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Abstract.  A systematic component of wine quality is believed to depend on the geo-climatic 
factors of its production conditions. This belief has long been a motivation for the development of 
geographical indications for wines. In the United States, American Viticulture Areas (AVAs) 
represent the most common geographic factor firms use to differentiate their products. In this 
paper, we estimate a discrete choice model of US wine demand to study the market and welfare 
impact of AVAs. Specifically, we develop a two-level nested logit choice model, featuring many 
wine products and characteristics—including wine type, brands, and varietals, in addition to 
AVAs—and estimate it using Nielsen Consumer Panel data over the 2007–2019 period. We find 
significant welfare gains from AVA information on wine labels. Over the period of interest, the 
welfare gain attributable to AVAs is estimated at about $2.37 billion, with wine producers and 
retailers capturing approximately 80% of this surplus. Approximately 90% of consumer welfare 
gains are due to product differentiation and increased variety, with the remaining gains due to price 
decreases resulting from increased product competition.  
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1. Introduction  

Firms have long faced the thorny issue of supplying quality attributes in a context inherently 

affected by asymmetric information. Market-based solutions to deal with this problem often rely 

on reputation-based mechanisms (Akerlof 1970, Klein and Leffler 1981, Shapiro 1983). Brand 

names, supported by trademarks and a credible labeling system, are thus critical to build a 

reputation with consumers and signal quality. A prominent and unique feature of the agricultural 

and food industry is that such firm-specific activities are often augmented by collective efforts 

pertaining to the origin of the product using so-called geographical indications (GIs).  

GIs are rooted in France’s pioneering development of “appellations” for wines (Meloni 

and Swinnen 2013). Other European countries followed this approach, which eventually formed 

the blueprint for the European Union’s general policy on the protection of denomination of origin. 

Recognition of GIs as a distinct form of intellectual property by the TRIPS Agreement of the 

World Trade Organization (Moschini 2004) further supported their spread beyond Europe. The 

GIs’ logic of  emphasizing a good’s geographic origin is predicated on the belief that geography 

is inextricably linked to the quality of the good because of unique geo-climatic production 

conditions and local production processes, as captured by the notion of “terroir.”1 Credible 

certification of such an origin, therefore, can contribute substantially to alleviating standard 

asymmetric information problems (Zago and Pick 2004; Moschini, Menapace, and Pick 2008; 

Menapace and Moschini 2012; Mѐrel, Ortiz-Bobea, and Paroissien 2021).   

GIs were first developed for, and are particularly prominent in, the wine market. As with 

other food products, wine consumers face incomplete information about the intrinsic attributes of 

                                                 
1 Castriota (2020, pp. 62-64) provides some background on this oft-used (and occasionally misused) 
concept. 
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wine and make decisions based on other readily available, observable characteristics. Typical 

attributes include the brand, variety, vintage, and geographic origin. This information is routinely 

displayed on wine labels. American viticulture areas (AVAs) are the primary geographic factors 

US wine producers use to differentiate their products. Administered by the federal government, 

the AVA program currently recognizes 258 areas across the United States. Whereas the rapid 

diffusion of AVAs since its inception attests to the interest this collective certification has received, 

empirical evidence as to the extent of the actual impact of AVAs is scarce. 

In this paper, we study consumers’ valuation of AVA attributes in the US wine market. We 

take it as given that the AVA labeling system provides a credible instrument for consumers to 

ascertain the origin of the wines they buy. We, therefore, ask how much the origin per se is valued 

over and above other desirable quality attributes wine may possess. To do so, we develop and 

estimate a discrete choice model of wine demand using the Nielsen Consumer Panel data from 

2007 to 2019. The data cover the entire US market and include extensive and detailed product 

attributes. Given the intractably large number of distinct wines sold, we aggregate consumers’ 

choice sets along some key dimensions, while preserving the identity of the attributes of interest. 

The final dataset includes about 2,000 wine “products” encompassing 33 varietals produced in 108 

domestic and foreign geographic regions.   

The specific model we develop and estimate is a two-level nested logit demand model 

(Verboven 1996; Björnerstedt and Verboven 2016; Ciliberto, Moschini, and Perry 2019), which 

permits us to infer consumers’ willingness-to-pay (WTP) for various wine characteristics. We find 

that consumers place a relatively high value on wines’ geographic origins. WTPs for AVAs are 

economically and statistically significant, and are distinct from the value consumers place on brand 

and varietal information. We also document substantial heterogeneity across wines in consumers’ 
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WTP for AVAs, ranging from $1 to $13 per bottle. AVAs fetching the highest estimated premiums 

include Carneros, Chalk Hill, Knights Valley, Santa Maria Valley, Napa Valley, Sonoma Valley, 

and Walla Walla Valley.  

Aggregating our marginal WTP estimates provides a first approximation to measuring the 

total welfare gains attributable to AVAs. This method implies gains of about $1.30 billion from 

2007 to 2019. To formulate a more thorough welfare assessment of AVAs, we represent the 

retailing supply side of the wine market as a simple Bertrand-Nash price game. Along with our 

demand model, this allows us to explore alternative welfare gain measures from the US AVA 

program. Specifically, the equilibrium conditions of the assumed imperfectly competitive structure 

permits us to simulate counterfactual prices, and thus measure welfare changes, under alternative 

assumptions concerning AVAs. In one scenario, we remove all AVA products from consumers’ 

choice sets. The presumption here is that, had the AVA program not existed, wines featuring AVA 

information on their labels would not have entered the market as such, thereby reducing 

consumers’ choice sets. Such a “naïve” scenario is admittedly rather artificial, but it does provide 

an upper-bound estimate of the welfare effects due to AVAs. In the second scenario, we modify 

all AVA products’ characteristics, replacing AVA attributes with a generic US country-of-origin 

label. Because we keep such stripped-down products in the consumers’ choice sets, this “keep all” 

scenario may underestimate the actual impact of AVAs. Under this more conservative scenario, 

our estimated model implies that, over the period of 2007–2019, total welfare was higher by $2.37 

billion because of the presence of AVA product differentiation. In both counterfactuals, the supply 

side appropriates over 80% of the total estimated surplus.  

Our paper makes three main contributions. First, we contribute to the literature on wine 

economics, using an extensive dataset in a coherent, discrete choice framework suitable to evaluate 
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the value of different wine characteristics. Second, we estimate some of the most comprehensive, 

product-level demand elasticities in the wine economics literature. Third, we estimate the welfare 

effects of the US AVA program. The welfare measures contribute new evidence about GI’s role 

in reducing asymmetric information and providing quality in food markets. Our WTP estimates, 

elasticities, and welfare estimates also provide important market insights for winemakers and other 

wine industry participants.  

Previous literature has studied the importance of geographic origin labels at length and for 

many products. For example, previous work has investigated geographic price premiums for meat 

products like beef, pork, and dairy products (Awada and Yiannaka 2012; Loureiro and McCluskey 

2000; Norris and Cranfield 2019). Others have considered consumers’ WTP for GI labels. These 

include Aprile, Caputo, and Nayga Jr (2012) and Menapace et al. (2011), who study US and 

Canadian markets, respectively, and find that consumers have a high WTP for GI-labeled 

European olive oil. Several studies focus on the wine market. Most of these studies, however, 

estimate hedonic price functions and do not use transaction- or store-level data (Outreville and Le 

Fur 2020). Furthermore, most studies estimate WTP for European geographic origin labels (e.g., 

Landon and Smith, 1997; Cardebat and Figuet 2009; Outreville and Le Fur 2020), with only a few 

focusing on consumer values of US wine regions (Haeger and Storchmann 2006; Lima 2006; 

Costanigro, McCluskey and Mittelhammer 2007; Cuellar and Claps 2013).  

Appellation of origin labels convey information about climate and soil conditions where 

grapes were grown, which are believed to be associated with important sensory qualities of wine 

(Ashenfelter 2008; Ashenfelter and Storchman 2010). Hence, wine producers often use GIs to 

augment brand reputations and influence consumer purchasing decisions (Cross, Plantinga, and 

Stavins 2011; Landon and Smith 1998). Previous work has shown that consumers value this 
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information, and geographic origin often explains a significant portion of wine price premiums. 

Geographic origin has been shown to have a large impact on wine prices in various settings 

(Landon and Smith 1997, 1998; Schamel and Anderson 2003; Steiner 2004; Lima 2006; Schamel 

2006). Previous work has also shown that consumers are less price-sensitive for wines from higher-

quality GIs (Stasi et al. 2011) and that even crude geographic measures such as country-of-origin 

labels can influence consumers’ perceptions of a wine’s quality (Balestrini and Gamble 2006; 

Veale and Quester 2008).2  

Our study is distinct from previous literature in both its scope and specificity. Most prior 

work has focused on wine from well-known growing regions, such as the Napa and Sonoma 

Valleys. By contrast, our study relies on a large and representative sample of United States 

consumers, including wines from over 115 AVAs and sub-AVAs produced across the continental 

United States that range in geographic specificity from a few miles to multiple states.3 This allows 

us to explore whether consumers value AVAs overall, and which AVAs or sub-AVAs consumers 

value most. Keating (2020) shows that even sub-AVAs within Napa Valley have a substantial 

effect on wine prices. We also disentangle the impact of GI information from other characteristics 

featured on wine labels, such as brands or varietals. Unlike brands, appellation of origin labels are 

a collective reputation indicator (Costanigro, McCluskey, and Goemans 2010; Menapace and 

Moschini 2012). Schamel (2009) finds that both region and producer reputations have a significant 

                                                 
2 Outreville and Le Fur (2020) provide an extensive literature review on geographic origin and varieties’ 
impact on wine prices.  
 
3 Some AVAs are large and can have heterogeneous geo-climatic conditions. Sub-AVAs are AVAs that are 
approved within the boundaries of an existing AVA. For example, the Napa Valley AVA spreads from 
southeast to northwest for approximately 30 miles and contains 16 sub-AVAs that are hotter in the north 
and east, and cooler in the south and west. More precisely defined appellations are believed to better convey 
the qualities specific to their area. For instance, not all Napa Valley AVAs are thought to be suitable for 
Cabernet Sauvignon (Heimoff 2013). The Upper Mississippi River Valley is the largest AVA and covers 
29,914 square miles and stretches across four states—Minnesota, Wisconsin, Illinois, and Iowa.  
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and positive impact on wine prices. However, whether one or the other has a larger price impact 

is context-specific.  Costanigro, McCluskey, and Goemans (2010) find that winery or brand names 

contribute more to price premia than the appellation’s reputation. Similarly, Cuellar and Claps 

(2013) find that the price premium for Napa over Sonoma Cabernet diminishes when they control 

for brand names.  Our structural demand model allows us to compare WTP estimates for prominent 

brands and GIs across a more extensive set of products than previously considered. 

This paper is organized as follows. Section 2 provides background on labeling regulations 

in the United States’ wine industry. Section 3 discusses our data and product definition. Section 4 

develops models of wine demand and supply. Section 5 reports and discusses our estimation result 

from our demand model. Section 6 pairs our demand model with a supply model to simulate two 

counterfactual scenarios and estimate welfare generated by the US AVA program. Section 7 

concludes.  

2. Appellation of Origin and American Viticulture Areas 

Most wine-producing countries utilize quality standards and regulations that affect the wine sector, 

including GI systems to identify and recognize distinct grape-growing regions, distinguishing 

regions based on their viticulture tradition, and labeling wines based on their origin (Meloni et al. 

2019). Well-known GI systems include the Appellation d'Origine Contrôlée/Protégée in France, 

the Denominazione di Origine Controllata/Garantita in Italy, and Denominación de 

Origen/Protegida in Spain. Whereas the European Union (and other countries, notably in South 

America) have opted to frame GIs within a sui generis system of intellectual property, the United 

States relies on the standard trademark system administered by the US Patent and Trademark 

Office (USPTO) (Menapace and Moschini 2012). The USPTO and Alcohol and Tobacco Tax and 
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Trade Bureau (TTB) jointly set alcohol labeling rules and restrictions.4 The TTB, under the 

Department of the Treasury, administers both mandatory and voluntary labeling programs for 

wines.5 We focus on one specific voluntary labeling program: American Viticulture Areas. US law 

defines an AVA as a delimited grape-growing region with distinguishing features, a name, and a 

delineated boundary (TTB 2012). The TTB designates and reviews all petitions to establish new 

or expand existing AVAs. Any producer can include an approved AVA or sub-AVA label on their 

wine so long as at least 85% of the volume of its grapes is grown in the named viticulture area.6 

Thus, US AVAs are purely a geographic origin certification, unlike GIs in the European Union, 

where production methods, presumed to affect quality, are also regulated (Menapace and Moschini 

2012). 

Augusta, Missouri, was the first wine-growing region approved as an AVA by the TTB in 

June 1980, and the program has grown significantly since then. As of August 2021, there were 258 

approved AVAs in the United States, 142 of which are in California. Approved AVAs include 

world-renowned wine-growing areas such as Napa Valley, Sonoma, Willamette Valley, and lesser-

known regions such as Shawnee Hills (Illinois) and Grand Valley (Colorado). Some of the most 

recent additions to the list includes Tualatin Hills and Laurelwood District in Oregon.  Most AVAs 

are contained within a single state, though there are several multi-state designations as well. For 

instance, Washington and Oregon share the Columbia Gorge AVA, and the Lake Erie AVA 

                                                 
4 Title 27, Chapter I, Code of Federal Regulations (27 CFR Chapter I) details all the alcohol, tobacco and 
other regulations administered by the TTB, from which parts 4, 9, 12, 16, 24 and 27 are specific to wine. 
  
5 Mandatory labeling requirements include brand name, class (e.g., grape or aperitif wine), type (e.g., 
Muscadine; Vermouth), percentage of foreign wine, name, address of the bottler or importer, net contents, 
sulfite declaration, a health warning statement, and country-of-origin. 
 
 6 The wine must also be finished in the state(s) where the viticulture area is located. The TTB includes an 
exception for cellar treatment and blending, neither of which has to occur in the labeled area. 
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extends across New York, Ohio, and Pennsylvania. AVAs need not have exclusivity over a 

territorial entity, and several AVAs overlap, especially in California. For example, Napa Valley 

contains 16 AVAs, including areas such as Rutherford and St. Helena.7   

3. Data Description and Product Description 

Our primary data are Nielsen’s Homescan Consumer Panel data for 2007 to 2019. The Consumer 

Panel data are a longitudinal panel of approximately 60,000 US households’ grocery purchases. 

The nationally representative panelists are geographically dispersed and demographically 

balanced. Nielsen stratifies their sample proportionately into 61 geographic areas, including 52 

major markets and nine Census divisions.8 We restrict our analysis to 52 ‘Scantrack’ markets, 

similar to Metropolitan Statistical Areas used by the US Census Bureau.  

Panelists provide a journal to Nielsen detailing purchases for every shopping trip they 

make, including the date, retailer/store, and total dollars spent on each trip. Panelists also provide 

detailed transaction information for each item, including the Universal Product Code (UPC) of 

each product, the quantity purchased, the per-unit price, and whether deals or coupons were 

available. Relevant for this study, Nielsen also provides shorthand descriptions for each product, 

from which we extract information on each wine’s type, varietal, and geographic origin.9  

Our data include information for over 37,000 unique UPCs (wines) purchased, with an 

                                                 
7 Multi-AVA bottles represent a small share of our sales data (<0.01%).  For bottles with multiple 
overlapping AVA labels, we keep the more specific product (e.g., we keep the Rutherford AVA rather 
than the Napa AVA).  If a bottle contains multiple non-overlapping AVA labels (e.g., Napa and Sonoma 
AVAs), we kept the one which appears first on the label description. 
 
8 The nine census divisions include New England, Middle Atlantic, East North Central, West North 
Central, South Atlantic, East South Central, West South Central, Mountain, and Pacific.  
 
9 Appendix C provides further details regarding how we extract wine characteristics from Nielsen’s 
product descriptions. 
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average of 12,000 distinct UPCs purchased each year. Given the large number of products, 

aggregation is inevitable for demand estimation. We, therefore, define a “product” as a unique 

combination of five characteristics: wine type, packaging size, brand name, varietal, and 

geographic origin, which we describe in further detail below.  

3.1 Product Definition 

We first categorize wines into three “types:” red wine, white wine, and specialty wine.10 Second, 

we distinguish wines by “packaging size.” We classify all wines sold in the standard 750 ml 

packaging size as bottles, and packages containing more than 750 ml as bulk wines.11 Third, we 

distinguish wines by their brand. Our data include 3,500 to 4,000 unique brands for any given year. 

Many brands have a very small market share, and none dominates the market. To simplify the 

analysis, we maintain brand distinctions for those with a market share around 0.5% or higher in 

the bottle category and 1% or higher in the bulk category. The top unique brands make up 49% of 

sales in the bottle category and 81% of sales in the bulk category. We jointly classify brands with 

smaller markets shares as “other brands.” Our procedure results in 40 and 19 total brands for bottles 

and bulk wines, respectively. Fourth, we distinguish table wines by their “varietal.”12 As with 

                                                 
10 Nielsen classifies wine products under twelve ‘modules,’ mostly based on the import status and alcohol 
content of a particular wine. Appendix Table A1 lists the Nielsen-defined modules and their share in 
quantity and sales value over our thirteen-year period. We classify all dry table and kosher table wine as 
red wine or white wine, and any wine other than table wine as a specialty wine. We designate blush and 
rose wine as a specialty wine. 
  
11 Appendix Table A3 shows the share of bottle and bulk in total quantity and total sales value. Data also 
contain entries on wines of packaging size less than 750 ml. These have a very small market share both in 
terms of quantity and sales value, and rarely include geographic origin information. As such, we drop 
these observations. 
   
12  We capture varietal information only for table wines. For wines other than table wine, such as flavored 
or dessert wine, we adopt Nielsen’s defined product module name as varietal information. Further, reported 
varietals in the data do not necessarily represent unique grapes (e.g., they are blends such as Cabernet-
Syrah, Merlot-Malbec, or Sauvignon Blanc-Chardonnay). We coded 80 varietals for red wine and 50 for 
white wine. Most blends have a very small market share. Red wine varietals that do not meet the 0.2% 
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brands, we observe many varietals. We keep unique varietal categories only for those with a market 

share greater than 0.2%. We aggregate other varietals with smaller market shares based on their 

grape type and import status. After aggregating smaller varietals, we have 15 red wine and 12 

white wine varietals. 

Our final product attribute is “geographic origin.” For domestic bottles, we extract 145 

distinct geographic origins. Of these, 30 are state appellations, and the remaining 115 are AVAs.13 

We aggregate AVAs with less than 0.1% market share into an “other AVA” category. We identify 

23 distinct domestic geographic origins for bulk domestic wines, of which 16 are AVAs, and seven 

are state appellations. We also observe purchases of foreign wines from 19 countries. We consider 

only the top ten countries as the remaining nine have a cumulative share of less than 0.5% of total 

imports.14 For wines from prominent European countries (France, Italy, Spain, and Portugal), we 

extract and distinguish wines by the region in which they were produced.15 We do not distinguish 

wines by region for the remaining importing countries (Australia, Argentina, New Zealand, Chile, 

Germany, and South Africa) and use only the country name for the geographic origin. Including 

regions, we have 30 foreign geographic origins for bottle wines and 11 foreign geographic origins 

                                                 
cutoff are aggregated as “Other Red” for domestic wines (and “Other Red Imported” for imported). Given 
their popularity, we aggregate any varietal blend with Cabernet Sauvignon as “Cabernet Blend,” and Syrah 
as “Syrah Blend.” For imported wine, we choose the top varietals from each country and aggregate the rest. 
Most European wines are distinguished by growing region, and many are blends. As such, we ignore 
varietal information for European wines from France, Italy, Portugal, and Spain, and aggregate them in our 
imported categories. 
 
13 State appellations indicate the appellation of origin information from a specific state. Wine from 
California, Texas, Washington, or other states that have a state appellation identifier must follow 
appellation of origin guidelines from the TTB. 
 
14 We were unable to extract country of origin information for around 5% of imported wines and, 
therefore, aggregate them and smaller countries under an “other countries” designation. 
 
15 See our discussion in Appendix C, Table C2.  
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for bulk wines. Combining domestic and international designations, we have 87 bottled wine 

geographic origins and 30 bulk geographic origins.  

Table 1 lists the category count for each of the product attributes. We classify every unique 

UPC in our data into one of 2,081 products over the thirteen years. On average, we observe 323 

unique products sold in each Scantrack market-year quarter combination. Figure 1(a) summarizes 

market shares across four broad geographic-origin categories over time. In 2019, 34% of sales 

were of domestic wines that did not belong to an AVA or state appellation, 32% belonged to a 

state appellation (mainly California), 25% were imported wines, and 9% belonged to an AVA. The 

share of sales of AVA-labeled bottles increases slightly over time. Figure 1(b) shows that, while 

AVA bottles make up a small share of total sales, they fetch higher prices on average than other 

types of wines.  In 2019, wines with AVA labels had the highest average price ($11/bottle) 

compared to imported wines ($7/bottle), state appellation wines ($4.20/bottle), and US generic 

wines ($4/bottle).  

Figure 2(a) and Figure 2(b) present average prices for all AVAs and foreign geographic 

origins from 2007 to2019. The highest valued AVAs include Santa Maria Valley, Knights Valley, 

Carneros, Sonoma Valley, and Rutherford. Among foreign origins, wines produced in the 

Champagne, Bourgogne-Chablis, and Maconnais regions of France, Piedmont and Tuscany 

regions of Italy, the Douro region in Portugal, and Andalucía in Spain fetch the highest price 

premiums. 

3.2 Projection Weights 

Every panelist in the Nielsen data is assigned a sampling weight to project nationally representative 

purchases. We use the sampling weights to calculate the quantities and expenditures for each wine 
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purchase in the data.16 We also use the weights to calculate product shares, prices, and market size 

for our demand estimation.17 This allows us to extrapolate our welfare calculations to national 

estimates more readily in our counterfactual exercises.  

3.3 Market Definition and Market Size 

We define a market as a Scantrack market, year-quarter combination. We restrict our analysis to 

50 Scantrack markets observed over 52 quarters for a total of 2,600 unique markets.18 We have 

significant variation in choice sets across markets. Of a total of 2,081 products, the average number 

of products available in a market is 323. The smallest observed choice set in a market is 36 

products, and the largest is 553. 

Standard practice typically assumes that market size is some multiple of observed average 

sales in each market (Björnerstedt and Verboven 2016; Miller and Weinberg 2017). We adjust this 

definition to account for changes in adult populations over time. We first define the maximum per 

capita wine consumption in each region over time. We then assume the maximum potential 

consumption is 50% larger than the maximum observed values. Last, we multiply the inflated per 

capita consumption value by the annual population above 21 in each region to define our market 

size.  

                                                 
16 The observed transaction in the raw data defines data uniquely at trip-UPC-household level. 
 
17 There are conflicting views in the economics literature about the use of weights in regression analysis. 
Solon et al. (2015) suggest that weighted regression is often not necessary if we are concerned about the 
causal effect of the coefficient of interest. We estimated demand model both without and with the 
sampling weights and found similar demand parameters and elasticity estimates. In this paper, however, 
we only discuss results from the weighted regression. The descriptive statistics presented in the paper also 
use sampling weights.  
 
18 Nielsen's coding system for Scantrack markets changed in 2016. Until then, Nielsen distinguished three 
markets for New York City (urban, exurban, and suburban New York City). From 2016 onwards, Nielsen 
includes just New York City market. We, therefore, combine the three NY regions for all years before 
2016 for consistency in our analysis. 
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Our model’s outside option implicitly consists of all other alcoholic beverages such as beer 

and spirits. We follow standard practice and measure market shares based on 750 ml bottle 

equivalent units. The price jmp of any product j in marketm is calculated by dividing the dollar sales 

by the number of bottles sold of product .j We deflate all prices to 2010 dollars. Our final data 

contain 718,713 total observations at the product-market level.  

4. Empirical Framework 

Our strategy is first to estimate the consumers’ demand model. This provides direct evidence on 

the impact and importance of various attributes on consumer demand. Having postulated a market-

equilibrium condition, we consider counterfactual simulations that permit a fuller assessment of 

the welfare impacts of AVAs.  

4.1 Demand 

We rely on a discrete-choice framework, with preferences defined in the space of characteristics, 

to rationalize consumer wine purchasing behavior. We specify a two-level, nested logit demand 

model that allows consumers’ unobserved tastes to be correlated across products (Verboven 1996; 

Björnerstedt and Verboven 2016). The model defines product groups, which allows for more 

realistic substitution patterns across products than a multinomial logit model.  

Figure 3 illustrates the structure of the model. The upper level consists of an outside option 

and all wine products. We divide the inside option into three subgroups based on wine type: red, 

white, and specialty wine. We presume that if a given wine consumer’s expected utility from a 

particular bottle of red wine is low, she is more likely to consider another red wine rather than a 

white or specialty wine. Further, switching to the outside option (other alcoholic beverages) is less 

likely than switching between wine types. 



 

14 
 

Consider a market with L  consumers denoted by 1,...., .i L  Each consumer chooses one 

of 1J  differentiated products, where 0,..... .j J  Good 0 is the outside option (the no-purchase 

alternative). Following Berry (1994), the conditional indirect utility that consumer i  receives from 

good j  in market m  is written as:     

(1) ijm jm ijmu     

where jm  denotes the mean utility of product j  that is common across all consumers within 

market m , and ijm  is a random (to the econometrician) term capturing consumers’ idiosyncratic 

preferences. Without loss of generality, the mean utility of the outside good is normalized to zero, 

i.e., 0 0.m   

 Product-specific mean utilities depend on the product’s characteristics, including price. 

Specifically, we model mean utilities as follows:  

(2) [ ] [ ] [ ]jm j jm l m t m m jmp            x  

where jx  is a vector of observable product characteristics (packaging size, type, varietal, 

geographic origin, and brand); jmp  is the price of product j  in market ;m  [ ]l m , [ ]t m , and [ ]m  

are region, year, and quarter fixed effects, respectively; [ ]l m  denotes Nielsen Scantrack market ;m  

[ ]t m  and [ ]m  denote the year and quarter corresponding to the market, respectively; and, jm  

denotes unobserved product characteristics specific to a market that are observed by consumers 

and sellers but unknown to the econometrician.  

 To make the model operational, assumptions about the distribution of the idiosyncratic 

term ijm  are needed. If this term were simply drawn from an i.i.d. type 1 extreme distribution, the 
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multinomial logit model would attain. But this model is known to entail restrictive implications 

for the cross-price elasticities (ultimately due to its independence of irrelevant alternative 

property). To overcome this limitation, we postulate a two-level nested logit formulation. We 

partition the choice set in market m  into two mutually exclusive groups denoted by {0,1}g , 

where 0g   represents the outside good and 1g   represents inside goods. We further partition 

products in the inside group into three subgroups denoted by {1,2,3}h  that represent the three 

different wine types. Given that, the idiosyncratic unobserved error term is written as (Verboven 

1996):  

(3) 2 1(1 ) (1 )ijm igm ihgm ijm            

where ijm  is an i.i.d. type 1 extreme value draw, and  igm  and ihgm  follow the unique 

distributions such that 2 1(1 ) (1 )ihgm ijm       and 2 1(1 ) (1 )igm ihgm ijm         are also 

distributed as type 1 extreme value.  

The structure of equation (3) ensures that ijm  are not i.i.d. so long as the nesting parameters 

are not zero. The nesting parameters 1  and 2  allow for correlation between unobserved 

preference components. Specifically, 1  controls the taste correlation of products within the same 

subgroups, and 2  that for products in the same group. These nesting parameters should satisfy 

2 10 1     to be consistent with the axioms of utility maximization. A large 1   indicates that 

product demand is highly correlated across products within the same subgroup (wine type). When 

2  is also high, there is additional correlation across products of all three wine types. If 2 1  , 

consumers’ preferences are equally correlated among wine products, and the subgroup distinction 

is immaterial. If 1 2 0,   the model reduces to a simple logit specification.  
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Each consumer in every market m  chooses the product j  among the available choices that 

yields the highest utility .ijmu  Conditional of choosing product ,j  a consumer will buy one unit of 

product j . In any given market, the set of wine products in subgroup h  of group g  is denoted 

hgmJ . Given the assumed two-level nested logit structure, the choice probability that a consumer 

i  chooses product 1,...,j J  is:  

(4) 
 
 

 
 

1 2

1 2

exp / (1 ) exp / (1 ) exp( )

exp( )exp / (1 ) exp / (1 )
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where ,hgm gmI I and mI are “inclusive values” defined as (Björnerstedt and Verboven 2016): 

(5) 1 1(1 )ln exp( / (1 ))
hgm

hgm km
k J

I   


     

(6)  2 2
(1,2,3)

(1 )ln exp / (1 )gm hgm
h

I I 


     

(7)  ln 1 exp( ) .m gmI I    

Following Berry (1994) and Verboven (1996), and recalling the definition of mean utility jm , the 

estimating equation can then be expressed as: 

(8) 0 1 2 [ ] [ ] [ ]ln( ) ln( ) ln( )jm m j jm jm hgm hgm gm l m t m m jms s p s S S S               x   

where, for product j  that belongs to subgroup h  of group g  (and here we have only one group of 

inside goods), hgmS  is the aggregate share of all products in subgroup h , and gmS  is the aggregate 

share of all products in group .g  Thus, jm hgms S  is the conditional share of wine product j  within 

subgroup h ; and, hgm gmS S  is the conditional share of subgroup h  in the group of all wines. The 
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term 0ms  is the market share of the outside option, which satisfies 0 1 .m gms S   Equation (8) can 

be estimated using linear regression, provided an instrumental variable approach is implemented 

to correct for price, subgroup share, and group share endogeneity. 

4.2 Identification 

The presumption is that wine prices are set by profit-maximizing firms that consider all 

differentiating characteristics of their products, as well as those of competing products. We do not 

observe all relevant characteristics, however, and this introduces a potential correlation between 

product prices and the structural error term jm .19 In the presence of this price endogeneity, 

ordinary least squares estimation of the price coefficient   will be biased towards zero, and 

subsequent WTP and welfare estimates will be biased.  

We follow the standard approach and assume that, conditional on our fixed effects, product 

characteristics other than price are uncorrelated with the error term and use different instrumental 

variable strategies to account for price endogeneity.20  

Given the longitudinal nature of our data, we follow Nevo (2001) and estimate our demand 

model in two steps. In the first step, we introduce product fixed effects j  and estimate the 

following equation:  

                                                 
19 We note at this juncture that prices in Nielsen data are determined in two ways. If the panelists have 
shopped at a store where Nielsen also receives point of sale (POS) data, then panelists are not supposed to 
enter the price information. For such cases, the price reported is the average weighted price of the item 
that week in that store. If the panelist shops at an outlet where Nielsen does not receive POS data, 
panelists enter the price paid. Nielsen does not distinguish the price entered by the panelists and those 
imputed by Nielsen, as they assume all price information in the Consumer Panel data is accurate.  
 
20 Other potential sources of endogeneity include the conditional subgroup and group shares in equation 
(8). These group shares are systematically related to overall market shares, which are endogenous due to 
unobserved (to the econometrician) product characteristics. 
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(9) 0 1 2 [ ] [ ] [ ]ln( ) ln( ) ln( )jm m j jm jm hgm hgm gm l m t m m jms s p s S S S                  

Product fixed effects are intended to capture all observed and unobserved product characteristics 

that are constant across markets. 

We estimate equation (9) using three sets of instruments. In all regressions, we follow 

Berry, Levinsohn, and Pakes (1995) and use so-called BLP instruments that have become common 

in the literature. Specifically, we leverage variation in choice sets across markets and count the 

number of competitive products for several categories. The categories include group (all wine 

products), subgroup (wine types), size, varietal, geographic origin, brand, wine type and varietal, 

wine type and size, wine type and geographic origin, and wine type and brand.  

We also present results that rely on three other instruments. First, we follow Miller and 

Weinberg (2017) and create a product-level cost instrument. We calculate distribution costs for 

every product using travel distances between production and sales regions.21 Second, we construct 

instruments based on the competitiveness of the local retail store environment. We collect store 

count data for every market from the County Business Pattern of the US Census and calculate each 

market’s retail density.22 Last, we use state excise taxes, which vary considerably across states. 

Wine excise tax data are collected from the Tax Foundation and the Federation of Tax 

                                                 
21 Specifically, we use geographic origin for each product to estimate the distance between each product’s 
production region and the market in which the product is sold. We use gallons of diesel required to drive 
from the centroid of the production region and the centroid of each market multiplied by a diesel price 
index. For imported products, we calculate the distance from the market to the nearest port. We select 
Seattle, Oakland and Los Angeles for West Coast markets, Houston, Jacksonville, and the Everglades for 
the Southern United States, and New York and Norfolk for the East Coast. These ports were selected based 
on the volume of wine imports to each port. For products for which we do not know the origin, we assume 
that they are produced in California. 
 
22 Specifically, we define “population-adjusted retail density” as the number of establishments per 1,000 
residents, and “spatial area adjusted retail density” as the number of stores per square mile. 
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Administrators.23 

In the second step of our regression, we recover marginal utilities of observed product 

attributes that are fixed over time and across regions by regressing the estimated product fixed 

effects ˆj  from equation (9) on our observed attributes. The attributes we are particularly interested 

in are varietal, geographic origin, and brand. The second step regression can be expressed as: 

(10) ˆ
j j je  x β   

where the vector jx  contains a set of indicator variables for the attributes of product j—wine type, 

varietal, container size, geographic origin (AVA for domestic wines, and foreign geographic origin 

for imported wines), and brand—and je  is an error term. 

4.3 Supply 

To close the model, we adopt the Bertrand-Nash price competition model widely used in the 

literature on consumer products (Nevo 2001), including applications to the wine market (Villas-

Boas, Bonnet, and Hilger 2020). Competition occurs between firms (brands), and every brand may 

produce multiple products. Suppose there are B  brands in the market, each of which produces 

some subset bJ  of 1,.....,j J  wines. The profits of brand 𝑏 can be written as:24 

                                                 
23 States apply varying excise tax rates based on wine type and alcohol content. In 2019, excise taxes 
differed significantly across states, with the highest in Alaska ($2.50/gallon) and the lowest in 
Pennsylvania, Utah, and Wyoming ($0/gallon). The three states with zero excise tax have state-controlled 
retail wine outlets. Thus, while there is no explicit excise tax on wine in these states, revenue is generated 
through various other taxes, fees, price mark-ups, and net profits. We control for these states with a ‘state 
control’ indicator variable.  Under federal code and in some states, sparkling wine has a different excise 
tax than other wines. We consider two categories for excise taxes: (a) a base excise tax for all wine other 
than sparkling wine and (b) an excise tax on sparkling wine. For states where we do not have information 
about the excise tax on sparkling wine, we use only the base excise tax for sparkling wine. 
 
24 For notational clarity, here we drop the market identifier m . 
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(11) ( ) ( )
b

b j j j
j J

p mc Ms


   p   

where ( )js p  is the market share of product j , which is a function of the vector of prices p  of all 

products in any given market; M  is the size of the market; and, jmc  is the (constant) marginal 

cost of product .j   

We assume that firms compete in prices. The optimality conditions for the maximization 

of the profit in (11), which implicitly define the best response functions of the Bertrand-Nash 

game, are: 

(12) 
( )

( ) ( ) 0
B

i
j i i

ji J

s
s p mc

p


  

 p
p   

Let ( )S p  be the J J  matrix of substitution terms, i.e., with elements ( )jk j kS s p  p , and define 

a J J  ownership matrix Δ  with elements 1ij   if products i  and j  are sold by the same brand, 

and 0ij   otherwise.25 Following Nevo (2001), the information from the substitution matrix and 

the ownership matrix can be combined in a J J  matrix ( )Ω p , with elements jk jk jkS    . The 

Bertrand-Nash equilibrium conditions in equation (12)  can then be expressed as:  

(13)  ( ) ( ) 0,s   p Ω p p mc   

where ( )s p  and mc  are the vectors of market shares and marginal costs, respectively. Equation 

(13) implies the equilibrium markup relation 1 ( )s p mc Ω p , which embeds the insight that 

markups depend on price elasticities and also on the product ownership structure (because firms 

                                                 
25 When defining our products, we aggregate brands that do not meet the top 50% cutoff as “other” brand. 
However, when modeling brand's competition and defining the ownership matrix, we treat all brands in 
the data independently. 
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internalize the effects of their price choices on the demand for other products they sell. Having 

estimated the demand model, in the tradition of the new empirical industrial organization, we 

exploit this equilibrium relation to back out the vector of (otherwise unobserved) marginal costs, 

which are needed in the counterfactuals to assess the welfare impacts. 

5. Results 

In this section, we present estimates from alternative demand models. We then derive and discuss 

relevant elasticities of demand, comparing them to previous work. 

5.1 Demand Model Results 

Table 2 presents estimation results for four specifications of our demand model. Columns 1 and 2 

contain results for the two-level nested logit specification, and columns 3 and 4 present results for 

the simple logit specification, where 1 2 0   . The specification in columns 1 and 3 are 

estimated using all three types of instruments discussed earlier. Column 2 uses only BLP 

instruments. Column 4 is the most naïve model, estimated using ordinary least squares. All 

specifications include quarter, year, region, and product fixed effect.  

The price coefficient in column 1, our preferred model, is statistically significant and negative, 

and the nesting parameters are of the expected sign and magnitude. The nesting parameters indicate 

a strong correlation within nests, suggesting that consumers consider products of the same wine 

type as closer substitutes. Column 2 in Table 2 uses only BLP instruments, and results remain 

mostly unchanged.26 As expected, the price coefficient is the smallest (in absolute value) in column 

                                                 
26 Appendix B explores the sensitivity of our baseline demand estimates to using alternative market size 

definitions, and using year trends rather than fixed effects. While alternative market size does not affect our 
results, using a more restrictive trend to control for linear changes in demand over time results in much 
higher price sensitivity estimates. We also present first-stage estimates for all instrumental variable in 
Appendix B. Coefficients generally follow their expected signs.  
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4. When we correct for price endogeneity in column 3, our estimated price sensitivity increases 

substantially, though substitution patterns remain restrictive.  

5.2 Elasticities 

Following Björnerstedt and Verboven (2016), the price elasticity for any product 𝑗 with respect to 

a change in the price of product 𝑖 is: 

(14) 1 2 32

1 1 2 2

1 1 1

1 1 1 1

j i i i
ji ji ji i i

i j hg g

q p s s
D D D s p

p q S S




   
                 

  

where 1
jiD , 2

jiD , and 3
jiD  are dummy variables with 1 1jiD   if j i , 2 1jiD   if j  and i  belong to 

the same subgroup, and  3 1jiD    if j  and i  belong to the same group. Here, /i hgs S  is the 

conditional share of product i  in subgroup hg , and /i gs S  is the conditional share of product i  in  

group .g  Equation (14) reduces to an own-price elasticity when j i  .  

The second panel of Table 2 presents average own- and cross-price elasticities.  For 

brevity, we focus on elasticity estimates from our preferred model in column 1, except to note that 

the simple logit model in column 4 produces inelastic own-price elasticity estimates on average, 

which would be inconsistent with profit-maximizing firms optimally setting prices. The mean 

own-price elasticity for our preferred nested logit model is -6.19. Thus, demand for individual 

wine products is highly elastic on average. We present two cross-price elasticity statistics. The 

first calculates the average cross-price elasticity within a wine type, and the second considers the 

average cross-price elasticity across wine types.  As expected, cross-price elasticities are larger 

(0.009) when we consider only products within the same wine type versus across different wine 

types (0.004). All average cross-price elasticities are positive, reflecting the substitutability of wine 

products. The average cross-price elasticity with respect to the outside good (other alcoholic 
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beverages) is even smaller (0.001).  

6. Willingness-to-Pay for Wine Attributes and the Welfare Effects of AVAs 

We now turn to the second step of our demand model, estimating consumers’ willingness to pay 

for fixed wine characteristics, including AVA labels.  We then estimate the total surplus generated 

by AVA labels, our first approximation of their welfare effects.  Last, we use our supply model to 

simulate two alternative welfare measures of AVA labels. We use estimates from our preferred 

demand model in all cases, presented in column 1 of Table 2. 

6.1 Consumer’s Willingness-to-Pay for Geographic Origin 

Table 3 presents results from our second stage. The first and second columns present coefficients 

and standard errors of estimated marginal utilities. The third and fourth columns present WTP 

estimates and standard errors. We calculate WTP as the ratio of the marginal utility for each 

characteristic to the marginal utility of price, estimated in the first stage of the demand model 

(Train 2009).  Two features of the estimates are worth noting.  First, all WTP estimates are in real 

terms (2010 dollars). Second, all characteristics are product categories, represented in our model 

by dummy variables.  We, therefore, choose a base, or excluded characteristic, for every category.  

For example, every product is either a specialty, white, or red wine.  For this case, we exclude the 

red wine indicator variable in our model and interpret all WTP estimates relative to a generic red 

wine.  Each panel in Table 3 presents results for a different exhaustive category, indicating the 

reference characteristic in the panel description. We order the (relative) WTP estimates in each 

category from highest to lowest.  

Panel A shows that consumers are willing to pay around $2.00 more for bottled than bulk 

wine, even after adjusting prices for quantity. Panel B presents WTP estimates by import status.  
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Imported wines have a slightly greater WTP than domestic wines, though the estimate is 

statistically and economically insignificant. Consistent with previous research, we find in panel C 

that consumers value red wine more than white or specialty wines (Schamel 2006; Schamel and 

Anderson 2003). Panels D, E, and F show results for different red, white, and specialty wine 

varietals, respectively. Among red wines, consumers value Petite Syrahs, Cabernet Sauvignons, 

Carmeneres, and Pinot Noirs most. The top white wine varietals include Viognier, Chardonnay, 

Moscato, and Pinot Grigio. Among specialty wines, the only varietal consumers prefer over blush-

roses are sparkling wines.  

Panel G presents WTP estimates for our main object of interest, AVA labels. The reference 

category is a bottle of wine with a general US label. The top five AVAs are from well-known 

wine-producing regions, and all fetch high price premiums: Chalk Hill ($13.6/bottle), Carneros 

($9.13/bottle), Santa Maria Valley ($8.01/bottle), Walla Walla Valley ($6.45/bottle), and Napa 

Valley ($6.45/bottle). The top four AVAs are located within larger, well-known AVAs, 

highlighting the additional benefits of specificity from the AVA program.27 Other well-known 

AVAs (Sonoma Valley, Knights Valley, Willamette Valley, Dry Creek Valley, and Alexander 

Valley) have estimated WTPs around $6.00/bottle. Few AVAs have negative WTPs, and those 

with statistically significant negative WTPs are for lesser-known regions such as the Augusta AVA 

in Missouri or small AVAs in California like Edna Valley and Guenoc.  

Our ranking of AVAs matches with those presented in earlier analyses (Bombrun and 

Sumner 2003; Schamel, 2006; Costanigro, McCluskey, and Mittelhammer 2007; Gustafson, 

                                                 
27 Chalk Hill is located within the North Coast, Northern Sonoma, and Russian River Valley AVAs, and 
partially overlaps with the Sonoma Coast AVA. Carneros is located within the North Coast AVA and 
partially overlaps with Napa Valley, Sonoma Coast, and Sonoma Valley AVAs. Walla Walla Valley is 
located within Columbia Valley. The Dry Creek Valley, Knights Valley, and Santa Maria AVAs are 
located within the North Coast, Northern Sonoma, and Central Coast AVAs, respectively. 
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Lybbert, and Sumner 2016).28 However, our estimates are not directly comparable because prior 

work relied primarily on hedonic price analysis and focused only on the largest AVAs, aggregating 

sub-AVAs.  

The remaining panels in Table 3 present WTP estimates for other geographic labels.  WTP 

for most state appellations is lower than that for a generic US label, and consumers value a generic 

California label nearly on par with a US label (panel H). The finding suggests specificity from 

programs like the US AVA program matters. The highest-valued foreign country labels include 

Germany ($0.61/bottle) and New Zealand ($0.32/bottle) (Panel I). Panels J to M explore 

consumers’ WTP for specific regions of France, Italy, Portugal, and Spain. The Champagne region 

in France fetches the highest WTP, $26/bottle greater than wine from Lubernon, followed by 

Bourgogne Chablis ($8.34/bottle), Vourvray ($5.88/bottle), Rhone ($4.53/bottle), and Bordeaux 

($4.46/bottle). In Italy, Tuscany has the highest WTP ($11.7/bottle), followed by Piedmont 

($10.9/bottle), and Veneto ($4.80/bottle). Douro in Portugal, known for dessert wines, has a 

significantly higher WTP ($5/bottle) than Vinho Verde, a white wine from southern Portugal. 

Catalunya has the highest WTP in Spain, $3.21/bottle more than wines from the La Rioja region.  

6.2 Total Surplus of the US AVA Program 

We provide an initial estimate of the total surplus created by the AVA program by multiplying our 

WTP estimates in Table 3 by the observed number of bottles for each AVA and summing the 

values for all AVAs, which results in an estimate of around $1.30 billion. This simple approach 

does not consider how consumers and producers would react in a world where the AVA program 

                                                 
28 AVAs defined in these studies are not exactly comparable. For instance, in Schamel (2006), South 
Coast includes Santa Barbara, Paso Robles, Santa Maria, Santa Yenez, and Edna Valley. Napa Valley 
includes Napa Valley and Carneros. Central Coast includes Central Coast, Bay Area, and Monterey 
County. 
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did not exist. It assumes that sales of all wines would be unaffected by the removal of the AVA 

system, and the price of wines without an AVA label would remain the same. Nonetheless, we 

believe it provides a useful first-order approximation with which to benchmark more nuanced 

counterfactuals.  

6.3 Counterfactual Prices and Consumer Welfare from GIs 

In this section, we simulate equilibrium prices and market shares under two counterfactual 

scenarios. In the first scenario, we remove all AVA products from consumers’ choice sets. The 

presumption here is that, had the AVA program not existed, wines featuring AVA information on 

their labels would simply not have entered the market as such (and no other wine product would 

have been marketed in their stead). Thus, the scenario represents a pure reduction in consumers’ 

choice sets. We label this the “naïve” scenario. In our second scenario, we modify the 

characteristics of all AVA products, removing the AVA name but keeping the resulting stripped-

down products in the counterfactual choice set. The implicit assumption here is that wine producers 

would have sold the AVA-labeled wines of the baseline under a generic US country-of-origin label 

had the AVA program not existed. We label this the “keep all” scenario.29  

 Recall that the estimated mean utility in the baseline model (i.e., with current AVA 

characteristics) in the given market is:  

(15) [ ] [ ] [ ]
ˆ ˆ ˆ ˆ ˆ ˆˆjm j jm l m t m m jmp               

For the naïve scenario, the predicted mean utility is the same as the above, but only for the products 

that are retained in the choice sets. For the “keep all” counterfactual scenarios, the mean utility is:  

                                                 
29 This characteristics modification essentially creates “duplicates” products in our data. We assume that 
all the duplicates are viable and are part of the counterfactual choice set. 
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(16) [ ] [ ] [ ]
ˆ ˆ ˆ ˆˆjm j jm l m t m m jmp               

where the counterfactual product fixed effects are ˆ
j j  x β  . The vector of product characteristics, 

jx , are modified according to the assumptions of the counterfactual exercise (i.e., stripped of the 

AVA characteristics). 

 With these counterfactual mean utilities, the structural demand model can predict the 

corresponding market shares ( )js p . Such counterfactual shares clearly also depend on the vector 

of prices, which will itself be affected in the given scenarios. For each scenario, we compute the 

vector of prices p  that clears the market, simulating the corresponding Bertrand-Nash equilibrium 

conditions. Specifically, the counterfactual price vector satisfies:  

(17) 1( ) ( ) p mc Ω p s p      

We use a convergence algorithm to solve the system of equations in equation (17). The vector of 

marginal costs, as estimated out from the equilibrium conditions in the baseline model, is held 

fixed, and the simulation iterates until the left- and right-hand sides of equation (17) converge.  

 The predicted mean utilities, evaluated at the appropriate price vector (the observed p  for 

the baseline, and the simulated p  for each counterfactual), are then used to calculate the inclusive 

value for the baseline ( ˆmI ) and counterfactual scenario ( mI
 ). The change in consumer surplus 

between the baseline and a given counterfactual scenario for each market ,m  can be expressed as 

ˆ ˆ( )m m mV I I    . Multiplying these mV  terms by the potential market size mM  for the 

corresponding market m , and summing over all markets, yields an estimate of the total consumer 

surplus attributable to the availability of AVA attributes in the wine products. We decompose the 
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consumer welfare gain from the AVA program into two parts. First, we estimate the welfare gain 

due to consumers’ preference for diversity. Second, we estimate the welfare gain due to a decrease 

in prices due to higher product competition from AVA-labeled wines.  

Table 4 reports our estimates. Under the “naïve” scenario, the total consumer gain is 

around $1.19 billion, slightly smaller than our first-order approximation. Under the “keep all” 

scenario, the estimated welfare gain is $0.40 billion. Under both scenarios, 93% of the consumer 

welfare gain is from increased variety, and 7% is from product competition.  

6.4 GIs and Wine Industry Revenue 

In addition to affecting consumers’ welfare, AVAs permit sellers to market more products and 

increase revenues. The estimated equilibrium prices for both counterfactuals allow us to evaluate 

the magnitude of this effect. To compute the baseline wine industry revenues, we compute the 

market shares and the associated value of all wine sold using the observed price and estimated 

demand model. We use the predicted mean utility from equations (15) and (16) to compute 

inclusive values and predict counterfactual market shares under the baseline ( ˆjms ) and 

counterfactual scenarios ( jms ). We then calculate the change in industry revenue due to the AVA 

program as  ˆm m jm jm jm jmj j
R M s p s p       . The total revenue change for the entire industry, 

over the sample period, is the summation of these terms over all markets, that is mm
R .  

Table 5 reports our results. We estimate that the AVA program increased wine industry 

revenues by $4.27 billion and $1.97 billion under the naïve and keep all scenarios, respectively.  

The table also presents average prices for each scenario.  On average, prices for broader geographic 

origin wines increase when we remove AVA products from the choice set. In other words, the 

average price in the baseline scenario was smaller when AVA products were present in the market.  
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7. Conclusion 

Wine quality has long been linked, inter alia, to the soil and climatic conditions of the producing 

region. To credibly communicate this attribute to consumers, over and above the firms’ own brand 

labels, a system of geographical indications has emerged, first in Europe and then elsewhere 

around the globe. In the United States, AVAs represent the most prominent implementation of the 

GI concept.  

The widespread diffusion of AVAs since they were first introduced in 1980 attests to the 

attractiveness to the industry. But how effective are they in the context of wine demand? To 

address this question, in this paper we have developed and estimated a novel wine demand model 

for the United States. The estimated parameters conform broadly with expectations. Elasticity 

estimates indicate that product-specific own-price elasticities are large, as expected given the very 

disaggregated formulation of the product space. As for the effect of geographical indications, we 

find an economically and statistically significant impact of AVAs on wine demand. Consumers’ 

willingness to pay for wine products’ geographic origin, over and above other quality indicators 

such as brand and varietal, appears sizeable. AVAs command heterogeneous values in the eyes of 

the consumers relative to a generic US label, ranging from $1 to $13 per bottle. The aggregate 

welfare gains attributable to the presence of AVAs are large and significant. Our most conservative 

counterfactual scenario suggests that, over the period 2007–2019, the overall welfare impact of 

AVAs was as large as $2.4 billion. We also find that wine producers and retailers appropriate a 

larger share (around 80%) of total welfare generated through AVAs.  

AVAs have attracted a fair amount of interest among US wine producers. Their number 

has steadily increased over the last few decades, even though establishing an AVA can be a lengthy 

and costly process (Walker 2006). That growers and wineries invest time and money to establish 
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AVAs suggests that they believe in long-term gains to promote consumer awareness of their wines’ 

geographic origin, presumably leading to higher wine prices. Indeed, some producers expect 

sizeable price premiums from newly established AVA (Chalk, 2020). Our results are broadly 

supportive of the role of GIs as a marketing tool and an instrument for product differentiation in 

the US wine market.  

The conventional wisdom has perhaps been that GIs have represented the hallmark of “old 

world” marketing strategies for wines, while the “new world” has privileged other avenues, 

including greater interest in technological innovation and a focus on varietals (Castriota 2020). 

Whereas the international landscape of the wine market is complex, with clear cross-country 

differences in consumer attitudes, production practices, and government regulations, our results 

suggest that the merit of GIs is not confined to their ancestral European home. It seems that US 

consumers recognize a clear value in AVA designations. This is not surprising, in a way. As much 

as it may be challenging for consumers to deal with a large number of geographical indications on 

wine labels, it is a fact that these represent a more concise message relative to the panoply of 

branded individual products on the market. Insofar as key specific geo-climatic factors of the 

production locality matter for wine quality, GIs can provide an effective informative signal that, 

consistent with Mѐrel, Ortiz-Bobea, and Paroissien’s (2021) analysis of the French experience, 

may go a long way to alleviating the informational problems besetting wine markets. 
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Figure 1: Market Shares and Prices by Geographic Origin, 2007–2019 
 
Panel A: Market Shares 

  
Panel B: Prices 

 
 
 
 



 

36 
 

 

Figure 2: Average price ($ per bottle) by AVAs and Foreign Region, 2007–2019 
 
 
Panel A: AVAs 
 

 
 
 
Panel A: Foreign Regions 
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Figure 3: Nested Logit Model Structure 
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Table 1: Category count for characteristic defining product 
 
Characteristics Bottle Bulk Total 
Wine type 3 3 3 
Varietal 33 26 33 
Packaging Size 1 1 2 
Brand 43 20 53 
Geographic Origin 108 38 108 
Product Count 1593 488 2081 

 
 

 
 
Table 2: Demand Parameter Estimates 
 
 Nested Logit Nested Logit Logit Logit-Ols 
 (I) II (III) (IV) 
Price -0.21*** 

(0.0086) 
-0.25*** 
(0.012) 

-0.36*** 
(0.018) 

-0.016*** 
(0.00072) 

1  0.71*** 
(0.0063) 

0.70*** 
(0.0074) 

  

2  0.60*** 
(0.024) 

0.57*** 
(0.028) 

  

Elasticities:     
Own -6.19 -6.90 -3.04 -0.13 
Cross: Within Wine type 0.009 0.009 0.001 0.001 
Cross: Across Wine type 0.004 0.004 0.001 0.001 
Cross: Outside Good 0.001 0.001 0.001 0.001 
IVs Yes Yes Yes No 
Quarter FE Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes 
Region FE Yes Yes Yes Yes 
Product FE Yes Yes Yes Yes 
Observations 718,556 718,556 718,556 718,556 

 
Note: The dependent variable is the log of the market share for every product in each market. All 
prices are deflated to 2010 using the Consumer Price Index. The fixed effect regressions with 
instrument variables are estimated using Stata’s IVREGHDFE module (Correia 2018). Robust 
standard errors are in parentheses.  * p < 0.10, ** p < 0.05, *** p < 0.01.   
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Table 3: Marginal Utility from second step demand estimation and WTP ($ per bottle)  
 

 MU SE WTP SE 

Panel A: Packaging Size, base: bottle 

bulk -0.42*** (0.053) -1.96*** (0.25) 

Panel B: Origin, base: domestic 

Import 0.035 (0.12) 0.16 (0.54) 

Panel C: Wine type, base: red 

Specialty -0.33*** (0.058) -1.55*** (0.27) 

White -0.40** (0.19) -1.87** (0.90) 

Panel D: Red Varietal, base: merlot 

Petite Syrah 0.48** (0.23) 2.27** (1.06) 

Cabernet Sauvignon 0.37*** (0.099) 1.72*** (0.47) 

Carmenere 0.27*** (0.069) 1.26*** (0.32) 

Other Red 0.23*** (0.081) 1.07*** (0.38) 

Pinot Noir 0.14* (0.071) 0.65* (0.34) 

Cabernet Blend 0.11 (0.13) 0.50 (0.63) 

Zinfandel 0.052 (0.088) 0.24 (0.41) 

Other Red Imported -0.018 (0.072) -0.084 (0.34) 

Syrah -0.053 (0.067) -0.25 (0.32) 

Malbec -0.070 (0.10) -0.33 (0.48) 

Moscato Red -0.078 (0.16) -0.36 (0.77) 

Syrah Blend -0.21 (0.17) -0.99 (0.80) 

Concord -0.71*** (0.21) -3.32*** (0.96) 

Panel E: White Varietal, base: chenin blanc 

Viognier 0.74*** (0.27) 3.48*** (1.25) 

Chardonnay 0.28 (0.19) 1.32 (0.91) 

Moscato White 0.22 (0.19) 1.03 (0.92) 

Other White Imported 0.21 (0.20) 1.00 (0.93) 

Other White 0.19 (0.19) 0.90 (0.91) 

Pinot Grigio 0.18 (0.19) 0.85 (0.91) 

Sauvignon Blanc 0.13 (0.19) 0.59 (0.90) 

Riesling 0.060 (0.20) 0.28 (0.92) 

Gewurztraminer -0.079 (0.20) -0.38 (0.98) 

Liebfraumilch -0.30 (0.27) -1.45 (1.33) 

Panel F: Specialty Varietal, base: blush rose 

Sparkling 0.61*** (0.20) 2.89*** (0.92) 

Other Specialty 0.21 (0.23) 0.97 (1.09) 

Other Specialty Imported 0.20** (0.096) 0.96** (0.45) 

Dessert 0.045 (0.14) 0.21 (0.65) 

Flavored 0.0086 (0.11) 0.040 (0.54) 

Sangria -0.042 (0.089) -0.20 (0.42) 

Vermouth -0.32* (0.17) -1.48* (0.80) 
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Table 3 contd.. . 

Panel G: AVA, base: US generic label 

Chalk Hill 2.78* (1.66) 13.6* (8.09) 

Carneros 1.94*** (0.30) 9.13*** (1.42) 

Santa Maria Valley 1.70*** (0.43) 8.01*** (2.00) 

Walla Walla 1.45*** (0.36) 6.83*** (1.71) 

Napa Valley 1.37*** (0.25) 6.45*** (1.17) 

Sonoma Valley 1.36*** (0.32) 6.39*** (1.51) 

Knights Valley 1.31*** (0.42) 6.15*** (1.95) 

Willamette Valley 1.23*** (0.17) 5.78*** (0.81) 

Sonoma Coast 1.21*** (0.23) 5.68*** (1.10) 

Dry Creek Valley 1.17*** (0.29) 5.49*** (1.36) 

Other AVAs 1.12*** (0.30) 5.27*** (1.39) 

Alexander Valley 1.10*** (0.24) 5.16*** (1.14) 

Rutherford 1.09** (0.45) 5.11** (2.12) 

Russian River Valley 1.03*** (0.21) 4.85*** (0.98) 

Saint Lucia Highlands 0.95*** (0.30) 4.44*** (1.43) 

Livermore Valley 0.65** (0.29) 3.06** (1.37) 

Sierra Foothills 0.64*** (0.23) 3.00*** (1.10) 

Sonoma 0.61*** (0.16) 2.86*** (0.73) 

Arroyo Seco 0.60*** (0.23) 2.84*** (1.10) 

Wahluke Slope 0.56** (0.27) 2.62** (1.25) 

Finger Lakes 0.54** (0.23) 2.56** (1.10) 

Napa County 0.50** (0.24) 2.34** (1.12) 

Edna Valley 0.47*** (0.18) 2.23*** (0.83) 

Yakima Valley 0.43*** (0.13) 2.00*** (0.62) 

Eola Hills 0.39 (0.29) 1.82 (1.34) 

Horse Heaven Hills 0.39** (0.17) 1.84** (0.81) 

Santa Barbara 0.36* (0.19) 1.67* (0.88) 

Red Hills Lake County 0.32** (0.15) 1.49** (0.68) 

Mendocino 0.26* (0.13) 1.21* (0.63) 

Paso Robles 0.24** (0.10) 1.14** (0.47) 

Clarksburg 0.21 (0.18) 0.99 (0.84) 

Big Valley-Lake County 0.19 (0.15) 0.89 (0.72) 

Monterey County 0.17* (0.089) 0.79* (0.42) 

North Coast 0.13 (0.12) 0.61 (0.55) 

Amador County 0.14 (0.19) 0.65 (0.90) 

Ohio River Valley 0.090 (0.19) 0.43 (0.89) 

Columbia Valley 0.0019 (0.11) 0.0090 (0.53) 

Central Coast -0.028 (0.081) -0.13 (0.38) 

Lake Erie -0.048 (0.13) -0.23 (0.62) 

San Antonio -0.16 (0.15) -0.75 (0.71) 

Lodi -0.17 (0.11) -0.78 (0.50) 

Augusta -0.24** (0.11) -1.11** (0.51) 
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Table 3 contd..     

Dunnigan Hills -0.24 (0.28) -1.14 (1.31) 

Snake River Valley -0.28* (0.16) -1.31* (0.77) 

Guenoc -0.45*** (0.12) -2.10*** (0.56) 

Eagle Peak -0.46*** (0.15) -2.15*** (0.70) 

Panel H: State Appellation, base: US generic label 

Virginia 0.69*** (0.16) 3.22*** (0.74) 

Oregon 0.32** (0.15) 1.50** (0.70) 

Ohio 0.26 (0.30) 1.22 (1.42) 

North Carolina -0.031 (0.18) -0.15 (0.83) 

Washington -0.13 (0.11) -0.61 (0.49) 

California -0.14*** (0.054) -0.66*** (0.25) 

Texas -0.14 (0.14) -0.66 (0.66) 

New York -0.21* (0.13) -1.00* (0.60) 

Missouri -0.23 (0.18) -1.08 (0.84) 

Arkansas -0.41*** (0.13) -1.95*** (0.60) 

Illinois -0.50*** (0.11) -2.35*** (0.51) 

Panel I: Foreign Countries, base: Other Countries 

Germany 0.12 (0.13) 0.61 (0.65) 

New Zealand 0.068 (0.23) 0.32 (1.14) 

Spain 0.0032 (0.34) 0.016 (1.67) 

Argentina -0.15 (0.11) -0.74 (0.51) 

Australia -0.26** (0.11) -1.20** (0.51) 

South Africa -0.29** (0.11) -1.34** (0.53) 

Chile -0.41*** (0.11) -1.94*** (0.50) 

Portugal -0.44*** (0.086) -2.05*** (0.40) 

France -0.46*** (0.12) -2.15*** (0.55) 

Italy -0.63*** (0.098) -2.98*** (0.46) 

Panel J: France regions, base: Luberon 

Champagne 5.54*** (1.65) 26.0*** (7.76) 

Bourgogne Chablis 1.77*** (0.28) 8.34*** (1.31) 

Vouvray 1.25*** (0.33) 5.88*** (1.57) 

Rhone 0.96*** (0.21) 4.53*** (0.99) 

Bordeaux 0.95*** (0.27) 4.46*** (1.25) 

Rem France 0.69*** (0.13) 3.24*** (0.62) 

Languedoc 0.67*** (0.22) 3.13*** (1.04) 

Loire 0.66*** (0.19) 3.08*** (0.88) 

Rhone Varietal 0.62*** (0.12) 2.90*** (0.56) 

Bourgogne Varietal 0.55*** (0.14) 2.59*** (0.65) 

Provence 0.50 (0.34) 2.37 (1.58) 

Beaujolais 0.43** (0.22) 2.02** (1.02) 

Bordeaux Varietal 0.17** (0.076) 0.81** (0.36) 

Panel K: Italy regions, base: Emilia Romagna 

Tuscany 2.49** (1.21) 11.7** (5.69) 
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Piedmont 2.32*** (0.091) 10.9*** (0.43) 

Veneto 1.02* (0.54) 4.80* (2.53) 

South Italy 0.97*** (0.26) 4.56*** (1.23) 

Prosecco 0.89*** (0.15) 4.20*** (0.69) 

Chianti 0.88*** (0.16) 4.13*** (0.77) 

Asti 0.80*** (0.20) 3.77*** (0.96) 

Piedmont Varietal 0.78*** (0.13) 3.65*** (0.61) 

Rem Italy 0.70*** (0.096) 3.30*** (0.45) 

Pavia 0.67 (0.42) 3.16 (1.97) 

Central Italy 0.54*** (0.011) 2.55*** (0.050) 

Abruzzo 0.49*** (0.16) 2.31*** (0.77) 

Tuscany IGT 0.60*** (0.19) 2.82*** (0.91) 

Sardegna 0.25*** (0.022) 1.16*** (0.10) 

Panel L: Portugal regions, base: Vinho Verde 

Douro 1.14** (0.55) 5.35** (2.56) 

Rem Portugal 0.091 (0.082) 0.43 (0.39) 

Panel M: Spain regions, base: Rioja 

Catalunya 0.68* (0.40) 3.21* (1.89) 

Rem Spain -0.21 (0.35) -1.00 (1.65) 

Constant 0.13* (0.071) 0.62* (0.33) 

Brand FE Yes Yes 

Observations 2064 2064 

R2 0.60 0.60 
 
Note: The dependent variables are estimated product fixed effects. All prices are deflated to 2010 using the Consumer 
Price Index. These fixed effect regressions are estimated using Stata’s REGHDFE command (Correia 2016). Robust 
standard errors are in parentheses, with * p < 0.10, ** p < 0.05, *** p < 0.01. 
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Table 4: Consumer Welfare Gain and Wine Industry Revenue from AVA Wine: 2007–2019 

(2010$ billion) 

 

 
Consumer’s Welfare 

Industry 

Revenues 

Total Welfare 

Change 

Counterfactual Total Variety 

Effect 

Price  

Effect 

  

Naïve 1.19 1.11 0.08 4.27 5.46 

Keep all 0.40 0.39 0.01 1.97 2.37 

 
 
 
 
Table 5:  Baseline and Counterfactual Price under Naïve and Keep All Scenario 
 
 
  Counterfactual Scenario 

Geographic Origin Baseline          Naïve      Keep all 

 Price  

($/bottle) 

Price  

($/bottle) 

Price  

change 

Price  

($/bottle) 

Price  

change 

AVA 9.65 -    

Imported 6.55 6.56 0.01 (0.15%) 6.56 0.01 (0.15%) 

State Appellation 4.32 4.35 0.03 (0.69%) 4.33 0.01 (0.23%) 

US generic label 3.56 3.59 0.03 (0.84%) 4.15 0.59 (16.57%) 
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Supplementary Appendix for: 

“Geographical Indications and Welfare: Evidence from the US Wine Market” 
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Appendix A: Descriptive Statistics 

Table A1. Percent Share of each module in total quantity and sales value, 2007–2019 
Module name Quantity Sales Module name Quantity Sales 

Domestic Dry Table 67.47 61.47 Sweet Dessert-Domestic 0.82 0.92 
Imported Dry Table 17.41 22.93 Kosher Table 0.69 0.71 
Flavored/Refreshment 3.88 3.42 Vermouth 0.63 0.72 
Non-Alcoholic 3.09 1.78 Sweet Dessert-Imported 0.17 0.54 
Sparkling 2.92 5.61 Sake 0.12 0.19 
Sangria 2.80 1.69 Aperitifs 0.01 0.03 

 

Table A2. Percent Share in quantity and sales value: By Wine Type, 2007–2019 
Wine Type Quantity Sales  
Red 42.72 45.60 
White 33.70 33.99 
Specialty 23.58 20.41 

 

Table A3. Percent Share in quantity and sales Value: By Packaging Size, 2007–2019 
Size Quantity Sales  

Bottle 39.06 60.79 
Bulk 60.94 39.21 

 

Table A4. Percent share of brand in total quantity and sales value for Bottle wine, 2007–2019 
Brand Quantity Sales Brand Quantity Sales 
Charles Shaw 4.73 1.63 Bogle 0.84 1.01 
Beringer 3.79 2.72 Clos Du Bois 0.83 1.07 
Barefoot 3.67 2.84 Apothic Red 0.81 0.92 
Oak Leaf Vineyards 3.32 1.23 Fetzer 0.75 0.66 
Yellow Tail 2.08 1.70 H R M Rex-Goliath 0.75 0.54 
Control Brand 1.92 1.42 Tisdale 0.73 0.34 
Sutter Home 1.85 1.16 Francis Coppola 0.73 1.26 
Robert Mondavi 1.58 1.70 Bay Bridge Vineyards 0.72 0.27 
Andre 1.56 1.00 Columbia Crest 0.71 0.74 
Chateau Ste Michelle 1.44 1.64 Blackstone 0.69 0.75 
Gallo Family Vineyards 1.44 0.90 Jacob'S Creek 0.61 0.52 
Arbor Mist 1.35 0.71 Oak Creek 0.58 0.25 
Menage A Trois 1.12 1.24 Manischewitz 0.56 0.33 
Winking Owl 1.02 0.42 Beaulieu Vineyard Bv 0.55 0.62 
Korbel 1.01 1.39 Turning Leaf 0.50 0.39 
Cupcake Vineyards 0.96 1.11 Martini & Rossi 0.49 0.66 
Cook's 0.93 0.76 Concha Y Toro Frontera 0.48 0.45 
Lindemans 0.93 0.64 Fox Brook 0.47 0.15 
Kendall-Jackson 0.91 1.41 Sterling Vintner’s Coll. 0.46 0.57 
Crane Lake 0.87 0.46 All Other Brands 51.27 62.45 
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Table A5. Percent share of brand in total quantity and sales value for Bulk wine, 2007–2019 
 

Brand Quantity Sales Brand Quantity Sales 
Franzia 27.52 16.91 Black Box 1.93 2.89 
Carlo Rossi 10.36 7.96 Vendange 1.83 2.07 
Peter Vella 6.43 4.06 Arbor Mist 1.62 1.89 
Almaden 5.84 4.29 Corbett Canyon 1.56 1.49 
Livingston Cellars 4.20 3.87 Liberty Creek 1.53 1.59 
Barefoot 3.04 4.77 Concha Y Toro Frontera 1.46 1.90 
Robert Mondavi 2.94 4.92 Beringer 1.18 1.99 
Sutter Home 2.87 4.02 Inglenook 1.14 1.04 
Gallo Family Vineyards 2.68 3.31 All Other Brands 19.60 27.10 
Yellow Tail 2.28 3.93    

 
  



 

47 
 

Table A6.  Share of Varietals from US and foreign countries in total bottle wine, 2007–2019 
 

Varietal %share Varietal %share Varietal %share 

% share in Red Wine 

United States Australia Other Red Imported from: 

Cabernet Sauvignon 22.61 Syrah 2.66 France 2.62 

Other Red 16.20 Cabernet Sauvignon 1.69 Germany 0.13 

Merlot 14.89 Merlot 1.34 Italy 5.78 

Pinot Noir 7.23 Cabernet Blend 1.25 New Zealand 0.11 

Zinfandel 4.25 Other Red Imported 0.71 Other Countries 0.31 

Syrah 3.40 Pinot Noir 0.53 Portugal 0.32 

Petite Syrah 0.70 Syrah Blend 0.26 South Africa 0.57 

Moscato Red 0.47 Chile Spain 3.05 

Concord 0.35 Cabernet Sauvignon 1.59 

Cabernet Blend 0.20 Other Red Imported 0.61   

Argentina  Carmenere 0.59 

Malbec 3.43 Merlot 0.57 

Other Red Imported 0.63 Cabernet Blend 0.22 

Cabernet Sauvignon 0.47 Pinot Noir 0.22 

% share in White Wine 

United States Australia Germany 

Chardonnay 33.78 Chardonnay 2.88 Liebfraumilch 0.36 

Pinot Grigio 10.03 Pinot Grigio 1.26 New Zealand 

Sauvignon Blanc 7.15 Moscato White 1.20 Sauvignon Blanc 4.30 

Riesling 6.19 Riesling 0.56 Other White Imported 0.11 

Other White 5.40 Other White Imported 0.30 Other White Imported from 

Moscato White 4.75 Chile  France 1.36 

Gewurztraminer 1.43 Sauvignon Blanc 0.79 Italy 9.70 

Chenin Blanc 0.88 Chardonnay 0.41 Other Countries 0.20 

Viognier 0.21 Moscato White 0.24 Portugal 0.75 

Argentina Other White Imported 0.08 South Africa 0.51 

Other White Imported 0.72 Germany  Spain 0.84 

Chardonnay 0.25 Riesling 2.45 

  Other White Imported 0.80 

% share in Specialty Wine 

United States Argentina Other Specialty Imported from 

Sparkling 28.50 Blush Rose 0.32 France 3.48 

Blush Rose 24.14 Other Specialty Imported 0.00 Germany 0.04 

Flavored 12.02 Australia Italy 7.41 

Dessert 3.65 Blush Rose 0.32 New Zealand 0.05 

Sangria 3.31 Other Specialty Imported 0.02 Other Countries 8.07 

Vermouth 2.90 Chile Portugal 1.86 

Other Specialty 0.49 Blush Rose 0.62 South Africa 0.12 

Other Specialty Imported 0.04 Spain 2.66 
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Table A7. Share of Varietals from US and foreign countries in total bulk wine, 2007–2019 
 

Varietal % share Varietal % share Varietal % share 

% share in Red Wine 

United States Australia Other Red Imported from 

Other Red 36.53 Syrah 2.91 France 0.37 

Cabernet Sauvignon 19.12 Merlot 1.13 Germany 0.03 

Merlot 17.68 Cabernet Sauvignon 1.21 Italy 4.36 

Pinot Noir 2.32 Cabernet Blend 0.66 Other countries 0.13 

Zinfandel 1.44 Other Red Imported 0.34 Portugal 0.00 

Mosacto Red 0.51 Pinot Noir 0.27 South Africa 0.02 

Syrah 0.50 Chile  Spain 2.26 

Concord 0.33 Cabernet Blend 2.33 

Malbec 0.32 Merlot 1.13 

Cabernet Blend 0.29 Cabernet Sauvignon 0.77 

Argentina  Other Red Imported 0.53 

Malbec 1.11   

Other Red Imported 1.11   

% share in White Wine 

United States Chile Other White_ i mported from 

Other White 30.95 Chardonnay 1.04 Other countries 0.14 

Chardonnay 28.51 Sauvignon Blanc 0.48 Portugal 0.03 

Pinot Grigio 9.00 Other White Imported 0.34 South Africa 0.03 

Moscato White 5.54 France Spain 0.01 

Sauvignon Blanc 3.07 Other White Imported 0.07 

Riesling 0.88 Germany 

Argentina Riesling 0.58 

Other White Imported 1.91 Other White Imported 0.06 
 

Australia 
 

Italy  
 

Chardonnay 8.84 Other White Imported 4.64 

Pinot Grigio 1.95 New Zealand  

Moscato White 0.85 Sauvignon Blanc 0.32 

Other White Imported 0.44 Riesling 0.00 

Riesling 0.21   

% share in Specialty Wine 

United States Argentina Other Specialty Imported from 

Blush Rose 66.89 Blush Rose 0.72 France 0.11 

Sangria 12.70 Australia Germany 0.12 

Flavoured 7.44 Blush Rose 0.09 Italy 0.35 

Dessert 2.99 Chile Other countries 4.86 

Sparkling 2.34 Blush Rose 0.13 South Africa 0.02 

Vermouth 0.86 Portugal Spain 0.05 

Other Specialty 0.37 Blush Rose 0.04 
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Table A8. Percent share of geographic origin in total bottle wine: By AVA, State Appellation, 
Foreign Country and European Region  
 

Geographic Origin % share Geographic Origin % share Geographic Origin % share 
AVA AVA France Regions 
Columbia Valley 2.67 Ohio River Valley 0.02 Beaujolais 0.350 
Central Coast 2.35 Saint Lucia Highlands 0.02 Rhone Varietal 0.330 
Napa Valley 1.29 Augusta 0.02 Champagne 0.320 
Monterey County 1.25 Red Hills Lake County 0.01 Bourgogne Varietal 0.280 
Sonoma 1.23 Dunnigan Hills 0.01 Rhone 0.170 
North Coast 0.94 Sierra Foothills 0.01 Bordeaux 0.120 
Lodi 0.94 Chalk Hill 0.01 Bordeaux Varietal 0.120 
Paso Robles 0.41 Lake Erie 0.01 Loire 0.070 
Edna Valley 0.32 Other AVAs 0.13 Languedoc 0.060 
Sonoma Coast 0.29 State Appellation  Ventoux 0.050 
Santa Barbara County 0.26 California 29.11 Maconnais 0.050 
Mendocino 0.23 Washington 0.89 Vouvray 0.030 
Alexander Valley 0.21 Oregon 0.15 Provence 0.020 
Napa County 0.20 New York 0.10 Alsace 0.020 
Russian River Valley 0.20 North Carolina 0.05 Luberon 0.010 
Horse heaven Hills 0.17 Taxes 0.04 Bourgogne-Chablis 0.010 
Willamette Valley 0.16 Missouri 0.03 Rem France 0.350 
Carneros 0.15 Virginia 0.02 Italy Regions  
Big Valley-Lake County 0.11 Ohio 0.01 Asti 0.990 
Livermore Valley 0.10 Arkansas 0.010 Prosecco 0.830 
Dry Creek Valley 0.10 Illinois 0.010 Chianti 0.620 
Guenoc 0.07 US generic label  Piedmont Varietal 0.340 
Santa Maria Valley 0.06 US 26.27 Emilia Romagna 0.220 
Arroyo Seco 0.05 Foreign Countries  Central Italy 0.170 
Amador County 0.05 Australia 6.10 Abruzzo 0.160 
Finger Lakes 0.05 Argentina 2.55 South Italy 0.140 
Rutherford 0.05 Chile 2.45 Dell Venezie 0.070 
Sonoma Valley 0.04 New Zealand 1.41 Valpolicella 0.050 
Walla Walla 0.04 Germany 1.24 Tuscany IGT 0.020 
Yakima Valley 0.03 South Africa 0.46 Veneto 0.020 
Knights Valley 0.03 Portugal Regions  Pavia 0.020 
Eagle Peak 0.03 Douro 0.27 Sardegna 0.020 
Wahluke Slope 0.03 Vinho Verde 0.20 Tuscany 0.010 
Clarksburg 0.03 Rem Portugal 0.30 Piedmont 0.010 
San Antonio 0.03 Spain Regions  Salice Salentio 0.010 
Snake River Valley 0.03 Catalunya 0.390 Rem Italy 3.69 
Eola Hills 0.02 Rioja 0.070 Other Countries  1.77 
  Rem Spain 1.740   

Note: AVA with less than 0.01 percent share in total bottle wine is aggregated as Other_AVAs. Likewise, any state 
with less than 0.01 percent share is aggregated under the generic US label. The generic US label also accounts such 
entries for which we only know that they are domestic wine. There is no other specific region information available 
for such entries. For foreign countries and region, we follow the same rule.  
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Table A9. Percent share of geographic origin in total bulk wine: By AVA, State Appellation, 
and Foreign Country  

Geographic Origin %share Geographic Origin %share Geographic Origin %share 
AVA State Appellation Imports 
Paso Robles 0.750 California 32.26 Australia 6.96 
Monterey County 0.600 New York 0.130 Rem Italy 3.38 
Napa Valley 0.450 Texas 0.088 Chile 2.55 
Santa Barbara County 0.130 Washington 0.060 Argentina 1.70 
Lodi 0.120 Arkansas 0.003 Other Countries 1.38 
Columbia Valley 0.080 Oregon .0003 Rem Spain 0.90 
Central Coast 0.060 Generic US 47.58 Germany 0.29 
Sonoma 0.030   Rem France 0.19 
Finger Lakes 0.020 

 
New Zealand 0.13 

Snake River Valley 0.010 South Africa 0.02 
Lake Erie 0.0001 Rem Portugal 0.02 

 
 

Table A10. Percent share of foreign country in total import: by packaging size 

Country Total Import Share in Bottle Share in Bulk 
Australia 29.72 11.680 18.037 
Italy 22.73 13.966 8.768 
Chile 11.23 4.620 6.611 
Argentina 9.25 4.819 4.430 
Spain 6.58 4.250 2.335 
France 5.00 4.488 0.514 
Germany 3.10 2.348 0.753 
New Zealand 3.01 2.268 0.217 
Portugal 1.49 1.440 0.054 
South Africa 0.93 0.873 0.059 
Other countries 6.93 4.672 3.577 
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Appendix B: Robustness Checks 

Table B1.  Demand Parameter Estimates: Market Size factor, double 

 Nested Logit Nested Logit Logit Logit-Ols 
 (I) (II) (III) (IV) 
Price -0.17*** 

(0.0070) 
-0.21*** 
(0.010) 

-0.32*** 
(0.017) 

-0.016*** 
(0.00072) 

1  0.76*** 
(0.0052) 

0.75*** 
(0.0062) 

  

2  0.67*** 
(0.020) 

0.64*** 
(0.023) 

  

Elasticities:     
Own -5.97 -6.93 -2.66 -0.13 
Cross: Within Wine type 0.009 0.009 0.001 0.001 
Cross: Across Wine type 0.004 0.004 0.001 0.001 
Cross: Outside Good 0.001 0.001 0.001 0.0001 
IVs Yes Yes Yes No 
Quarter FE Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes 
Region FE Yes Yes Yes Yes 
Product FE Yes Yes Yes Yes 
Observations 718,556 718,556 718,556 718,556 

Note: The dependent variable is the log of the market share for every product in each market. All prices are deflated 
to 2010 using the Consumer Price Index. Robust standard errors are in parentheses, with * p<0.10, ** p<0.05, *** 
p<0.01. 

Table B2.  Demand Parameter Estimates: Market Size factor, triple 

 Nested Logit Nested Logit Logit Logit-Ols 
 (I) (II) (III) (IV) 
Price -0.15*** 

(0.0060) 
-0.18*** 
(0.0088) 

-0.30*** 
(0.017) 

-0.015*** 
(0.00072) 

1  0.79*** 
(0.0044) 

0.78*** 
(0.0053) 

  

2  0.71*** 
(0.017) 

0.69*** 
(0.020) 

  

Elasticities:     
Own -5.96 -6.95 -2.48 -0.12 
Cross: Within Wine type 0.009 0.009 0.001 0.001 
Cross: Across Wine type 0.004 0.004 0.001 0.001 
Cross: Outside Good 0.0004 0.001 0.001 0.001 
IVs Yes Yes Yes No 
Quarter FE Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes 
Region FE Yes Yes Yes Yes 
Product FE Yes Yes Yes Yes 
Observations 718,556 718,556 718,556 718,556 

Note: The dependent variable is the log of the market share for every product in each market. All prices are deflated 
to 2010 using the Consumer Price Index. Robust standard errors are in parentheses, with * p<0.10, ** p<0.05, *** 
p<0.01. 
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Table B3.  Demand Parameter Estimates: with year trend 

 Nested Logit Nested Logit Logit Logit-Ols 
 (I) (II) (II) (III) 
Price -0.26*** 

(0.0075) 
-0.28*** 
(0.0090) 

-0.011*** 
(0.011) 

-0.014*** 
(0.00069) 

1  0.90*** 
(0.0072) 

0.83*** 
(0.0085) 

  

2  0.66*** 
(0.025) 

0.57*** 
(0.028) 

  

Year trend -0.030*** 
(0.00044) 

-0.030*** 
(0.00050) 

-0.011*** 
(0.00058) 

-0.011 
(0.00050) 

Elasticities:     
Own -20.90 -14.13 -0.089 -0.11 
Cross: Within Wine type 0.054 0.054 0.001 0.001 
Cross: Across Wine type 0.005 0.005 0.001 0.001 
Cross: Outside Good 0.001 0.001 0.001 0.001 
IVs Yes Yes Yes No 
Quarter FE Yes Yes Yes Yes 
Year FE No No No No 
Region FE Yes Yes Yes Yes 
Product FE Yes Yes Yes Yes 
Observations 718,556 718,556 718,556 718,556 

Note: The dependent variable is the log of the market share for every product in each market. All prices are deflated 
to 2010 using the Consumer Price Index. Robust standard errors are in parentheses, with * p<0.10, ** p<0.05, *** 
p<0.01. 
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Table B4. Nested Logit First Stage Estimates:  
 

 Nested Logit (I) Nested Logit (II) 

 
jmp  1/jm h ms S  1 1/h m mS S  jmp  1/jm h ms S  1 1/h m mS S  

Product count 0.0000 
(0.0003) 

-0.003 
(0.0002) 

-0.001 
(0.0000) 

0.0016  
(.00020) 

-0.003   
(.00012) 

-0.0012   
(.000028) 

Product count by wine type  -0.0033 
(0.0003) 

-.007 
(0.0002) 

0.0029 
(0.0000) 

-0.0031 
(0.0003) 

-0.0070 
(0.00002) 

0.00299 
(0.00005) 

Product count by packaging size  -0.0036 
(0.00020) 

0.001 
(0.0001) 

0.00061 
(0.0000) 

-0.0035 
(0.0002) 

0.0010 
(.00001) 

0.000614 
(.00003) 

Product count by brand   -0.0011 
(0.00050) 

0.00057 
(0.0002) 

0.0000 
(0.000) 

-0.0012 
(0.0005) 

0.0006 
(0.0002) 

0.000032 
(0.00005) 

Product count by geographic origin  -0.0008 
(0.0004) 

0.004 
(0.0002) 

0.00036 
(0.0000) 

-0.0010 
(0.0004) 

0.00036 
(0.00006) 

0.00036 
(0.00006) 

Product count by wine type and 
packaging size  

0.003 
(0.0004) 

0.00177 
(0.0003) 

0.0014 
(0.00000) 

0.0031 
(0.0005) 

0.0019 
(0.0002) 

-0.0014 
(0.00006) 

Product count by wine type and 
varietal  

0.00024 
(0.00057) 

0.0112 
(0.0003) 

-0.0007    
(.00000) 

-0.00076 
(0.00057) 

0.011   
(0.00029) 

0.00072   
(0.00005) 

Product count by wine type and brand  0.0077 
(0.0011) 

0.0075 
(0.0004) 

0.0001 
(.00010) 

0.0078 
(0.0011) 

0.00750 
(0.0004) 

0.00010 
(0.0001) 

Product count by wine type and 
geographic origin  

0.0018 
(0.00092) 

0.002 
(0.0006) 

-0.0003 
(0.0001) 

0.0015  
(0.00009) 

0.00315  
(0.0005) 

-.00036   
(0.00012) 

Distribution Cost  0.00075 
(0.00005) 

-.0006 
(0.00002) 

0.0000  
(0.00000) 

   

Distance travelled by competing 
products 

0.0000 
(0.000) 

0.0000 
(0.000) 

0.0000 
(0.000) 

   

Retail Density (area adjusted) 0.0059   
(0.0009) 

0.002 
(0.0004) 

-0.0011 
(0.0000) 

   

Retail Density (population adjusted) 0.0000 
(0.000) 

0.0000 
(0.000) 

0.0000 
(0.000) 

   

Excise tax 0.0122 
(0.020) 

-0.798 
(0.0083) 

-0.015 
(0.0017) 

   

State Control 0.4141 
(0.033) 

-0.079 
(0.0083) 

-0.0350 
(0.0038) 

   

F test of excluded instruments 106.00 555.19 558.09 127.24 847.55 900.91 

Sanderson-Windmeijer F test of 
excluded instruments 

108.60 563.25 534.73 157.36 1050.96 1010.74 

Note: Total number of observations is 718.556. Robust standard error included in the parenthesis.  
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Appendix C: Data Cleaning Details 

C.1 Extracting Text Data from UPC description 
We extract the wine attribute information such as type, varietal and geographic origin from the UPC description in the 
NCP data. Table C1 below presents some examples of UPC description and brand description from the NCP data. We 
used regular expression in STATA to code this information. For most UPC descriptions, the first word is generally 
the band name. The remaining letters stand for country name, region, varietal. For instance, CHL, IT,FR and ARG is 
the abbreviation for Chile, Italy, France and Argentina. Further, CHRD is Chardonnay, P-GR is Pinot Grigio, SHZ 
CB is Shiraz Cabernet, MLBC is Malbec, WT is White, IDT is Imported Dry Table and DDT is Domestic Dry Table. 
We did find more than one abbreviation for one word such as Moscato could be MSC, MSCT, MUSCATO. There 
were also possibilities that combination of letters could mean something else as well- for instance FR could mean 
France as well as Flavored wine; and GM could mean Germany or abbreviation for some brand name. We did our 
best to cross check such entries. Further, to ensure that these abbreviations mean what we are guessing, we cross 
checked by matching the brand name and upc description on the internet. The site www.wine-searcher.com has a 
comprehensive list of wines with brand names, grape blend and geographic origin. Capturing geographic origin 
information and varietal especially for imported wine from text was more complicated as many different abbreviations 
has been used for one region. For instance, Rhone region from France was captured from CDR, RHE, RHN, and 
CDRRCGSM where CDR meant Cotes du Rhone, CDRGCC meant Cotes du Rhone Grenache Carignan Cinsault.  
 
Further, wine brand name comes with small variations and Nielsen assigns new code to the brands even with slightest 
variation in brand description. In this study we are treating different variants of a brand as one brand. For instance, 
Francis Coppola dmnd cltn, Francis Coppola diamond cllctn, Francis coppola presents, Francis Coppola Director’s 
cut are considered as one brand Francis. Further, brand Robert Mondavi includes— Robert Mondavi, Woodbridge 
Rbrt Mndv, Robert Mondavi Private Selection, La Famiglia di Robert Mondavi, Woodbridge Rbrt Mndv Slt Vy Sr, 
Woodbridge by Robert Mondavi. Aggregating brands of a similar name as one brand reduced the number of individual 
brands by around 250. 
 

Table C1. Example of UPC description form Nielsen Data 
Brand Description UPC Description 
ALFASI ALFASI CHL CHRD WT IDT 
CORTENOVA CORTENOVA IT P-GR WT IDT 
CIRCUS BY L'OSTAL CAZE CRCS BY LOC FR SHZ CB RED IDT 
ACORDEON ACORDEON ARG MLBC RED IDT 
BERINGER BGR WT MRLT NV CA V BLS DDT 
BLACK BOX BK-B CB-S PS-R V RED BB DDT 
EGUGL EGUGL FR C-D-R WT IDT 
LE DOME DU GRAND BOIS LDGB FR CDRGCC RED IDT 
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Table C2. Foreign regions defined based on region and varietal information identified from the data 

Defined Region Includes Region Includes Varietals 
France 
Alsace - Riesling, Pinot Gris, Pinot Blanc, 

Gewurztraminer 
Beaujolais Beaujolias, Brouilly, Saint-Amour, Julienas, Morgon, 

Fleurie 
Gamay 

Bordeaux Bordeaux, Saint Emilion, Medoc, Cotes De Bourg, 
Lalande-De-Pomerol, Margaux, Sauternes, Pauillac, 
Saint-Estephe 

- 

Bordeaux Varietal - Cabernet Franc, Cabernet Sauvignon, Merlot 
and any blend of these 

Bourgogne Bourgogne, Saint Veran, Macon Villages, La-Grange, 
Pouilly-Vinzelles, Pouilly-Fuisse, Macon-Uchizy, 
Chalonnaise, Marsannay, Beaune, Puligny-
Montrachet, Montagny 

- 

Bourgogne Varietal - Pinot Noir, Chardonnay 
Chablis Chablis - 
Champagne Champagne - 
Languedoc Languedoc, Pic-Saint-Loup, Picpoul-De-Pint, 

Corbieres, Coted Du Rousillon, Cabardes 
- 

Loire Cheverny, Sancerre, Pouilly Fume, Anjou, Muscadet Moscato white, Chenin Blanc, Sauvignon 
Blanc 

Luberon Luberon, Minervois - 
Maconnais Maconnais, Macon-Chardonnay, Sant Veran, Macon 

Villages, Pouilly_Vinzelles, Pouilly_Fuisse, 
Macon_Uchizy, Macon_Lugny 

- 

Provence Provence - 
Rhone Rhone, Gigondas, Tavel, Rasteau, Ventoux, Costieres-

De-Nimes, Crozes Hermitage, Vacqueyras, 
Chateauneuf Du Pape 

- 

Rhone Varietal - Grenache, Syrah, Viognier, Carignan, 
Mourvedre and their blend and blush rose 

Vouvray Vourvray  
Rem France All remaining observation from France  
Italy 
Abruzzo Abruzzo - 
Asti Asti, Malavasia Di Casorzo D Asti Barbera 
Bardolino Bardolino  
Central Italy -  
Chianti Chianti  
Dell Venezie Dell Venezie  
Emilia Romagna Emilia Romagna  
Pavia Pavia, Sangue Di Giuda  
Piedmont Piemonte, Barolo, Barberesco, Barbera D Alba Barbera, Moscato White 
Piedmont Varietal - Moscato 
Prosecco Prosecco - 
Sardegna - Grenache-Syrah-Mourvedre blend 
Soave Soave - 
Emilia Romagna Emilia Romagna Lambrusco, 
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South Italy - Primitivo, Nerodavola, Malavasia, Cabernet-
Primitivo, Syrah, Zinfandel, Negroamaro, 
Grillo, Falanghina 

Tuscany Di Montepulciano, Rosso Di Montalcino, Brunello Di 
Montalcino, Vernaccia Di SanGimignano 

 

Tuscany Igt Tuscany, Toscana  
Veneto Amarone, Bardolono, Soave  
Rem Italy Frascati, Salice Salentino and all remaining 

observation from Italy 
 

Portugal 
Douro Douro Port, Tawny, Dessert 
Dao Dao - 
Vinho Verde Vinho Verde - 
Remaining Portugal Bairada, Dao, Madeira, Alentejo, all other remaining 

entry from Protugal 
 

Spain 
Andalucía Manzanilla Amontillado Sherry, Fino, Oloroso Sherry 

Catalunya Catalonia, Priorat Sparkling 
Rioja Rioja  
Remaining Spain All remaining observations from Spain  
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