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Efficient Wine Pricing Using Stochastic Frontier Models

Harold O. Fried? and Loren W. Tauer”

Abstract

We specify a two-tier stochastic frontier model to estimate a price equation for U.S. Rieslings
and determine overpricing and underpricing of specific wines. The data is for 2000-2016.
Using tasting score and tasting score squared as sole independent variables, we found evidence
of overpricing and underpricing of wines. When additional location variables were entered,
empirical estimates for this two-tier model were infeasible, suggesting that both underpricing
and overpricing did not occur simultaneously in this market. Separate one-sided stochastic
frontier models were then specified and estimated to test for either under or overpricing in
this market. Results showed that overpricing exists and not underpricing, but the extent of
overpricing is minor, suggesting that wineries do an efficient job pricing their wines, given
tasting scores, conditional on regional location premiums or discounts. We also investigated
the effect of scale on pricing for a smaller set of wineries. (JEL Classifications: C4, D4, Q1)

Keywords: hedonic pricing, Riesling, stochastic frontier, two-tier model, wine.

I. Introduction

A visit to the local wine shop presents the opportunity to buy a bottle of wine for only
a few dollars, or possibly a bottle for more than a thousand dollars. Wine prices vary
immensely, depending upon the varietal, location of production, winery, and vintage
year, among many other determinants. Probably no other agricultural product is as
heterogeneous in quality, real and perceived, and in price. This price heterogeneity
presents challenges to consumers in selecting wines that are bargains. Expert
tasting panels score wine quality to guide consumers in their selection, potentially
identifying overpriced and underpriced wines.
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When a winery releases a wine, it establishes a suggested retail price, based upon
the cost of production, previous wine pricing, the competition, and the winery’s inde-
pendent assessment of quality. Expert tasting panels evaluate the wine after the
winery announces the release price. This gap between the winery’s announced
price and independent information from expert tasting panels provides the opportu-
nity to investigate over and underpricing.

The standard hedonic model assumes equilibrium of demand and supply in deter-
mining a price, where the error term in the regression is noise and does not capture
positive or negative mispricing. Since price can deviate from the quality-equilibrium
in positive and negative directions, a methodology other than standard hedonic
regression is necessary. Aigner, Lovell, and Schmidt (1977) introduced the stochastic
frontier model, which modified the standard regression model with a two-component
error term to include noise and a one-sided component to estimate either positive or
negative deviations, but not both. We utilize the two-tier stochastic model (Polachek
and Yoon, 1987), which introduces a three-component error specification in a price
equation, thereby allowing for noise, and positive and negative deviations. This spec-
ification allows us to investigate overpricing and underpricing.

We apply the two-tier stochastic model to a sample of U.S. Rieslings produced in
California, Washington, Oregon, New York Finger Lakes, other New York and rest
of the United States over the period 2000-2016. The first step was to estimate the
model with the natural log of real wine price per bottle as the dependent variable,
and the tasting score and tasting score squared as the independent variables. In prin-
ciple, the tasting score captures all of the attributes that the consumer values: extrin-
sic factors such as reputation, label information, and region, and sensory factors
such as balance, complexity, bouquet, and terroir. The producer establishes the
release price conditional upon a prediction of the tasting score. Since most wineries
have been producing particular wines for multiple years, they have accumulated
experience in pricing and should get the release price right.

Drinking a glass of wine is an experience, which includes the attributes that the
tasting score captures along with the prestige associated with a region. It is possible
that a wine with a high-tasting score from a poorly perceived region such as North
Dakota, for example, might not sell for as much as a wine with the same-tasting score
from a highly perceived region such as Oregon. Wines from Oregon impress guests;
wines from North Dakota do not. To investigate the prestige source of mispricing,
we added location dummies to the expected value component of the two-tier
model. The prestige effect of location should be an independent effect that is not cap-
tured by the tasting score. The two-tier model failed to solve with the addition of
location effects. The location dummies altered the objective function so as to elimi-
nate the concavity of the specified maximum likelihood function required to jointly
identify underpricing and overpricing.

To better understand the role of location, we estimated two standard one-tier sto-
chastic models; the first to capture overpricing, an analog to what is specified for a
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stochastic cost function in the efficiency literature, and the second to identify under-
pricing, an analog to what is specified for a stochastic production function in the
efficiency literature (Kumbhakar and Lovell, 2000). The cost specification had a sol-
ution; there is some evidence of overpricing. The production specification failed to
solve; there is no evidence of underpricing. We concluded that some wines were over-
priced even after controlling for prestige associated with location. Lastly, we have
data on a number of cases produced for a sub-sample of wineries, which we used
to test for the influence of scale of production.

The paper is organized as follows. Section II reviews the literature on wine
hedonics and applications of the two-tier stochastic methodology. Section III pre-
sents the two- and one-tier models. The paper proceeds with a discussion of the
data, the results, and conclusions.

II. Literature Review

We draw upon the hedonic price literature for wine and the two-tier stochastic fron-
tier literature. As far as we know, we are the first to investigate a two-tier stochastic
frontier price equation for wine, although Storchmann, Mitterling, and Lee (2012)
use a two-step procedure and regress residuals on winery characteristics. We begin
with an overview of wine pricing and then turn to reviews of the academic literature
on hedonics and some previous uses of the two-tier stochastic frontier model.

Bidmead (2012) explains the intricacies of wine pricing in the United States.
Although the empirical academic work ignores many of the practical details, it is
useful to understand the institutional framework that challenges wine producers in
the field. Wine pricing is a complex art, much less straightforward than pricing for
typical agricultural commodities. The retail price of a 750 ml bottle of wine can
range from a few dollars to more than a thousand dollars per bottle. Bidmead
(2012) discusses the many factors entering the pricing decision such as production
techniques, packaging, vineyard location, scarcity of specific grape varieties, con-
sumer dynamics, channel dynamics, and competition. Wine production involves
growing the grapes under particular meteorological conditions combined with the
expertise of the winemaker intertwined with reputation effects. Wine is a heteroge-
neous experience good. These considerations complicate the estimation of a
hedonic price equation.

At the most general level, the cost of the grapes determines the price of a bottle of
wine. The rule of thumb is that the price of a bottle of wine is 1% of the cost per ton
of the grapes. Grapes that sell for $200 per ton translate into a $2 bottle of wine;
grapes that sell for $6,000 per ton translate into a $60 bottle of wine (Bidmead,
2012). However, this is just the beginning. There are additional considerations:
(1) Consumers perceive price to be a signal of quality so consumers will pay more
for a more expensive bottle of wine because it has a higher price, ceteris paribus.
(2) Location is a signal of quality—in the United States, there are designated
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geographies such as Napa, Russian River, or the Stag’s Leap District. (3) Wine mag-
azines (e.g., Wine Spectator) and wine critics (e.g., Robert Parker) rate wines and
these ratings influence the price. (4) Red wines tend to have a higher price than
white wines. (5) Wine prices tend to be relative to a benchmark that consists of
other wines from the same geographic region with similar characteristics. This is
analogous to pricing houses based upon comparable houses. For further details,
see Bidmead (2012). He concludes that wine pricing is a strategy and an art.
Empiricists who embrace the challenge of estimating a hedonic price equation
with quantitative proxies for soft concepts (taste, reputation) should expect challenge
and controversy. We move forward with the added challenge of introducing the two-
tiered stochastic frontier technique to the mix.

Estimating a relationship between price and the characteristics of a good goes
back to Waugh (1928), who considers vegetables and quality. Lancaster (1966) revis-
its demand theory in terms of characteristics and provides a theoretical justification
for hedonic analysis. However, Rosen (1974) points out that observed prices reflect
supply and demand influences, corresponding to the intersection of consumer bid
functions and supplier offer functions. Extrinsic and intrinsic factors influence con-
sumers and producers. In wines, extrinsic factors are grape variety, reputation, mar-
keting, and the quality of wine production. Intrinsic factors include subjective
sensory factors such as the bouquet, taste, color, balance, and complexity.

Consumer bid functions and supplier offer functions for sensory factors increase
at a decreasing rate. Consumers are willing to pay a higher price only for a greater
sensory experience; suppliers are willing to produce a greater sensory experience
only for a higher price. At equilibrium, bid and offer functions for the sensory expe-
rience are tangent, given extrinsic factors. The market data captures these points of
equilibrium where producer and consumer valuations are reconciled (Oczkowski and
Doucouliagos, 2014).

A further complication in estimating hedonic price equations for wine is the inter-
play between price and sensory measures. Consider some of these complicating
factors: (1) Wine critics rate wines after the producer releases the wine with a recom-
mended retail price. The price and the rating might be inconsistent, resulting in wines
that are overpriced and underpriced. (2) Consumers may use the price as well as the
extrinsic and intrinsic factors as a measure of quality. (3) Consumers are less sophis-
ticated judges of wine quality than wine critics, and might buy based upon ratings.
(4) Wine critics might disagree and even a given critic might be inconsistent over
time. (5) It is possible that the critics are evaluating quality based upon a set of
metrics that do not correspond to the preferences of less sophisticated consumers.

Research on the determinants of wine prices finds conflicting evidence on the
importance of extrinsic and intrinsic (sensory) factors. For a discussion of extrinsic
factors based upon information on the bottle using data for Australian wines in the
British wine market, see Steiner (2004). Perrouty, d’Hauteville, and Lockshin (2006)
find that region of origin is important, particularly for more sophisticated
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consumers, based upon survey data for European wines. Combris, Lecocq, and
Visser (1997) conclude that extrinsic factors are most important for Bordeaux wines.

There is extensive work on the contribution of the tasting score to the price of a
bottle of wine. Storchmann (2012) summarizes the relationship between expert
ratings and wine prices, identifies various flaws in expert rating, but none-the-less
concludes that wine consumers rely on these ratings in their purchase decisions.
Because wine is an experienced good, its characteristics are not known to most
wine drinkers before consumption, and, thus, ratings can help fill an information
void. Ashenfelter (2008) shows that expert opinion regarding Bordeaux vintage
qualities can be seriously flawed. Yet in another article, Ashenfelter and Jones
(2013) regress Bordeaux wine prices on ratings and separately prices on vintage,
weather information, and find that both are good predictors of wine prices. When
they regress wine prices on both expert ratings and weather information, however,
the expert ratings became statistically insignificant. The implication is that
weather information contains information that is more complete. None-the-less,
ratings condense the detailed information into a single value index; this single
value index is not expected to transmit the full information set of determining
factors to wine quality. Landon and Smith (1997) do, however, find a positive rela-
tionship between the quality ratings for Bordeaux wine in Wine Spectator and
Bordeaux wine prices. A similar positive relationship between ratings and prices is
reported by Benjamin and Podolny (1999) for Californian wines, and by Schamel
and Anderson (2003) for Australian and New Zealand wines. Ratings might not
be the sole price predictor, but they contain information and are positively correlated
with prices.

Constanigro, McCluskey, and Mittelhammer (2007) use Wine Spectator data as
we do and estimate hedonic equations for red and white wines. They conclude
that the wine market is differentiated into multiple segments or wine classes. This
supports our use of only U.S. Rieslings in our hedonic estimation. They also con-
clude that rating by specialized magazines were significant factors in determining
wine prices and should be included in a hedonic model. They argue that only a
small percentage of wine purchasers are connoisseurs, and ratings provide a signal
to these consumers. In a further study, Chen and McCluskey (2018) also use Wine
Spectator data to investigate the impact of tasting scores as well as tasting notes
in a hedonic wine equation for Washington state red wines. They find that tasting
score is an important determinate of wine price, but that attributes from the
tasting notes, especially reference to cherry, spice, and tannin, are also important
in the high-price wines. Similarly, Caudill and Mixon (2016) use a class-specific
mixture hedonic model to estimate wine prices to address the issue that among
the price breaks in wine, substantial product attributes might exist. They use data
on California and Washington state red wines and find four classes where the
impact of the explanatory variables, including the tasting score varied.

Oczkowski and Doucouliagos (2014) summarize these and other studies in a com-
prehensive analysis of more than 180 articles over 20 years that estimate a hedonic
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price equation for wine. They conduct a meta-regression analysis with a particular
focus on the relationship between wine prices and quality ratings. The partial corre-
lation coefficient is positive 0.30. The authors interpret this result to suggest that
there are “strategic buying opportunities for better-informed consumers.” We find
this result to be heartening since the contribution of the two-tier stochastic frontier
is to identify these underpriced and overpriced wines.

There is extensive literature on the efficiency of ratings, based largely upon
Bordeaux price data (Dubois and Nauges, 2010). This is understandable given the
investment opportunities that exist in the Bordeaux market. However, most of the
tasting and ratings occur when the wine is young and not ready to drink, which intro-
duces errors in the assessment. We focus on Rieslings, which do not need to be aged.
What you taste shortly after release reflects the evaluation unless the wine is not
drunk soon enough.

Polachek and Yoon (1987) apply their two-tier model to the labor market, where
their over and under estimates reflect the relative bargaining power of employers and
employees in an equilibrium. Kumbhakar and Parmeter (2009) as well as Blanco
(2017), similarly look at the labor market and generally find employers with the bar-
gaining power. Other applications include tourist bargaining (Zhang et al., 2018),
who find that tourist traveling with companions and who obtain travel information
from friends and mass media have better bargaining power over sellers. A real estate
application by Xu et al. (2016) finds that Chinese buyers pay a price above the
hedonic expected price. None of the limited applications involves wine or any
other agricultural commodity. We believe this is an overlooked opportunity.

III. Methodology Estimating Overpricing and Underpricing

The two-tier method developed by Polachek and Yoon (1987) was used to obtain esti-
mates of the expected price of wine as well as overpricing and underpricing. This
method estimates an expected price function, with estimation and decomposition of
the residual into three components. The first component is a normal random error.
The second and third components of the residual are additional distributions above
and below the expected function in addition to the normal random error. To ensure
identification separate from the normal error, these second and third components
are specified as exponential distributions. Estimation is by maximum likelihood.

The equation for the iy, observation is
yi= X0 + &, (1)

where y; is the dependent variable, x; is the vector of covariates, & is the correspond-
ing parameter vector, and £; = v, — u; + w;, representing the composite error term and
v is a symmetric normal distribution, # an exponential distribution below the regres-
sion equation, and w an exponential distribution above the regression equation. The
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variable u represents underpricing and the variable w represents overpricing, control-
ling for the variables in the expected component of the regression equation.

Polachek and Yoon (1987) and Kumbhakar and Parmeter (2009) derive the prob-
ability density function of &; and the resultant log likelihood function to estimate the
parameter vector § as well as the parameters of the normal and the two exponential
functions as

InL(x;0) = —n(o, + 0,,) + i In[e® D(B;) + e“ D(b;)), (2)

i=1
where 6 = (6. o0,, 0,, 0,,) and

2
_ 9%

a; =
" 202

2
& o &
—¢&/ow a=—+5% bi=——0a/o,
o, 202 o,

Bi= —<§—i+ av/o,,).

From these estimates the conditional distributions for u; and w; can be derived as

E<?> N % +exp {a; — ai}ou[d(—=P) + BB/ x; ®)
E (‘:_l) — % + 0y [(=b;) + b;D(DB)] /x5 @

where A = i + i and y; = ®(b;) + exp{a,—a;} P(B;).

u w
Notice that because the expected values of u and w are conditional upon the total
error, and because the expected component of the regression is estimated with error
such that the regression can overlap both the # and w distributions, each observation
has an estimate of both overpricing and underpricing.

Finally, because the dependent variable is in logarithmic form, an exact percent-
age of overpricing or underpricing is obtained as:

PercentOver = 100[eE/%) — 1] (5
PercentUnder = 100[e""i/%) — 1] (6)

Maximum likelihood estimates of the parameters in 6 are obtained in Stata using the
ado file “twotier” written by Hung-Jen Wang.! Given that we specify exponential

' The book by Kumbhakar, Wang, and Horncastle (2015) discuss the two-tier frontier method.
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functions for the overpricing and underpricing errors, with a change in signs, and that
the random error is normally distributed, the parameters of the maximum likelihood
Equation (2) are identifiable (Kumbhakar and Parmeter, 2009). Those parameters are
used to mathematically derive estimates of the overpricing and underpricing.

However, if the data does not support the existence of concurrent overprice and
underprice estimates, then no solution is attainable because the model specifies
simultaneously both the existence of an overprice and an underprice. It is possible
that an underprice or overprice estimate occurs separately. Either of those can be esti-
mated using a traditional stochastic frontier specification with a one-sided term in
addition to a random error.

To estimate the potential and amount of overpricing only, Equation (1) is again esti-
mated but with the error structure specified as €; = v; + w,. For underpricing, Equation
(1) is also estimated but with the error structure specified as and &; = v; — u;. These
models are analogous to the Stochastic Frontier Analysis (SFA) cost efficiency
model for overpricing, and the SFA production efficiency model for underpricing
(Kumbhakar and Lovell, 2000). Consistent with the two-tier model estimation, the
efficiency error term is defined and estimated as an exponential functional form.

The one-sided estimate for the underpricing u; is:

L o’ & o &
InL(x;0) = —1 VL 4+no(-2L-= - 7
nL(x; 0) ,21:{ no, +20£ +1In ( . 0u> + o (7)
The estimate for the overpricing w; is:
4 o’ & o &
InL(x;0) = —Inoy +—+ho(+—--2) - = 8
nL(x;0) ; { ot 202 +in (+ oy ow> O ] ®

The extent of underpricing and overpricing is then calculated as specified by
Kumbhaker and Lovell (2000).

IV. Data and Results

A. Data

Riesling wine data are from the Wine Spectator’s website, which contains more than
372,000 wine ratings.2 Only data for U.S. Rieslings for the vintage years from the new
century of 2000 through 2016 are used. Ice wines, mostly in 375 ml bottles, and wine
in 1.5-liter bottles were both deleted from the data. The data consists of the complete

2This research was originally presented at the 2018 American Association of Wine Economists annual
meeting in Ithaca, New York, in the heart of the Finger Lakes Region, whose signature wine is Riesling.
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name of the wine, vintage year, release price, viticulture area, the number of cases
produced, drink by year date, and the tasting score as determined by the Wine
Spectators tasting panel for Riesling wines from across the United States.> Some
data fields, such as the number of “cases produced” and “drink by year,” are incom-
plete for many observations.

Table 1 contains a summary of the data by year. There are 1,922 observations from
792 wineries. The number of wines evaluated increases by year, with a peak number
of 206 U.S. Rieslings evaluated in the year 2011. The tasting scores for these
Rieslings averages 82 in 2000 and increases to 89 by 2016. Our interpretation is
that U.S. Rieslings have improved over this 17-year period as reflected by an increase
in the minimum score over time, rather than inflation of tasting scores by the panel.
It is obvious, however, that the average price of these U.S. Rieslings have increased over
time, from an average nominal price of $11.20 in 2000 to $19.06 by 2016. To adjust all
prices to 2016 values, prices are deflated by the U.S. Consumer Price Index for all bev-
erages and food, and the regression uses the logarithm values of deflated prices. Wine
prices have also increased in real terms but less than 1% (0.6%) per year over this
period, perhaps due to rising quality over time, which the tasting score should capture.

Table 2 summarizes the number of Rieslings evaluated by the major wine produc-
ing states, with New York separated into the Finger Lakes (a major Riesling pro-
ducer) and the rest of New York. Of the total 1,922 Rieslings, 874 originated from
the Finger Lakes Region, 205 originated from other areas of New York, 459 origi-
nated from the state of Washington, 153 originated from Oregon, and 138 originated
from California. The remaining 93 Rieslings originated in other states. Rieslings
from Oregon have the highest price (nondeflated), but also receive the highest-
average-tasting score. Wines produced in states outside the major wine producing
states receive the lowest-tasting score and are priced the lowest.

B. Results

Two and one-tier stochastic models are used to estimate whether wines are priced
correctly. In particular, we consider the following questions: (1) Is the tasting score
consistent with the release price of Riesling wines? (2) What is the influence of pres-
tige as determined by winery regional location, on Riesling wine prices? (3) Do econ-
omies of scale influence Riesling wine prices?

(1) Is the Tasting Score Consistent with the Release Price of Riesling Wines?

The price of a bottle of wine reflects the characteristics that consumers value, tem-
pered by supply factors. These characteristics include extrinsic factors such as repu-
tation, region, label information, and prestige, and sensory factors such as balance,

3 http:/www.winespectator.com/wineratings, assessed April 12, 2018.
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Table 1
Summary of 1,922 U.S. Riesling Wines from Wine Spectator Tastings
Average Score Average Price
Vintage Number of ( Minimum, ( Minimum, CPI- Average Real
Year Wines Maximum) Maximum) Beverage  Price (2016)
2000 54 82(72,91) 11.20 (6, 24) 168.4 16.48
2001 57 84 (76, 90) 11.25 (6, 20) 173.6 16.05
2002 55 84 (77, 91) 12.44 (6, 30) 176.8 17.42
2003 50 84 (77, 91) 12.98 (7, 25) 180.5 17.81
2004 50 85 (79, 89) 14.16 (7, 30) 186.6 18.80
2005 69 85 (74, 90) 15.59 (7, 30) 191.2 20.20
2006 127 85 (74, 91) 16.11 (8, 59) 195.7 20.40
2007 146 85 (68, 91) 16.49 (8, 39) 203.3 20.09
2008 157 86 (76, 92) 16.41 (8, 39) 214.2 18.98
2009 146 87 (72, 92) 16.91 (8, 39) 218.2 19.20
2010 156 87 (79, 92) 17.68 (8, 40) 220.0 19.91
2011 206 86 (75, 91) 18.22 (8, 59) 227.9 19.80
2012 211 87 (80, 92) 18.82 (8, 50) 233.7 19.95
2013 149 87 (77, 91) 18.79 (10, 39) 237.0 19.63
2014 161 88 (78, 93) 19.00 (8, 39) 242.4 19.42
2015 111 88 (79, 92) 18.80 (8, 40) 246.8 18.87
2016 17 89 (86, 92) 19.06 (9, 30) 247.7 19.06
Table 2

Riesling Wine Numbers, Prices (Nominal), and Tasting Scores by State, Years 2000-2016
State Number of Wines Average Price Average Score
California 138 16.06 84.13
Washington 459 14.03 87.17
Oregon 153 20.86 87.88
NY Finger Lakes 874 17.85 86.33
Other New York 205 19.00 85.49
Other states 93 13.54 81.41

complexity, bouquet, and terroir. The sensory factors, in particular, are difficult to
quantify. A tasting panel of experts scores wines and provides an overall rating.
The tasting panel presumably assesses all of the taste factors that consumers
value. Given the literature discussed previously, we used the tasting score and the
tasting score squared as a single-value proxy for the many factors that underlie
correct wine pricing. The core regression of log price against the tasting score and
tasting score squared established the benchmark to identify overpricing and under-
pricing. If the tasting score correctly reflects all factors that underlie consumer val-
uation of wine, the tasting score would be a perfect predictor of expected price.
However, wines could be mispriced if the tasting score fails to capture all of the attri-
butes that consumers value and prices respond to supply considerations such as
economies of scale.
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There are reasons why the tasting score might misrepresent consumer valuations
of the factors that are important in buying a bottle of wine. (1) The tasting panel
might use a rubric that is appropriate for the sophisticated segment of the wine
market, but not aligned with the preferences of ordinary wine consumers. (2) The
tasting panel might be inconsistent in their evaluation of wines. (3) There are alter-
native tasting panels and they disagree. These considerations can produce the oppor-
tunity to purchase bargain wines and to avoid wines that have prices that are too
high, particularly for discriminating consumers who “believe” the experts.
However, our intent is not to arrive at a complete hedonic wine price model, but
to simply determine that if a consumer is buying wine based solely on the tasting
score, are some wines overpriced or underpriced, and thus bad or good bargains
for that consumer?

Table 3 provides the results of regressing the log of deflated bottle price against the
tasting score and the tasting score squared in the two-tier stochastic model, where v is
the symmetric normal error term, u is the exponential one-sided error term below the
regression line (underpriced), and w is the exponential one-sided error term above
the regression line (overpriced). Tasting score and tasting score squared are signifi-
cant at the 1% level as are the over and under error components. However, the neg-
ative and then positive signs on the linear- and quadratic-tasting score estimated
coefficients indicate a convex relationship between the price of wine and tasting
score. Wine prices decrease to the tasting score of 81, with a predicted price of
$20.48, and then increases to a price of $22.41 at a tasting score of 85, and $32.00
at a tasting score of 90. As shown in Figure 1 there was one wine with a low-
tasting score of 68—the majority of the scores ranged over the interval of 85
through 90, with a few breaking the 90 barrier. Most wines are along the positively
sloped segment of the price-tasting score relationship. Obviously, the estimates on
the score variables are the result of fitting the estimated equation to the entire
data and not the outliers. The result is that with an increasing predicted wine
price below the score of 81, many of these low-score wines will be estimated as under-
priced, when in fact they may not be underpriced. Only 4% of the wines scored lower
than 81.

We constructed the estimates of percent overpriced and percent underpriced using
Equations (5) and (6). Table 4 contains the descriptive statistics. The Riesling wines
are underpriced on average by 19% and overpriced on average by 20%. One wine was
underpriced by 171% and another wine was overpriced by 285%. However, given the
standard deviation of 20 for the underpriced estimate and 23 for the overpriced esti-
mate, very few wines are substantially underpriced or overpriced as illustrated by the
empirical distributions of underpricing and overpricing shown in Figure 2.

The tasting score is significantly correlated with wine prices, but wines are still mis-
priced. This might be a distortion in the wine market, or it might be attributable to
the tasting score failing to correctly evaluate wine quality, missing variables that
capture attributes besides tasting score that consumers value, or supply
considerations.

ssaud Anssenun sbpuquied Aq suijuo paysiignd 91°610z"@Ml/£10L°0L/Bi0"10p//:5d1y


https://doi.org/10.1017/jwe.2019.16

Harold O. Fried and Loren W. Tauer 175

Table 3
Estimate of the Two-Tier U.S. Riesling Wine Pricing Model with Tasting Score and Tasting
Score Squared, No Variables in Error Components

Variable Coefficient Standard Error Z Value
Tasting score -.8738 .0720 —12.13%**
Tasting score squared .0054 .0004 12.55%%*
Intercept 38.3677 3.0419 12.61%**
v (random error) —1.5324 .1046 —14.64%**
u (underpricing) -1.9918 .1688 —11.80%**
w (overpricing) —1.8391 1145 —16.06%**
Wald chi square 358.56

Log likelihood —405.99

N 1,922

Note: *** Statistically significant at the 0.01 level.

Figure 1
Distribution of U.S. Riesling Wine Tasting Score, 2000-2016
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(2) What Is the Influence of Prestige as Determined by Winery Regional
Location, on Riesling Wine Prices?

U.S. Rieslings are produced in the following regions: California, Washington, Oregon,
New York Finger Lakes, other New York, and rest of the United States. To the extent
that region affects the taste of the wine, it should be incorporated into the tasting score.
However, wine is an experience good. Drinking a bottle of wine is a multi-dimensional
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Table 4

Summary Statistics of Percent of Underpricing and Overpricing of U.S. Riesling Wines,

Various Specifications

Variable Mean Standard Deviation Minimum Maximum
Two-Tier Stochastic Model (1,922 Observations)
Underpricing 18.69 19.73 7.061 171.38
Overpricing 19.72 22.55 7.061 285.12
One-Tier Overpricing Model without Cases (1,922 Observations)
Overpricing 1.26 0.25 1.04 4.01
One-Tier Overpricing Model with Cases (1,101 Observations)
Overpricing 1.23 0.22 1.04 3.89
Figure 2
Distribution of Riesling Wines Underpriced or Overpriced
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Notes: Generated from two-tier model with tasting score and score squared only. Distributions truncated at =50 and 50% for illustration.

process that often occurs in the context of dinner with friends who enjoy the quality of
the wine along with rituals surrounding the removal of the cork (or screw cap), infor-
mation on the label, the sampling of the wine, and a discussion. Price may also be a
component of this experience in which consumers interpret price as a measure of
quality (Schnabel and Storchmann, 2010). However, we explore the possibility that
price is associated with the prestige of a region.

Wine drinkers are not typically expert tasters and use heuristics to evaluate wines.
For example, dinner guests might not value a wine from North Dakota as highly as a
wine from Oregon, even if both wines have the same tasting score. Since there is a
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prestige element to the wine drinking experience, we use region as a proxy for pres-
tige, and test whether or not there is an impact of region on price above and beyond
the influence of region on the tasting score. The assumption is that all wineries in a
region capture this price premium or discount, yet some might still overprice or
underprice. Individual wineries may also command a reputational price premium,
but with an unbalanced data set from 792 wineries with an average of only 2.46
observations per winery, individual winery estimates would not be precise.

We added five regional dummies (omitting “rest of U.S.”) to the expected value
component of the two-tier stochastic model. The model failed to solve. We also
experimented with adding the regional dummies to both asymmetric error terms,
since this provides more efficient estimates (Caudill and Ford, 1993). It is appropriate
to add the dummies simultaneously to both error terms since we have no a priori
reason to know in what region wineries might underprice, overprice, or both, even
after capturing any regional prestige premiums or discounts. Again, the model
failed to solve. The introduction of regional dummies under either specification
introduced additional variables into the expected component of the function that
eliminated the concavity of the maximum likelihood function required for the
two-tier model to reach a solution. One could stop here, wines are mispriced for
reasons discussed earlier. Consumers could overpay and underpay based upon the
tasting score, and we could provide a buying guide. However, we chose to pursue
the question in an attempt to explain the apparent mispricing.

We estimated two one-tier stochastic frontiers: a stochastic cost function model
analog to capture overpricing and a stochastic production function model analog to
capture underpricing. Tasting score, tasting score squared, and regional dummies are
included in the expected value component of the model. The one-sided error terms
are exponential to maintain consistency with the two-tier model. The production func-
tion specification failed to solve, implying there is no underpricing when accounting for
regional reputation. The cost function specification did reach a solution. Table 5 con-
tains the results. We conclude that the overpricing in the two-tier model can be partially
explained by the location dummies (prestige), yet additional overpricing remains. There
is no evidence of underpricing in the wine market. Tasting score, tasting score squared,
and all regions are statistically significant, except for California. The one-sided over-
priced error is significant at the 1% level. To quantify overpricing, we constructed
the variable percent overpriced, equal to predicted price minus actual price divided
by actual price. Wines are overpriced on average only around 1.3% compared to
19.7% in the two-tier model without regional dummies. The regional dummies in the
one-tier cost function model explain most of the previous mispricing.

The coefficients on the regional dummies enable us to rank the prestige of the
regions. New York other is the most prestigious region (12.8% premium) followed
by Oregon (12.6% premium), New York Finger Lakes (5.5% premium), California
(0% premium), and Washington (27% discount), all relative to the rest of the
United States. If you believe the expert tasters and are not interested in impressing
your guests, then the Riesling wines of Washington state are a bargain.
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Table 5
Estimate of a U.S. Riesling Wine Hedonic Pricing Model Allowing Only Overpricing
(Cost Function Analog)

Without Cases and Cases Squared With Cases and Cases Squared
Standard Standard
Variable Coefficient Error Z Value Coefficient Error Z Value
Tasting score —.7600 .0533 —14.27%** —.7158 0775 —9.24%**
Tasting score .0047 .0003 14.83%** .0044 .0004 9.55%**
squared
NY Finger .0552 .0300 1.84* .0732 .0357 2.05%*
Lakes
New York .1280 .0327 3.91%** 1163 .0418 2.79%**
other
California .0108 .0347 0.31 .0353 .0403 0.88
Washington -.2704 .0312 —8.66%** -.1873 .0377 —4.96%**
Oregon 1256 .0362 3.47%x* 1552 .0429 3.62%**
Cases (1,000) —.0030 .0004 —8.34%**
Cases squared .000003 .0000004 7.37F%*
Intercept 33.1969 2.2353 14.85%** 31.5576 3.2443 9.73%**
LnSigma v —3.4227 .0875 —39.10%** —3.4073 .1037 —32.87%**
LnSigma w —3.1284 1116 —28.02%** —3.3400 1524 —21.91%**
Wald chi 1097.11%** 662.47***
square
Log likelihood  —161.37 -45.83
N 1,922 1,101

Notes: *, ** *%* Statistically significant at the 0.10, 0.05, and 0.01 levels, respectively. No variables embedded in either of the two-error terms.

(3) Do Economies of Scale Influence Riesling Wine Prices?

We have data on a number of cases produced for 1,101 of the 1,922 winery observa-
tions. We added cases and cases squared to the core stochastic frontier regression
with tasting score and tasting score squared and the set of regional dummies.
Table 5 contains the results. All variables are statistically significant, again except
for California. The coefficients on the variables in the original regression are essen-
tially the same in the regression with cases and cases squared except for Washington,
where many of the large Riesling wineries are located. The linear and quadratic
coefficients imply that the wine price decreases up to a million cases and then
rises. However, the median number of cases produced by the wineries is 794, and
75% of wineries produced 3,800 cases or less, so this estimate must be interpreted
with caution. There is only one winery that produces over one million cases. Most
wineries are arrayed around the negatively sloped portion of the function. This sug-
gests that as wineries produce more cases, they charge a lower price. A possible
explanation is that larger wineries set the release price lower given the expected
tasting score and their region as a form of insurance against an inventory of
unsold wine. They might also be able to set a lower price due to a lower cost of pro-
duction attributable to volume.
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To quantify, the extent of mispricing in the model with cases and cases squared, we
calculated percentage overpriced as predicted price minus actual price divided by
actual price. Table 4 contains the descriptive statistics. The percent overpriced falls
from 1.26 to 1.23%. More mispricing is explained.

V. Conclusions

We used the two-tier stochastic frontier model to enrich the standard hedonic price
approach to provide estimates of overpricing and underpricing of U.S. Rieslings
from 2000-2016. Wine prices are a particularly interesting application since wine
is the ultimate experience good, and prices involve an interaction between producers
and the expert rating panels, where producers set a release price prior to information
on the tasting score.

We found that the opinion of the experts does influence the price. The two-tier sto-
chastic frontier model confirms underpricing and overpricing, with an average under-
pricing of 19% and an average overpricing of 20%. However, there is a prestige element
to the wine drinking experience, which can be proxied by region. The two-tier model
cannot reach a solution with the addition of regional dummies placed in either the
expected value component or both one-sided error components. To investigate
further, we estimated two standard stochastic frontier models with one-sided positive
and negative error components. The underpricing function specification with a nega-
tive one-sided error failed to solve. There is no evidence of underpricing. However, the
function specification with a positive one-sided error did solve. There is evidence of
overpricing. Taking the regional effects into account, average mispricing is only
1.26%. For a smaller sample, we investigated the role of a number of cases produced.
Larger wineries tend to price their wines lower to guard against unsold inventory.

We introduced this paper with a trip to the wine store. Can we provide any guid-
ance to the Riesling drinker who has faith in the tasting score of the experts? We
suggest that you select wine from Washington and avoid wines from New York
other, Oregon, and the New York Finger Lakes. California wines are priced close
to market. In general, wines from larger producers have lower prices, controlling
for tasting score and region.

Enjoy your correctly chilled Riesling (48°F, 9°C), paired with fresh halibut cooked
on the grill or head to your favorite Thai restaurant. Bon appetite.
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