarantee that the industry does not suffer from
information fatigue. The more arduous the process and the more difficult the path to acceptance,

14

See the U.S. Department of the Treasury, Alcohol and Tobacco Tax and Trade Bureau website for a more
thorough explanation of the petitioning process: <https://www.ttb.gov/wine/ava.shtml>.
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the fewer regions would be created. Of course, the major disadvantage of this approach is that it
would necessarily hinder the creation of regions that could be added with positive returns.
Menapace and Moschini (2012) describe an ex post approach whereby minimum quality
standards maintain a quality threshold that may not be reachable through free market action. This
places no constraints on the entry of new regional designations, but GI certification allows
collective reputations to act as a proper quality assurance mechanism for consumers. While this
does not directly address the information proliferation of increasing regions with decreasing
consumer familiarity, it should reduce the free-rider problem associated with a collective
reputation. Without the incentive to shirk in a new GI, low-quality firms’ incentive to petition for
new designations may be reduced, hence indirectly reducing the pace of GI creation.

3.6 Conclusion
The marginal effects of GI reputation on price are dynamic and vary across regions. As the
number of GIs increases, consumer familiarity with each individual GI decreases. I find that the
influence of a GI’s reputation on price increases to a point and then decreases as the number of
regions crosses a certain threshold, regardless of whether reputations are increasing or
decreasing. These findings have policy implications for the number of GIs introduced and
minimum quality standards for inclusion in a region. As long as GI reputations have a positive
effect on price, any policy leading to an increase in quality could still provide benefits to firms.
As the magnitude of GIs’ effects on prices decreases, so do the benefits of regional quality
standards.
The Washington wine industry has experienced a significant boom in recent years. Mean
prices and production have increased. This uptick may be partially responsible for the increasing
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number of regional designations as firms seeking more product heterogeneity (in the form of
specificity) petition for more regions. Without much formal analysis available to firms, they may
be unable to disentangle the causes behind price changes for themselves. Until the large
economic upturn ebbs and markups become sufficiently small, it is unlikely that firms will
intensely investigate how prices fluctuate with GI use and the number of GIs available.
There could exist an optimal number of GIs given all the parameters. But as my empirical
analysis seems to indicate, an optimal point could be very difficult to identify and is likely a
moving target. Finding the correct balance of information when short-run outcomes are not
easily observed would be difficult. Indeed, it may require the informed decisions of a social
planner (in the U.S. wine industry case, the Alcohol and Tobacco Tax and Trade Bureau) where
the existing process of adding new regional designations is deemed to yield suboptimal results.
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Table 3.1 Summary of Unbalanced Panel Data with Observations Arranged by Year
Vintage
1985
1986
1987
1988
1989
1990
1991
1992
1993
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013

Bottles
2
6
15
28
46
57
69
194
254
279
295
209
309
312
325
349
380
448
426
416
517
608
643
663
755
775
466
240
37

Total Firms
2
5
9
16
28
31
37
59
61
68
69
60
75
81
89
99
112
131
122
135
163
181
185
195
227
225
157
111
28

Total GIs in WA
3
3
3
3
3
3
3
3
3
3
4
4
4
4
4
4
5
5
5
6
7
9
9
9
11
11
11
13
13
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Table 3.2 Ordinary Least Squares with Multiple Model Specifications Controlling for Exogenous Variables
Variable
Constant
Bottle rating

Model 1
-161.5099***
(4.392)
0.4706***
(0.032)

Model 2
-87.5568***
(8.358)
0.4615***
(0.032)

Model 3
-152.8412***
(4.212)
0.4474***
(0.030)

Model 4
-84.9074***
(3.748)
0.2153***
(0.026)

Model 5
-88.7370***
(3.561)
0.1514***
(0.025)

1.5576***
(0.059)

0.7101***
(0.101)

1.4656***
(0.056)

0.8797***
(0.049)

0.9269***
(0.046)

0.0063**
(0.003)

-1.0046***
(0.105)

0.0066***
(0.002)

-0.0024
(0.002)

0.0224**
(0.011)

-0.5350***
(0.026)

-0.5632***
(0.026)

-0.5560***
(0.025)
621.7470***
(39.469)

Bottle rating, squared
Firm reputation
Firm reputation, squared
GI reputation
GI reputation,
squared
Total GIs

75

Scarcity
(inverse production)
Washington

-0.4336***
(0.023)
498.7179***
(61.325)

-0.4358***
(0.023)
435.0263***
(54.175)
2.0209**
(0.911)
0.4835
(0.362)
2.5966***
(0.300)
2.0448***
(0.243)
-0.1410***
(0.043)

Yes
No
No
9,123
0.474
821.707

Yes
No
No
9,123
0.496
599.550

Estate
Reserve
Age
Age, squared
Reputation Interaction
Red†
Variety, fixed effects
Vintage, fixed effects

No
No
No

0.0117***
(0.001)
No
No
No

No
No
No

Model 6
998.8426***
(84.042)
-6.6176***
(0.795)
0.0402***
(0.005)
-17.5984***
(2.101)
0.1072***
(0.012)
-0.2138***
(0.067)
0.0025***
(0.001)
-0.5139***
(0.027)
287.6192***
(61.449)
-0.0351
(0.903)
0.6438*
(0.337)
2.8002***
(0.285)
1.0960***
(0.235)
-0.0378
(0.040)

Yes
Yes
No

Observations
9,123
9,123
9,123
9,123
Adj. R2
0.336
0.349
0.400
0.562
F statistic
1157.365
977.860
1218.283
300.817
Statistical significance is reported at the 90% (*), the 95% (**), and the 99% (***) levels.
Standard error reported in parentheses below coefficient estimates are White’s heteroscedasticity-consistent robust standard errors.
† Also controlling for red interactions with other variables; for space, those additional controls’ coefficient estimates are not reported.

Model 7
1078.0603***
(96.225)
-6.6226***
(0.795)
0.0402***
(0.005)
-19.4960***
(2.372)
0.1183***
(0.014)
-0.4761***
(0.078)
0.0054***
(0.001)
-0.0967
(0.254)
242.1353***
(56.364)
-0.5112
(0.834)
0.5706*
(0.332)
2.7552***
(0.278)
1.7183***
(0.233)
-0.0831**
(0.040)

Yes
Yes
Yes
9,123
0.575
190.678

Table 3.3 Coefficient Estimates for Separate Red and White Subsets
Variable
Constant
Rating

Model 1
Red
White†
-159.4294***
-78.0308***
(5.446)
(3.976)
0.3526***
(0.040)

0.2193***
(0.028)

Rating Squared

Model 2
Red
White†
505.6876***
182.7431***
(37.507)
(42.224)
-14.8916***
(0.878)

-5.8464***
(0.983)

0.0882***
(0.005)

0.0361***
(0.006)

Firm reputation

1.6179***
(0.072)

0.7923***
(0.052)

1.4847***
(0.057)

0.7062***
(0.050)

GI reputation

0.0052
(0.004)

-0.0061**
(0.002)

0.0061*
(0.003)

-0.0037*
(0.002)

Total GIs

-0.5394***
(0.035)

-0.2276***
(0.024)

-0.5863***
(0.031)

-0.2469***
(0.021)

Age

1.4868***
(0.115)

3.4764***
(0.470)
-0.3203***
(0.075)
500.3075***
(40.593)

462.9031***
(66.821)

Age Squared
Scarcity

6,508
2,536
Observations
6,508
2,536
2
Adj. R
0.314
0.259
0.419
0.422
F statistic
595.407
222.466
586.855
308.860
Statistical significance is reported at the 90% (*), the 95% (**), and the 99% (***) levels.
Standard error reported in parentheses below coefficient estimates are White’s heteroscedasticity-consistent
robust standard errors.
† White is not aged, so that variable is omitted.
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Table 3.4 GI Dummies and a Range of Reputation Weights Used to Test Robustness of Results
to Reputation Construction
𝜌𝜌 = 1
-87.9423***
(3.607)

𝜌𝜌 = 0
-65.9551***
(3.444)

𝜌𝜌 = 1/2
-82.6407***
(3.558)

𝜌𝜌 = 2
-90.1654***
(3.562)

𝜌𝜌 = 10
-69.6747***
(3.151)

Rating

0.1516***
(0.025)

0.2023***
(0.026)

0.1467***
(0.025)

0.1880***
(0.024)

0.3320***
(0.023)

Firm reputation

0.9327***
(0.046)

0.5963***
(0.045)

0.8573***
(0.047)

0.9072***
(0.045)

0.5025***
(0.031)

GI dummy

0.5633
(0.838)
0.0271**
(0.012)

0.0230**
(0.011)

0.0227**
(0.011)

0.0342***
(0.013)

-0.3015***
(0.022)

-0.3972***
(0.023)

-0.4491***
(0.023)

-0.3209***
(0.022)

450.267***
(61.791)

440.1326***
(56.071)

433.9341***
(54.252)

451.3615***
(62.503)

Variable
Constant

GI reputation
Total GIs
Scarcity

-0.4286***
(0.023)
436.7678***
(54.465)

Washington

0.7303
(0.819)

2.2498**
(1.029)

2.0145**
(0.938)

2.0617**
(0.928)

2.8541**
(1.129)

Estate

0.4872
(0.362)

0.5237
(0.376)

0.5066
(0.368)

0.4287
(0.355)

0.2626
(0.364)

Reserve

2.5954***
(0.300)

2.2935***
(0.305)

2.5399***
(0.301)

2.5755***
(0.300)

2.0923***
(0.306)

Age

2.0510***
(0.243)
-0.1417***
(0.043)

2.1843***
(0.239)
-0.1579***
(0.042)

2.0519***
(0.241)
-0.1398***
(0.042)

2.1089***
(0.246)
-0.1536***
(0.043)

2.4186***
(0.245)
-0.2026***
(0.043)

Age, squared
Red†
Observations
Adj. R2
F statistic

Yes
9123
0.496
599.262

Yes
9123
0.466
530.884

Yes
9123
0.488
579.519

Yes
9123
0.499
606.912

Yes
9123
0.468
535.015

Statistical significance is reported at the 90% (*), the 95% (**), and the 99% (***) levels.
Standard error reported in parentheses below coefficient estimates are White’s heteroscedasticity-consistent robust
standard errors.
†
Also controlling for red interactions with other variables; for space, those additional controls’ coefficient estimates
are not reported.

77

Table 3.5 Regression Using Date-Range Subsets by Total GIs Currently Available for Use in Washington
1984-1994
(3 GIs)
-27.7791*
(15.627)
0.1621***
(0.034)

1995-2000
(4 GIs)
-73.91112***
(7.101)
0.2033***
(0.042)

2001-2003
(5 GIs)
-70.7471***
(11.453)
0.1829**
(0.074)

2004
(6 GIs)
-150.7192***
(56.242)
0.1626
(0.105)

2005
(7 GIs)
-96.4594***
(14.286)
0.2152*
(0.130)

2006-2008
(9 GIs)
-144.2112***
(20.751)
0.2028***
(0.065)

2009-2011
(11 GIs)
-97.6452***
(11.669)
0.1024
(0.091)

2012-2013
(13 GIs)
-97.8455***
(15.735)
-0.0907
(0.108)

Firm reputation

0.2984***
(0.072)

0.7137***
(0.093)

0.6679***
(0.122)

1.1382**
(0.486)

0.9758***
(0.229)

0.9740***
(0.103)

1.0373***
(0.129)

1.2563***
(0.231)

GI reputation

-0.0899
(0.176)

-0.0088
(0.038)

0.0324*
(0.018)

0.5038
(0.454)

-0.0093
(0.025)

0.5309**
(0.214)

0.0204
(0.025)

0.0037
(0.011)

646.4754***
(119.813)

491.9140*
(253.669)

464.7132**
(181.775)

425.6159***
(72.868)

-0.6238
(3.311)

2.6790*
(1.523)

43.0334
(39.808)

-1.0135
(1.677)

46.9649**
(18.942)

2.5207
(2.125)

0.3600
(0.755)

Variable
Constant
Rating

Scarcity

118.6284***
(22.158)

Washington

-7.0361
(14.918)

706.7608***
(81.300)

464.2260***
(115.453)

489.1020***
(78.510)
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Estate

5.0854***
(0.928)

0.5012
(0.839)

1.3221
(1.181)

1.0084
(1.606)

1.5620
(1.673)

-0.3193
(0.575)

0.4443
(0.721)

-0.3122
(0.619)

Reserve

2.1601***
(0.448)

2.3841***
(0.439)

4.0975***
(0.871)

3.8936***
(1.408)

3.3351*
(1.868)

3.5137***
(0.876)

2.5496***
(0.835)

1.3504
(1.725)

Age

1.3199***
(0.211)

1.2834***
(0.132)

0.6894***
(0.194)

0.6987**
(0.323)

0.2490
(0.292)

0.4783**
(0.202)

1.3086***
(0.274)

1.3202***
(0.407)

Red†

Yes

Yes

Yes

Yes

Yes

950
0.503
69.670

1799
0.585
181.879

1254
0.433
69.310

416
0.500
30.586

517
0.472
33.920

Observations
Adj. R-squared
F statistic

Yes
1914
0.512
144.085

Yes
1996
0.501
144.218

Statistical significance is reported at the 90% (*), the 95% (**), and the 99% (***) levels.
Standard error reported in parentheses below coefficient estimates are White’s heteroscedasticity-consistent robust standard errors.
†
Also controlling for red interactions with other variables; for space, those additional controls’ coefficient estimates are not reported.

Yes
277
0.595
30.017

Table 3.6 Ordinary Least Squares Estimates for Pooled and Segmented Hedonic Model
Price Segments
Semi-premium
Premium
-14.1858***
5.6190
(3.065)
(6.870)

Pooled
-80.7146***
(2.969)

Commercial
-17.3076***
(1.354)

Rating

-0.0591**
(0.028)

0.1213***
(0.014)

0.1235***
(0.034)

-0.1994**
(0.079)

-14.5226***
(1.165)

Firm reputation

1.0794***
(0.045)

0.1242***
(0.016)

0.1912***
(0.026)

0.3919***
(0.057)

1.3610**
(0.546)

GI reputation

-0.0370***
(0.009)

0.0133***
(0.003)

-0.0175***
(0.005)

-0.0394***
(0.011)

-0.9091**
(0.409)

485.1411***
(35.308)

238.6555***
(32.808)

71.0204***
(12.101)

61.9425***
(19.527)

Washington

-3.0488***
(0.766)

0.8205***
(0.283)

-1.5537***
(0.404)

-3.7923***
(1.006)

-80.4326**
(36.331)

Estate

0.4677
(0.373)

-0.1437
(0.176)

0.1832
(0.215)

1.6186***
(0.565)

-3.5209**
(1.422)

Reserve

2.7953***
(0.306)

1.1939***
(0.158)

0.6281***
(0.129)

-0.5827**
(0.255)

6.0951***
(1.863)

Age

1.1415***
(0.085)

0.4556***
(0.037)

0.0610
(0.041)

0.4002***
(0.102)

3.8347***
(0.772)

Constant

Scarcity

Ultra-premium
1272.2859***
(98.327)

316.0391
(203.060)
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Yes
Yes
Yes
Yes
Yes
Red†
Observations
9123
3661
3508
1609
345
Adj. R-squared
0.472
0.325
0.115
0.083
0.190
F statistic
815.699
177.363
46.496
15.498
9.083
Statistical significance is reported at the 90% (*), the 95% (**), and the 99% (***) levels.
Standard error reported in parentheses below coefficient estimates are White’s heteroscedasticity-consistent
robust standard errors.
†
Also controlling for red interactions with other variables; for space, those additional controls’ coefficient
estimates are not reported.

Table 3.7 Estimation Results from Difference-in-Difference and Difference-in-Difference-in-Difference Models Used to Test for
Treatment Effects of Separating Red Mountain (2001), Rattlesnake Hills (2006), and Snipes Mountain (2009) from Yakima Valley

Variable
Constant
Yakima Valley
Red Mountain

Red Mountain (1995-2003)
Diff-in-Diff
Diff-in-Diff-in-Diff
-67.5535***
-86.0147***
(14.278)
(11.559)
1.0144**
(0.414)
1.4110*
0.3499
(0.725)
(0.778)

Rattlesnake Hills

8.0813*
(4.668)

Snipes Mountain
Treatment in Effect

Rattlesnake Hills (2001-2009)‡
Diff-in-Diff
Diff-in-Diff-in-Diff
-82.9339***
-115.0123***
(27.543)
(20.913)
0.5703
(1.002)

1.2704*
(0.703)
0.7280
(1.857)

Snipes Mountain (2001-2013)‡
Diff-in-Diff
Diff-in-Diff-in-Diff
-70.1872***
-78.4342***
(19.140)
(14.267)
1.7160***
(0.636)

-0.2666
(3.837)
5.1338**
(2.485)
-0.9308
(0.648)
-6.9326**
(3.148)
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2.0521
(1.619)
-0.2270
(0.623)
-5.0828**
(2.585)
-2.2134**
(0.866)
0.2898***
(0.110)
0.6791***
(0.141)
651.8946***
(107.367)
0.2914
(1.246)
0.1.2269
(1.618)
0.3519
(0.342)
Yes
901
0.512
56.584

0.2991
-2.0926*
-2.7872***
(0.534)
(1.120)
(1.010)
Treatment Effect on Treated
3.4602**
-2.2861
0.9874
(1.715)
(4.839)
(4.163)
Treatment Effect on Yakima Valley
0.2482
-0.1128
(0.907)
(1.352)
Rating
0.0634
0.0562
0.4535***
0.4116***
0.2863**
(0.078)
(0.073)
(0.145)
(0.141)
(0.126)
Firm reputation
0.8002***
1.0042***
0.5624*
0.9837***
0.5789***
(0.180)
(0.167)
(0.302)
(0.240)
(0.209)
Scarcity
452.8896
490.2545***
389.860***
433.1799***
553.8665***
(280.083)
(146.437)
(146.376)
(129.533)
(122.316)
Estate
3.8118***
4.6686***
1.8438
0.3758
1.3770
(1.256)
(1.035)
(1.178)
(1.588)
(1.168)
Reserve
2.0404**
2.5139***
-3.0321**
0.2426
-2.2143*
(0.915)
(0.769)
(1.351)
(2.114)
(1.148)
Age
0.6081
0.9349***
2.0910***
0.9720**
1.5908***
(0.438)
(0.191)
(0.727)
(0.451)
(0.518)
Yes
Yes
Yes
Yes
Yes
Red†
Observations
400
860
412
446
550
Adj. R-squared
0.497
0.569
0.461
0.512
0.522
F statistic
27.324
67.790
24.452
28.433
37.655
Statistical significance is reported at the 90% (*), the 95% (**), and the 99% (***) levels.
Standard error reported in parentheses below coefficient estimates are White’s heteroscedasticity-consistent robust standard errors.
† Also controlling for red interactions with other variables; for space, those additional controls’ coefficient estimates are not reported.
‡ Longer date range used to increase observations for treatment group prior to treatment. Tests for cross-treatment effects between models did not prove significant.

Figure 3.1 Illustration of Firms in Dynamic GI Space with Increasing Regional Specificity (i.e., More Narrowly Defined Regions)
(b)

(c)

(d)

(e)

(f)
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(a)

Figure 3.2 Annual Plots of Mean In-Sample Variable Values Illustrating Changes over Time

(a) Mean rating

(b) Mean firm reputation

(c) Mean GI reputation

(d) Mean price
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Figure 3.3 Plots of Coefficient Estimates by Date Ranges for GI Totals Indicating Individual
Regressors’ Dynamic Effects on Price

(a) Rating coefficients

(b) Firm reputation coefficients

(c) GI reputation coefficients

(d) Scarcity coefficients

(e) Age coefficients
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Figure 3.4 Plots of Coefficient Estimates by Vintage Indicating Individual Regressors’ Dynamic
Effects on Price

(a) Rating coefficients

(b) Firm reputation coefficients

(c) GI reputation coefficients

(d) Scarcity coefficients

(e) Age coefficients
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Figure 3.5 Price Segmentation of Aggregate Data by Minimized Sum of Squared Errors
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Figure 3.6 Quantile Regression of Price on Explanatory Variables with 20 Segments
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Figure 3.7 Firm Reputation Coefficient Estimates by Price Quantile for Specific GI Ranges
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Figure 3.8 GI Reputation Coefficient Estimates by Price Quantile for Specific GI Ranges
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Figure 3.9 Estimated Impact on Mean Price of Increasing the Number of Regions Beyond the
Optimal Empirical Maximum
30

Price (in $)

25
20
15

Estimated price
10

Observed price
5
0
2005

2006-2008

2009-2011

2012-2013

Date Range by Number of GIs
*Standard deviation in price for estimates given as bar measure.
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CHAPTER FOUR: CAN FREE RIDING BE BENEFICIAL? OPTIMAL ANTIMICROBIAL
USE UNDER FREE RIDING AND RESISTANCE EXTERNALITIES

Abstract:
Over- or under-provision of antimicrobials in the livestock sector can be economically important
in terms of livestock health, disease introduction and spread, and future costs of disease therapy.
This paper examines optimal antimicrobial use under free-riding and resistance externalities in
the context of small-holder farm households in developing countries, which are an important
demographic in global food production. I first develop a model with free-riding incentives that
elucidates the effects of free riding on antimicrobial use given disease dynamics. I then add
antimicrobial resistance as a dynamic constraint and compare the two models, examining several
cases conditional on the extent of the aforementioned externalities. The model suggests a strong
potential for over-provision of antimicrobials when ignoring resistance dynamics. Policy
implications are discussed in light of the animal health and disease control subsidy programs of
the developing world as well as unregulated antimicrobial sales and use.
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4.1 Introduction
Small-scale agropastoralists in the developing world use antimicrobials for disease prevention
and treatment and growth augmentation. However, the use of antimicrobials, especially for
prophylaxis, can be suboptimal due to free-riding incentives (Gramig, Horan, and Wolf, 2009;
Hennessy and Wolf, 2015; Bauch and Earn, 2004). Limited access to veterinary services, low
availability of antimicrobials, and credit constraints can also hamper the demand for
antimicrobials in small-holder agricultural households (Caudell et al., 2017). To overcome these
access issues and free-rider problems associated with preventive antimicrobial use, some
governments have designed subsidy programs to promote antimicrobial use in the livestock
sector (Mwaseba and Kigoda, 2017).
Access, availability, and free ridership are not the only problems associated with
antimicrobial use, hence subsidy programs that promote antimicrobial use in agriculture may end
up having unintended consequences. The costs of morbidity and mortality have been increasing
worldwide, largely owing to antimicrobial resistance (Laxminarayan et al., 2016), and the use of
veterinary antimicrobials in livestock can be crucial contributors to emergence and transmission
of antimicrobial resistance (Ahmed et al., 2017; Carlet et al., 2012; Van Boeckel et al., 2015).
Since private decision makers may not account for the external costs imposed on other herd
owners through resistance, they may overuse antimicrobials from a social economic perspective,
exacerbating the emergence of antimicrobial resistance (Althouse et al., 2010; Secchi and
Babcock, 2002; Laximinarayan and Brown, 2001; Brown and Layton, 1996).
This paper focuses on the agricultural households and small-holder setting of the
developing world. Small-holder farms of the developing world produce 80% of global food,
making them an important yet under-studied demographic in antimicrobial demand and its
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impact on emergence of antimicrobial resistance (Graeub et al., 2016; Omulo et al., 2015;
Sarmah et al., 2006). Since commercial farms have easy access to antimicrobials (commonly
used for prophylaxis and growth promotion) and less incentive to free ride given their share of
the market and higher disease-risk burden, externalities associated with drug resistance may be
more pronounced in that setting (Orzech and Nikter 2008; Levy 1998). In the small-holder
setting of this study, because of credit constraints and lack of availability, households are more
likely to rely on their neighbors and local immunity to diseases rather than using antimicrobials
for prophylaxis. Therefore, policy instruments like subsidies are used to promote antimicrobial
use in farms of developing countries. 15
The objective of this paper is to examine the optimal level of preventive antimicrobial use
in agriculture under free-riding incentives in a small-holder, developing country setting
accounting for antimicrobial effectiveness, modeled as non-renewable resource in a dynamic
optimization framework, following the existing literature on economics of antibiotic resistance
(Laxminarayan and Brown, 2001; Elbasha, 2003; Wilen and Msangi, 2003). The initial model of
free-riding incentives is fairly standard, and it elucidates the effects of free riding on
antimicrobial use given disease dynamics. I then add antimicrobial resistance as a dynamic
constraint and compare the two models, examining several cases conditional on the extent of
both externalities. Policy implications are discussed in light of the animal health and disease
control subsidy programs of the developing world as well as unregulated antimicrobial sales and
use, which can be conceptualized as an implicit subsidy of sorts.
Free-riding and resistance externalities are modeled separately in the literature on
antimicrobial use. Modeling the two separately could lead to two types of errors in policy

15

Two such policies are discussed in Section 4.4.
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prescription. Only modeling access issues and the free-rider problem could prescribe
subsidization policies, which in turn lead to increased antimicrobial use and resistance.
Conversely, modeling only resistance could lead to policy that may limit or ban the use of
antimicrobials where they are necessary for disease prevention or treatment. This paper
contributes to the literature of antimicrobial use in the small-holder, developing country setting
by modeling the two aforementioned externalities simultaneously in a dynamic model to account
for the required balance between these countervailing moral hazard issues.
The next section develops the theoretical framework, first without resistance dynamics
and then with resistance dynamics, and concludes with an illustration of the resulting
propositions. Section 4.3 illustrates and examines the simulation results and transition dynamics.
Following this is a brief policy discussion and conclusions in Sections 4.4 and 4.5, respectively.

4.2 Theory
I consider the privately and socially optimal use of prophylactic antibiotics (or antimicrobials)
for livestock in developing countries. First, I examine the difference between the private and
social equilibrium for prophylactic antimicrobial use when antimicrobial resistance is not
included in the model. I then incorporate antimicrobial resistance by adding a variable and
dynamic constraint to the model. I find that individual households will under-provide
antimicrobials relative to the socially optimal level when ignoring antimicrobial resistance
dynamics. When I include antimicrobial resistance, the socially optimal amount of antimicrobial
use could be higher or lower than private antimicrobial use and will depend on the relative sizes
of free-riding and resistance externalities.
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Explicitly modeling these two externalities jointly in the context of antimicrobials (and
more specifically for small-holder agropastoralists in the developing world) is novel, though the
two externalities have been previously modeled and discussed independently. The general freerider problem has featured in the literature of public choice since as early as Hume (1740), who
described the complexity of public-good procurement. Wicksell (1896) and Lindahl (1919) are
credited with first formalizing the problem, and it has been extended and expounded upon by
Musgrave (1939), Bowen (1943), and numerous others.
Regarding models of antibiotics and vaccination, Althouse, Bergstrom, and Bergstrom
(2010) build on the mathematical framework of Samuelson (1954) and Samuelson’s (1955)
economic theory of public choice. Similarly to my paper, they base their model on private
decision-making, and their main concern is to identify an optimal allocation of public health
interventions, defined as vaccinations, antibiotics, and antivirals. They use both economic and
epidemiological modeling approaches, depending on the intervention method, but their analysis
of antivirals excludes prophylaxis – the main focus of my research. This eliminates the free
riding associated with preventative action. Their multiple models, each illustrating a specific
disease and treatment method, result in a specific and unambiguous relationship between private
and social equilibrium. My model is more general, explicitly regarding the equilibria
characterized by free riding, then including antimicrobial resistance in a separate step under the
same framework. My focus is on the specific effects of disregarding resistance dynamics.
The theoretical model herein diverges from a bulk of existing literature on antimicrobial
resistance dynamics, which typically utilizes an epidemiological approach to modeling – for
example, susceptible-infected-susceptible (SIS) or susceptible-infected-recovered (SIR) models.
A standard model in the context of antimicrobial resistance is provided by Laxminarayan and
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Brown (2001), who construct a dynamic SIS model from a social planner’s perspective to
account for antimicrobial resistance with two drugs of differing effectiveness. The economic
contribution of their paper relies on the inclusion of constant benefit of successful treatment,
measured in dollars/person, scaled by fraction of infected who are treated and the effectiveness
of treatment. Herrmann and Gaudet (2009) extend the epidemiological SIS framework to
examine antibiotic effectiveness from the perspective of producers under open access. Similarly
to my model, they find that under open access and depending on the parameters in the model,
antibiotic efficacy could be higher or lower in the steady state than the social optimum. Unlike
my model, they partition the population into susceptible and infected groups, each with their own
subgroups of those exposed to resistant and non-resistant disease strains. Their model excludes
any free-rider problem in the consumer decision-making process.
Among papers employing an alternative economic approach to modeling resistance
dynamics, a few stand out but remain different from my paper. Horowitz and Moehring (2004)
model human antibiotic use wherein a social planner maximizes social benefits – the price of
antibiotics plus a constant marginal external benefit of reducing public infection – subject to the
social cost of increasing antibiotic resistance. Herrmann and Gaudet’s (2009) intuitive approach
is similar to that of Horowitz and Moehring (2004), but the former returns to an underlying SIS
framework. In addressing their objective to decrease antibiotic resistance through reductions in
open access (via patent extension or monopsony), Horowitz and Moehring ignore the private
household decision-making process and the free-rider problem, instead dealing exclusively with
the social planner’s aggregated welfare problem. Elbasha (2003) and Brown and Layton (1996)
construct economic models of antibiotic resistance aggregated from the private household
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decision. Following the basic structure of Phelps (1989), Elbasha employs a static model to
estimate the deadweight loss associated with overuse of antibiotics.
One central feature separates my paper from the models outlined above: I deal with
prophylactic rather than therapeutic antimicrobials or vaccination. An existing bacterial infection
requires active treatment, hence the free-rider problem is absent. Introducing an ex ante
household decision on antimicrobial use creates the additional public-good-provision issue that is
key to this paper. Among free-rider models of disease prevention, many papers use the context of
livestock vaccination, which by its nature does not lend itself to a discussion of resistance
dynamics. Another important distinction of my model is the inclusion of a natural, external
growth rate of disease prevalence. Brown and Layton’s (1996) model of resistance dynamics,
though fairly similar in structure, ignores this element opting instead for a single dynamic
constraint that assumes changes in bacteria’s susceptibility to antibiotics is a function of
antibiotic use.

4.2.1 Model without antimicrobial resistance
Households maximize the expected value of their welfare over an infinite time horizon. For
agropastoralists, welfare is determined largely by the health of their livestock. Suppressing other
sources of uncertainty (e.g., prices, capacity constraints, etc.) and assuming homogeneity in
terms of herd size/livestock holdings, the expected value of a household’s welfare (𝑊𝑊) takes the
following form:
∞

𝑊𝑊 = � �𝑣𝑣�𝑎𝑎(𝑡𝑡) + 𝑎𝑎�(𝑡𝑡), 𝑝𝑝(𝑡𝑡)� − 𝑐𝑐𝑐𝑐(𝑡𝑡)� 𝑒𝑒 −𝑟𝑟𝑟𝑟 𝑑𝑑𝑑𝑑,
𝑡𝑡=0
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(1)

where 𝜈𝜈(⋅) is the value derived from keeping livestock, 𝑎𝑎(𝑡𝑡) is the household’s antimicrobial use
at time 𝑡𝑡, 𝑎𝑎�(𝑡𝑡) is all other households’ antimicrobial use, 𝑝𝑝(𝑡𝑡) is disease prevalence, 𝑟𝑟 is the

discount rate, and 𝑐𝑐 is the cost of antimicrobials, which is treated here as constant. I assume the
following intuitive relationships between the value of keeping livestock and its arguments:
𝑣𝑣𝑎𝑎 > 0, 𝑣𝑣𝑝𝑝 < 0, 𝑣𝑣𝑎𝑎𝑎𝑎 < 0, and 𝑣𝑣𝑎𝑎𝑎𝑎 = 𝑣𝑣𝑝𝑝𝑝𝑝 > 0.

In other words, the value of keeping livestock for small-holder farms in developing countries
increases with antimicrobial use, but the magnitude of those marginal gains decreases as
antimicrobial use increases. The value of keeping livestock decreases as the level of disease
prevalence increases. The marginal value of antimicrobial use is increasing as disease prevalence
increases, in the absence of resistance dynamics. Disease prevalence changes according to the
following disease dynamics constraint:
𝑝𝑝̇ = 𝜃𝜃�𝐴𝐴(𝑡𝑡)�𝛿𝛿�𝑝𝑝(𝑡𝑡)�,

(2)

where 𝐴𝐴(𝑡𝑡) = 𝑎𝑎(𝑡𝑡) + 𝑎𝑎�(𝑡𝑡) is simply the current aggregate level of antimicrobial use, which

individual decision makers treat as exogenous. 16 This aggregate term for antimicrobial use is
necessary to draw a distinction between the private and social optima, since private decision
makers and the social planner optimize the same welfare functions with different arguments. I
introduce 𝜃𝜃(⋅) to represent the way antimicrobial use reduces the change in disease-related

pathogens without accounting for antimicrobial resistance. I assume that 𝜃𝜃𝐴𝐴 < 0 and 𝜃𝜃𝐴𝐴𝐴𝐴 > 0,
which represents the notion that antimicrobial use reduces disease prevalence at an increasing

rate. The natural growth of disease prevalence is captured in 𝛿𝛿(⋅), and this function should
While changes in 𝑎𝑎(𝑡𝑡) will have effects on 𝐴𝐴(𝑡𝑡), I assume that the individual household’s contribution to 𝐴𝐴(𝑡𝑡) is
sufficiently small – or conversely that 𝐴𝐴(𝑡𝑡) is sufficiently large in relation to 𝑎𝑎(𝑡𝑡) – that it can be ignored in the
household’s problem.

16
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follow some sort of an exponential path such that 𝛿𝛿𝑝𝑝 > 0 and 𝛿𝛿𝑝𝑝𝑝𝑝 > 0. A multiplicatively
separable form of the disease dynamics constraint is highly tractable and emphasizes the

different effects antimicrobial use and current levels of prevalence can have on changes in the
latter. This approach allows for interaction. Lastly, I assume the initial level of disease
prevalence, 𝑝𝑝0 , is finite and known.

The private decision maker will solve the present-value maximization problem above for

his private level of antimicrobial use: 𝑎𝑎�(𝑡𝑡). The social planner will maximize a similar equation

to get optimal aggregate antimicrobial use, but she will internalize the reduction in disease

prevalence stemming from aggregate antimicrobial use. The model demonstrates a basic freerider result that optimal private antimicrobial use is below the socially optimal level for each
household (formal derivations are given in Appendix B). This result stems from an incentive
structure under which households are not fully able to internalize the broader welfare effects of
antimicrobials. As expected, free ridership tends to underprovide antimicrobials relative to the
social optimum when ignoring resistance dynamics.

4.2.2 Model with antimicrobial resistance
To incorporate antimicrobial resistance, I modify the objective function to include an additional
resistance variable that directly affects the value of livestock:
∞

𝑊𝑊 = � [𝑣𝑣(𝑎𝑎(𝑡𝑡) + 𝑎𝑎�(𝑡𝑡), 𝑝𝑝(𝑡𝑡), 𝐼𝐼(𝑡𝑡)) − 𝑐𝑐𝑐𝑐(𝑡𝑡)] 𝑒𝑒 −𝑟𝑟𝑟𝑟 𝑑𝑑𝑑𝑑,

(3)

𝑡𝑡=0

where 𝐼𝐼(𝑡𝑡) is antimicrobial ineffectiveness such that 𝑣𝑣𝐼𝐼 < 0 and 𝑣𝑣𝐼𝐼𝐼𝐼 > 0, and the other partial

derivatives defined above in Section 4.2.1 remain unchanged. Higher levels of antimicrobial

resistance diminish small-holders’ values of keeping livestock, and the value decreases at an
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increasing rate. I also assume that 𝑣𝑣𝐴𝐴𝐴𝐴 = 𝑣𝑣𝐼𝐼𝐼𝐼 < 0, which indicates that as resistance increases, the
marginal value of antimicrobials decreases.

Accounting for antimicrobial resistance in terms of its effects on disease prevalence, the
disease dynamics constraint becomes:
𝑝𝑝̇ = 𝜃𝜃�𝐴𝐴(𝑡𝑡), 𝐼𝐼(𝑡𝑡)�𝛿𝛿�𝑝𝑝(𝑡𝑡)�.

(4)

Antimicrobial resistance affects the growth rate of disease prevalence both directly and indirectly
through its interaction with aggregate antimicrobial use. This modification of the disease
dynamics constraint illustrates the more ambiguous effect of the 𝜃𝜃(⋅) function on changes in

disease prevalence. An increase in antimicrobial use decreases the growth rate of disease

prevalence, and antimicrobial resistance has an opposite effect (𝜃𝜃𝐴𝐴 < 0, 𝜃𝜃𝐼𝐼 > 0). Further, I

assume 𝜃𝜃𝐴𝐴𝐴𝐴 > 0 and 𝜃𝜃𝐼𝐼𝐼𝐼 > 0; i.e., an increase in antimicrobial use hampers the growth of disease
at an increasing rate and an increase in antimicrobial ineffectiveness increases the growth of

disease prevalence at an increasing rate. To account for an interaction between antimicrobial use
and antimicrobial resistance, I make the additional assumption that 𝜃𝜃𝐴𝐴𝐴𝐴 = 𝜃𝜃𝐼𝐼𝐼𝐼 < 0; i.e., the

marginal ability of antimicrobials to hamper the growth of disease prevalence goes down as
antimicrobial resistance goes up.
The evolution of antimicrobial resistance is characterized by the resistance dynamics
constraint,
𝐼𝐼 ̇ = 𝜉𝜉�𝐴𝐴(𝑡𝑡)�,

(5)

where 𝜉𝜉(⋅) is the rate at which antimicrobials become ineffective, and I assume this is increasing
in antimicrobial use such that 𝜉𝜉𝐴𝐴 > 0 and 𝜉𝜉𝐴𝐴𝐴𝐴 > 0. The effectiveness of antimicrobials is
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nonrenewable, so the level of ineffectiveness is finite, 𝐼𝐼 = [0, 𝐼𝐼 ]̅ . The initial levels of disease

prevalence and antimicrobial ineffectiveness, 𝑝𝑝0 and 𝐼𝐼0 , are finite and known.

Based on the solutions derived in Appendices B and C, I define the optimal levels of

antimicrobial use derived in each model as follows:
•

𝐴𝐴(𝑡𝑡) represents the (aggregated) privately optimal level of antimicrobial use in the
absence of antimicrobial resistance;

𝐴𝐴̂(𝑡𝑡) represents the socially optimal level of antimicrobial use in the absence of

•

antimicrobial resistance;

𝐴𝐴∗ (𝑡𝑡) represents the (aggregated) privately optimal level of antimicrobial use when

•

including antimicrobial resistance dynamics; and

𝐴𝐴̂∗ (𝑡𝑡) represents the socially optimal level of antimicrobial use when including

•

antimicrobial resistance dynamics.

Since households do not internalize externalities in either case, I treat 𝐴𝐴(𝑡𝑡) ≡ 𝐴𝐴∗ (𝑡𝑡) as identical
terms.

From these optimal levels derived in the models, I make three conjectures about the
private and socially optimal levels of antimicrobial use under free ridership and antimicrobial
resistance.
Proposition 1: 𝐴𝐴(𝑡𝑡) < 𝐴𝐴̂(𝑡𝑡).

Private decision makers under-provide antimicrobials to their livestock compared with the social
optimum in the absence of antimicrobial resistance. This is a basic result of free ridership (for an
initial explanation, formalization, and solution, see Hume, 1740, Wicksell, 1896, and Lindahl,
1919, respectively).
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Proposition 2: 𝐴𝐴̂∗ (𝑡𝑡) ≤ 𝐴𝐴̂(𝑡𝑡).

The socially optimal level of antimicrobial use when excluding antimicrobial resistance from the
model is at least as high as (and likely higher than) the socially optimal amount of antimicrobial
use when including resistance dynamics.
Proposition 3: Based on specific cases, one of the following is true:
(i)
(ii)

𝐴𝐴 ≤ 𝐴𝐴̂∗ ≤ 𝐴𝐴̂; or
𝐴𝐴̂∗ < 𝐴𝐴 < 𝐴𝐴̂.

One may observe that Proposition 3 follows directly from Propositions 1 and 2. Following is a
brief examination of each of the two cases in Proposition 3:
Case (i): This is the case when the relative size of the free-riding externality is greater
than the resistance externality; therefore, aggregate private antimicrobial use is less than
or equal to the socially optimal level with either externality.
Case (ii): This is the case when the relative size of the free-riding externality is smaller
than the resistance externality; therefore, socially optimal antimicrobial use with both
externalities is less than aggregate private use, which is less than the socially optimal
level with only the free-riding externality.
Broadly, Proposition 3 indicates that when antimicrobial resistance dynamics are incorporated
into the model, the socially optimal amount of antimicrobial use is (1) never greater than that in
the no-resistance model, (2) may be lower than the privately optimal amount in the no-resistance
model, and (3) may still be under-provided at the private level in the resistance model.
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General graphical illustrations of the three propositions above are presented in Figure 4.1.
The marginal private and social benefits of antimicrobial use without accounting for
antimicrobial resistance dynamics are given by 𝑣𝑣𝐴𝐴 and 𝑣𝑣𝐴𝐴� , respectively. The marginal social

benefit accounting for resistance dynamics, 𝑣𝑣𝐴𝐴�∗ , is uncertain. It will be less than the marginal
social benefit without resistance dynamics, but it is unclear where it will fall in relation to
aggregate marginal private benefits without resistance dynamics.

4.3 Simulation
Given the model assumptions for the social planner problems, I construct phase diagrams in
(A, 𝑝𝑝)-space examining the steady-state levels of antimicrobial use and disease prevalence in

both the no-resistance and the resistance cases. First, I must adopt some explicit functional forms
and add parameters that satisfy the assumptions of the model. This exercise allows me to observe
and make comparisons between the steady-state levels of antibiotic use and disease prevalence
under the two alternative model specifications.

4.3.1 Parameterized illustration
The slope and curvature of the 𝜌𝜌̇ = 0 and 𝐴𝐴̇ = 0 isoclines determine the steady-state equilibrium
and transition dynamics of disease prevalence and antimicrobial use (Figure 4.2). An upward
sloping 𝜌𝜌̇ = 0 isocline indicates that when disease prevalence is low (high) a small (large)

amount of antimicrobials will keep the change in disease prevalence steady at zero. Conversely,
the 𝐴𝐴̇ = 0 isocline slopes upwards indicating that to maintain a steady state of no change in

antimicrobial use over time, higher levels of antimicrobial use correspond to higher levels of
disease prevalence.
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Taking the present-value Hamiltonian for the dynamic problem without antimicrobial
resistance, I use the Maximum Principle to solve for the steady-state equilibrium. I begin by
isolating the 𝐴𝐴̇ equation:

−𝜃𝜃𝐴𝐴 𝛿𝛿𝑣𝑣𝑝𝑝 +2(𝑣𝑣𝐴𝐴 −𝑐𝑐)𝜃𝜃𝛿𝛿𝑝𝑝 −𝑣𝑣𝐴𝐴𝐴𝐴 𝜃𝜃
𝐴𝐴̇ =
.
𝜃𝜃𝐴𝐴𝐴𝐴
𝑣𝑣𝐴𝐴𝐴𝐴 −(𝑣𝑣𝐴𝐴 −𝑐𝑐)

𝜃𝜃𝐴𝐴

(6)

Next, I select functional forms that satisfy my prior assumptions to demonstrate the transition
dynamics as given in Table 4.1.
Using parameter values of 𝜅𝜅1 = 0.5, 𝜅𝜅2 = 1, 𝜅𝜅3 = 2, 𝜅𝜅5 = −0.25, and 𝜅𝜅7 = 2, the initial

model (without resistance dynamics) can be solved numerically for given levels of 𝐴𝐴 and 𝑝𝑝. The
isoclines for 𝐴𝐴̇ = 0 and 𝑝𝑝̇ = 0 are plotted in Figure 4.2. As long as the parameter values satisfy
the assumptions of the model, the qualitative results should be quite similar regardless of the
parameters’ magnitudes.
If antimicrobial use and prevalence are both initially below their steady-state levels, it is
possible to converge on the steady-state equilibrium. However, if either exceeds its steady-state
level, the system will diverge from the steady state and both antimicrobial use and prevalence
will increase ad infinitum. The rationale behind this result is simple. If disease prevalence is too
high at the beginning, then no amount of antimicrobial use will allow the level of prevalence to
stop changing over time. Conversely, when antimicrobial use is too high, there is no way to
reduce it without increasing the level of disease prevalence.
When I add the antimicrobial resistance variable to the model along with its dynamic
constraint, I can derive the associated 𝐴𝐴̇ as

−𝑣𝑣𝐴𝐴𝐴𝐴 𝜃𝜃𝜃𝜃−𝑣𝑣𝐴𝐴𝐴𝐴 𝜉𝜉+[𝑣𝑣𝑝𝑝 −𝜆𝜆𝛿𝛿𝑝𝑝 𝜃𝜃]𝜃𝜃𝐴𝐴 𝛿𝛿+𝜆𝜆𝜃𝜃𝐴𝐴𝐴𝐴 𝜉𝜉𝜉𝜉+𝜆𝜆𝜃𝜃𝐴𝐴 𝛿𝛿𝑝𝑝 𝜃𝜃𝜃𝜃+[𝑣𝑣𝐼𝐼 −𝜆𝜆𝜃𝜃𝐼𝐼 𝛿𝛿]𝜉𝜉𝐴𝐴
𝐴𝐴̇ =
.
𝑣𝑣 −𝜇𝜇𝜉𝜉 −𝜆𝜆𝜃𝜃 𝛿𝛿
𝐴𝐴𝐴𝐴

𝐴𝐴𝐴𝐴
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𝐴𝐴𝐴𝐴

(7)

In this case, there are three variables – 𝐴𝐴, 𝑝𝑝, and 𝐼𝐼 – so drawing a proper phase diagram requires
a three-dimensional plot of isoplanes. However, since I am only interested in differences from

the initial steady state, I have opted to fix antimicrobial resistance at different levels to illustrate
changes in the same (𝐴𝐴, 𝑝𝑝)-space as I used in the initial diagram. When I fix antimicrobial

resistance at different levels, I find that the steady-state levels of antimicrobials and disease
prevalence begin to shift. The parameters from above remain the same, but now I include new
parameters, 𝜅𝜅4 = −0.5, 𝜅𝜅6 = 2, and 𝜅𝜅8 = 1.5, to ensure that the new functions and constraints in
the resistance model satisfy the stated assumptions.

Figure 4.3 illustrates that as the level of antimicrobial ineffectiveness increases (at fixed
levels, as shown across the three panels), the corresponding steady-state levels of antimicrobial
use and disease prevalence decline. The higher the antimicrobial ineffectiveness, the lower the
disease prevalence level that will be sustainable in steady state. With higher levels of resistance,
the 𝐴𝐴̇ = 0 isocline becomes more horizontal and lower. This indicates that the rate of change in
antimicrobial use in equilibrium must be much higher to maintain a low level of disease

prevalence in the presence of higher antimicrobial resistance. More importantly, the equilibrium
level of antimicrobial use that is sustainable under the antimicrobial resistance framework is
lower than the level sustainable in the free-rider model. This parameterized illustration further
demonstrates the theoretical result in Proposition 2.

4.4 Policy Discussion
In this model, the optimal use of antimicrobials is determined by the relative size of the freeriding and resistance externalities. Here, I discuss the implications of these results in light of
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subsidy programs like the Tanzanian Acaricide Subsidy Program 17 and Turkey’s Animal Health
Subsidy Program 18. These programs are structured to incentivize farmers to protect their animals
from disease risk and overcome free-riding behaviors, and in so doing these subsidies may
incentivize the prophylactic overuse of antimicrobials. My model emphasizes the need to
recalibrate these policies by incorporating antimicrobial resistance externalities in decision
calculus. If these programs lead to injudicious use of antimicrobials, then the policies could be
detrimental to public health through their contribution to resistance development. 19
If the case 𝐴𝐴 > 𝐴𝐴̂∗ arises, accounting for disease dynamics, then free riding may not be

such a detrimental behavior, and it may in fact lead the economy closer to the socially optimal
level of antimicrobial use. I cite the two subsidy programs above specifically to motivate the

presence of such direct interventions; however, there are other policies that maybe regarded as
indirect subsidies and can incentivize overuse much like direct subsidies. For example, the overthe-counter availability of antimicrobials without prescription, which can be regarded as a
subsidy on transaction costs, can be a major issue in developing countries (Orzech and Nikter,
2008; Carlet et al., 2012). Furthermore, self-prescription leads to consumption of more broadspectrum antibiotics (Ahmed et al., 2018; Caudell et al., 2017) and may pose the threat of more
strains of bacteria becoming resistant more rapidly.
In the case where the relative size of the free-riding externality is greater than the
resistance externality (i.e., when 𝐴𝐴̂∗ < 𝐴𝐴), incentives may be required to deal with under-

provision of livestock health inputs. However, if policymakers do not account for the
17

<http://www.snv.org/public/cms/sites/default/files/explore/download/brief_1_public_accountability_in_tanzania_p
ata_initiative.pdf>.
18
<https://gain.fas.usda.gov/Recent%20GAIN%20Publications/Turkish%20Livestock%20Support%20and%20Subsi
dies_Ankara_Turkey_8-12-2015.pdf>.
19
This model also can motivate the problem of pest resistance in target species. However, policies to mitigate
resistance in bacteria and pests may be different.
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antimicrobial resistance externality, they may end up over-incentivizing the use of
antimicrobials. Further data collection is required that can measure these externalities and
prescribe incentives to increase or decrease antimicrobial use according to the relative sizes of
these externalities.

4.5 Conclusion
The countervailing effects of free-riding and resistance externalities in antimicrobial use in a
small-holder, developing country setting may result in suboptimal levels of disease control,
which in turn may lead to high disease prevalence due either to a lack of livestock health inputs
or to reductions in the inputs’ effectiveness. This paper examines the optimal level of preventive
antimicrobial use under free-riding incentives in a small-holder, developing country setting given
antimicrobial effectiveness, which I have modeled as non-renewable resource in a dynamic
optimization framework. The first model is a standard model with free-riding incentives that
elucidates the effects of free-riding on antimicrobial use given disease dynamics. I then add
antimicrobial resistance as a dynamic constraint and compare the two models, examining several
cases conditional on the extent of both externalities. Policy implications were discussed in light
of the animal health and disease control subsidy programs.
This paper contributes to the literature of antimicrobial use in the small-holder,
developing country setting by modeling the free-riding and resistance externalities
simultaneously. If policymakers fail to account for both of these externalities and instead account
only for free ridership, the resulting policies could aim to overprovide antimicrobials relative to
the true socially optimal levels including resistance dynamics. This oversight could increase
disease transmission and prevalence, and it may lead to disease introduction and spread in the
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herd as well as the community. On the other hand, if pathogens become resistant to
antimicrobials, future costs of disease will rise in terms of increased mortality and increased
duration of illness. Therefore, the paper emphasizes the need to align the private benefits of
antimicrobial use with the social benefits of these inputs, accounting fully for free riders and
increasing levels of disease resistance associated with antimicrobial use.
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Table 4.1 Functional Form Selections for Parameterized Illustrations
Function
Value of keeping livestock
Antimicrobial effects on
disease prevalence
Independent rate of change
in disease prevalence
Antimicrobial effects on
antimicrobial resistance

No resistance dynamics

Resistance dynamics

𝑣𝑣(𝐴𝐴, 𝑝𝑝) = 𝐴𝐴𝜅𝜅1 𝑝𝑝𝜅𝜅2 − 𝑝𝑝𝜅𝜅3

𝑣𝑣(𝐴𝐴, 𝑝𝑝, 𝐼𝐼) = 𝐴𝐴𝜅𝜅1 𝑝𝑝𝜅𝜅2 𝐼𝐼 𝜅𝜅4 − 𝑝𝑝𝜅𝜅3

𝛿𝛿(𝑝𝑝) = 𝑝𝑝𝜅𝜅7

𝛿𝛿(𝑝𝑝) = 𝑝𝑝𝜅𝜅7

𝜃𝜃(𝐴𝐴) = 𝐴𝐴𝜅𝜅5
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𝜃𝜃(𝐴𝐴) = 𝐴𝐴𝜅𝜅5 𝐼𝐼 𝜅𝜅6

𝜉𝜉(𝐴𝐴) = 𝐴𝐴𝜅𝜅8

Figure 4.1 Illustration of the Marginal Benefit of Antimicrobial Use as a Public Good
Accounting for Antimicrobial Resistance
Marginal Benefit of
Antimicrobial Use

vÂ* vA vÂ vÂ
*

c

Â*
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Â*

Â

Antimicrobial Use

Figure 4.2 Phase Diagram for Initial Model with Free Riding but No Antimicrobial Resistance
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Figure 4.3 Phase Diagrams for Model with Free Riding and Resistance Externalities

(b) 𝐼𝐼 = 2

(a) 𝐼𝐼 = 1

(c) 𝐼𝐼 = 3
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APPENDIX A: ENGLISH TRANSLATION OF SURVEY QUESTIONS
PART I. CONSUMER INFORMATION AND PERCEPTION VARIABLES
How knowledgeable are you about biotechnology and genetically modified food?
a. Very knowledgeable
b. Somewhat knowledgeable
c. Not informed
How do you feel overall about the use of biotechnology in foods?
a. Very positive
b. Somewhat positive
c. Neutral
d. Somewhat negative
e. Very negative
f. Don’t know
Where would you place yourself on a scale from 1 to 7, if food safety is the most important for
you is a 1 and, saving money, purchasing cheaper food products is a 7? [CIRCLE JUST ONE]
1
2
3
4
5
6
7
Where would you place yourself on a scale from 1 to 7, if savings jobs at all costs is a 1 and,
saving the environment at all costs is a 7? [CIRCLE JUST ONE]
1
2
3
4
5
6
7
How important is labeling of genetically modified food?
a. Very important
b. Somewhat important
c. Not very important
In your opinion, what risk entails the consumption of products containing GMOs?
a. High level risk
b. Low level risk
c. No risk
d. Don’t know
Would you rather prefer foods produced in our country?
a. Yes
b. No
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PART II. QUESTIONS RELATED TO WILLINGNESS TO PAY/ACCEPT:
Would you be willing to purchase bread containing GMOs at the same price as the usual bread?
a. Yes
b. No
Would you be willing to purchase bread containing GMOs at the price with [insert random
discount %] discount rather than the usual bread?
a. Yes
b. No
PART III. SOCIAL AND DEMOGRAPHIC INFORMATION
Gender of respondent:
a. Female
b. Male
What year you were born:__________________________
Who is the primary shopper in your household?
a. I do shopping mostly for my household
b. Other family members do mostly shopping
How many members do you have in your household? ___________
Do any children under 18 live in your household?
a. Yes
b. No
What kind of living environment are you in?
a. In down
b. In suburb
c. Rural
What is the highest level of education did you complete?
a. Secondary education
b. Secondary special or technical
c. undergraduate student
d. Bachelor’s degree
e. Master’s degree
f. PhD or higher
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In which monthly income bracket would you household fall into in the year 2015?
a. Less than 30,000 Russian rubles
b. From 30,000 to 50,000 rubles
c. From 50,000 to 75,000 rubles
d. From 75,000 to 90,000 rubles
e. More than 90,000 rubles
Which one of the following categories best describes your employment status:
a. Student
b. Hired employee
c. Individual entrepreneur
d. Retired
e. Other
THANK YOU VERY MUCH FOR YOUR PARTICIPATION
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APPENDIX B: NO ANTIMICROBIAL RESISTANCE
The private decision maker’s problem is:
∞

𝑊𝑊 = � �𝑣𝑣�𝑎𝑎(𝑡𝑡) + 𝑎𝑎�(𝑡𝑡), 𝑝𝑝(𝑡𝑡)� − 𝑐𝑐𝑐𝑐(𝑡𝑡)�𝑒𝑒 −𝑟𝑟𝑟𝑟 𝑑𝑑𝑑𝑑
𝑡𝑡=0

𝑠𝑠. 𝑡𝑡.

𝑝𝑝̇ = 𝜃𝜃�𝐴𝐴(𝑡𝑡)�𝛿𝛿�𝑝𝑝(𝑡𝑡)�
𝑝𝑝(0) = 𝑝𝑝0

Private households maximize present value Hamiltonian:
𝐻𝐻 = 𝑣𝑣(𝑎𝑎 + 𝑎𝑎�, 𝑝𝑝) − 𝑐𝑐𝑐𝑐 − 𝜆𝜆𝜆𝜆(𝐴𝐴)𝛿𝛿(𝑝𝑝)

The maximum principle gives the following:

𝐻𝐻𝑎𝑎 = 𝑣𝑣𝑎𝑎 − 𝑐𝑐 = 0
𝜆𝜆̇ = 𝑣𝑣𝑝𝑝 − 𝜆𝜆𝜆𝜆𝛿𝛿𝑝𝑝
𝑝𝑝̇ = 𝜃𝜃𝜃𝜃

(First-Order Condition)
(Portfolio Balance Condition)
(Dynamic Constraint)

Summing over all individuals yields ∑𝑁𝑁(𝑣𝑣𝑎𝑎 − 𝑐𝑐) = 0, which is the same as 𝑣𝑣𝐴𝐴 − 𝑁𝑁𝑁𝑁 = 0. The

social planner’s problem in which the benevolent planner internalizes the reduction in disease
persistence that comes from aggregate antimicrobial use gives use the following:
𝐻𝐻𝐴𝐴 = 𝑣𝑣𝐴𝐴 − 𝑁𝑁𝑁𝑁 − 𝜆𝜆𝜃𝜃𝐴𝐴 𝛿𝛿 = 0
𝜆𝜆̇ = 𝑣𝑣𝑝𝑝 − 𝜆𝜆𝜆𝜆𝛿𝛿𝑝𝑝
𝑝𝑝̇ = 𝜃𝜃𝜃𝜃

(First-Order Condition)
(Portfolio Balance Condition)
(Dynamic Constraint)

With the aggregate private antimicrobial use denoted as 𝐴𝐴 and the socially optimal as 𝐴𝐴̂, I can
compare the private and social first-order conditions:

𝑣𝑣𝐴𝐴 − 𝑁𝑁𝑁𝑁 = 𝑣𝑣𝐴𝐴� − 𝑁𝑁𝑁𝑁 − 𝜆𝜆𝜃𝜃𝐴𝐴� 𝛿𝛿
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𝑣𝑣𝐴𝐴 = 𝑣𝑣𝐴𝐴� − 𝜆𝜆𝜃𝜃𝐴𝐴� 𝛿𝛿

which implies that 𝑣𝑣𝐴𝐴 > 𝑣𝑣𝐴𝐴� , since 𝜃𝜃𝐴𝐴� < 0. Based on the shape of the value function 𝑣𝑣(⋅), this

implies 𝐴𝐴̂ > 𝐴𝐴. In other words, private antimicrobial use will be lower than the socially optimal
level, so the market is inefficient in providing antimicrobials.
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APPENDIX C: ANTIMICROBIAL RESISTANCE
I modify the problem now to include disease prevalence and a disease resistance dynamic
constraint:
∞

𝑊𝑊 = � [𝑣𝑣(𝑎𝑎(𝑡𝑡) + 𝑎𝑎�(𝑡𝑡), 𝑝𝑝(𝑡𝑡), 𝐼𝐼(𝑡𝑡)) − 𝑐𝑐𝑐𝑐(𝑡𝑡)] 𝑑𝑑𝑑𝑑
𝑡𝑡=0

𝑠𝑠. 𝑡𝑡.

𝑝𝑝̇ = 𝜃𝜃�𝐴𝐴(𝑡𝑡), 𝐼𝐼(𝑡𝑡)�𝛿𝛿�𝑝𝑝(𝑡𝑡)�
𝐼𝐼 ̇ = 𝜉𝜉(𝐴𝐴(𝑡𝑡))

𝐼𝐼(0) = 𝐼𝐼0 , 𝑝𝑝(0) = 𝑝𝑝0 and 𝐼𝐼 ∈ [0, 𝐼𝐼 ]̅

Private household with antimicrobial resistance

𝐻𝐻 = 𝑣𝑣(𝑎𝑎 + 𝑎𝑎�, 𝑝𝑝, 𝐼𝐼) − 𝑐𝑐𝑐𝑐 − 𝜆𝜆[𝜃𝜃(𝐴𝐴, 𝐼𝐼)𝛿𝛿(𝑝𝑝)] − 𝜇𝜇[𝜉𝜉(𝐴𝐴)]

The maximum principle gives the following:

𝐻𝐻𝑎𝑎 = 𝑣𝑣𝑎𝑎 − 𝑐𝑐 = 0

𝜆𝜆̇ = 𝑣𝑣𝑝𝑝 − 𝜆𝜆𝜆𝜆(𝐴𝐴, 𝐼𝐼)𝛿𝛿𝑝𝑝
𝜇𝜇̇ = 𝑣𝑣𝐼𝐼 − 𝜆𝜆𝜃𝜃𝐼𝐼 𝛿𝛿
𝑝𝑝̇ = 𝜃𝜃(𝐴𝐴, 𝐼𝐼)𝛿𝛿
𝐼𝐼 ̇ = 𝜉𝜉(𝐴𝐴)

(First-Order Condition)
(Portfolio Balance Condition 1)
(Portfolio Balance Condition 2)
(Dynamic Constraint 1)
(Dynamic Constraint 2)

Summing over all individuals yields ∑𝑁𝑁(𝑣𝑣𝑎𝑎 − 𝑐𝑐) = 0, which is the same as 𝑣𝑣𝐴𝐴 − 𝑁𝑁𝑁𝑁 = 0.

The social planner internalizes the effects of aggregate use on disease prevalence and

antimicrobial ineffectiveness. Solving the social planner’s problem gives the following:
𝐻𝐻𝐴𝐴 = 𝑣𝑣𝐴𝐴 − 𝑁𝑁𝑁𝑁 − 𝜆𝜆𝜃𝜃𝐴𝐴 𝑝𝑝 − 𝜇𝜇𝜉𝜉𝐴𝐴 = 0
𝜆𝜆̇ = 𝑣𝑣𝑝𝑝 − 𝜆𝜆𝜆𝜆(𝐴𝐴, 𝐼𝐼)𝛿𝛿𝑝𝑝
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(First-Order Condition)
(Portfolio Balance Condition 1)

𝜇𝜇̇ = 𝑣𝑣𝐼𝐼 − 𝜆𝜆𝜃𝜃𝐼𝐼 𝑝𝑝

(Portfolio Balance Condition 2)

𝑝𝑝̇ = 𝜃𝜃(𝐴𝐴, 𝐼𝐼)𝛿𝛿

(Dynamic Constraint 1)

𝐼𝐼 ̇ = 𝜉𝜉(𝐴𝐴)

(Dynamic Constraint 2)

I cannot directly compare the two socially optimal choices of antimicrobials since there are
multiple unknowns in each, but I can compare them indirectly using the private problem.
Considering antimicrobial use in the resistance case as 𝐴𝐴̂∗ and the private case as 𝐴𝐴∗ , I have
𝑣𝑣𝐴𝐴∗ − 𝑁𝑁𝑁𝑁 = 𝑣𝑣𝐴𝐴�∗ − 𝑁𝑁𝑁𝑁 − 𝜆𝜆𝜃𝜃𝐴𝐴�∗ 𝛿𝛿 − 𝜇𝜇𝜉𝜉𝐴𝐴�∗
𝑣𝑣𝐴𝐴∗ = 𝑣𝑣𝐴𝐴�∗ − 𝜆𝜆𝜃𝜃𝐴𝐴�∗ 𝛿𝛿 − 𝜇𝜇𝜉𝜉𝐴𝐴�∗

Recalling that 𝜃𝜃𝐴𝐴�∗ < 0 and 𝜉𝜉𝐴𝐴�∗ > 0, I have the following cases:

(1) 𝑣𝑣𝐴𝐴∗ ≥ 𝑣𝑣𝐴𝐴�∗ if |𝜆𝜆𝜃𝜃𝐴𝐴�∗ 𝛿𝛿| ≥ |𝜇𝜇𝜉𝜉𝐴𝐴�∗ |, which implies that 𝐴𝐴∗ ≤ 𝐴𝐴̂∗ ; and

(2) 𝑣𝑣𝐴𝐴∗ < 𝑣𝑣𝐴𝐴�∗ if |𝜆𝜆𝜃𝜃𝐴𝐴�∗ 𝛿𝛿| < |𝜇𝜇𝜉𝜉𝐴𝐴�∗ |, which implies that 𝐴𝐴∗ > 𝐴𝐴̂∗ .

This allows for the construction of the conditional propositions above, in Section 4.2.
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