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A Benefit-Function Approach to Studying Market
Power: An Application to the U.S. Yogurt Market

Vardges Hovhannisyan and Marin Bozic

This article provides a structural framework for studying the market performance of various food
industries. It revisits the benefit-function approach to modeling demand and extends its application
to the empirical industrial-organization literature. We illustrate the empirical value of our model
in an econometric analysis of competitive conditions in the retail market for branded yogurt.
The results show that retailers are engaged in imperfect competition. Furthermore, national brand
yogurt remains an important tool for retail profitability.
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Introduction

The U.S. food-marketing system has undergone significant structural changes over the past several
decades. Two notable trends have been the rising concentration of food retailers and the increasing
market share of store brands (SB). In retail food sector, the four largest grocery chains have seen
their market share increase from 16% in 1982 to 36% in 2005. Both trends have the potential to alter
aspects of the food system, including food pricing and accessibility, product variety and quality, and
the performance of food retailers, manufacturers, and farmers (Martinez, 2007). Understanding the
competitive condition of the U.S. food system remains a critical and policy-relevant area of research,
as illustrated by recent USDA-DQJ joint hearings with agricultural stakeholders to better understand
competition in certain agricultural markets (U. S. Department of Justice, 2012).

This article develops a structural framework to examine the performance of various food
industries. We build upon the recent developments in the new empirical industrial organization
(NEIO) literature and emphasize the benefits of structural analysis, including the ability to quantify
firms’ market behavior in the absence of marginal cost data. The choice of demand model is of
key importance in this type of analysis, since modeling a firm’s market behavior relies on correct
representation of consumer preferences. Early work (e.g., Just and Chern, 1980; Bresnahan, 1982;
Lau, 1982) relied on ad hoc linear demand specifications motivated by empirical convenience.
More recent studies have tended to use demand models explicitly derived from economic theory.
One notable example is Hyde and Perloff (1998), who used the Linear Approximate Almost Ideal
Demand System (LA/AIDS) developed by Deaton and Muellbauer (1980) to model competition
in multiple industries. Hovhannisyan and Gould (2012) extended this analytical framework
by incorporating the Generalized Quadratic AIDS demand specification that relieves important
restrictions underlying the LA/AIDS model (Bollino, 1987; Banks, Blundell, and Lewbel, 1997).
Recently in applied IO research there has been an increase in the popularity of discrete-choice
demand models, such as logit specification (see Werden and Froeb, 1994). Of particular interest is
the random coefficient logit demand model, which allows for product differentiation and consumer
heterogeneity (Berry, 1994, 1995).
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Economics at the University of Minnesota.
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Unlike these past studies, we use an inverse demand system to build our structural framework.
Inverse demand functions have been popular in applied demand analysis for perishables, such as
agricultural commodities. The empirical appeal of this approach stems from prices being treated
endogenously. This is especially valuable in research environments where a lack of access to detailed
cost data makes the instrumental-variable approach infeasible (Nevo, 1998). Quantities, on the
other hand, are assumed exogenous to the system. Given the natural lags in agricultural production
responses, this assumption may not be very restrictive in the context of agricultural products (Barten
and Bettendorf, 1989; Eales and Unnevehr, 1994). Finally, our use of inverse rather than quantity
demand systems appreciably simplifies the derivation of supply functions and makes the analysis
empirically more tractable.!

We revisit the Luenberger (1992) benefit-function approach to modeling inverse demand
functions. This is a relatively new method in applied demand analysis. Despite the advantages it
offers in welfare analyses, this approach has not been widely exploited (McLaren and Wong, 2009).
We extend the application of the benefit-function approach to empirical industrial organization
studies by utilizing the conjectural variations (CV) approach to derive firm behavioral equations
with the underlying price sensitivities obtained from this specification of demand.

We illustrate the empirical value of our structural framework in an econometric analysis of retail
performance in the U.S. yogurt industry. The analysis is based on product-level scanner data from
the Information Resources Incorporated (IRI). We consider five IRI city markets characterized by
varying degrees of retail concentration. Our findings suggest that retail-market conduct is far from
perfectly competitive in the marketing of yogurt. Moreover, retailers appear to be exploiting strong
consumer preferences for national brand (NB) yogurt.

Methodology

The benefit-function approach to modeling demand is subsequently used to develop a structural
framework for firms’ market behavior.

A Benefit-Function-Based Demand Model

We adopt the benefit-function approach to modeling demand first developed by Luenberger (1992)
and use the particular specification for the benefit function provided by Baggio and Chavas (2009).2

Letx e Rﬁ denote the actual consumption bundle and g € Rﬁ be a reference bundle. Luenberger
(1992) defines the benefit function as

(1 B(x,u;g):mfx{b:U(x—bg)Zu,xzbg}7

where U (x) is a utility function representing consumer preferences and B(x,u;g) measures the
maximum number of units of the reference bundle g(x) that consumers are willing to trade to move
from the reference utility u to bundle x.

With the assumption of a unit price, the benefit function can be interpreted as a measure of
consumer willingness to pay for bundle x in terms of g. Its partial derivative, (dB/dx), reflects
marginal willingness to pay for x, provided that B(x,u; g) is differentiable in x.3

Using duality results, we derive the following “Luenberger” adjusted prices, which are
equivalent to compensated inverse demand functions. We use these prices to obtain empirically

! Direct demand systems require the price sensitivities that underlie supply functions to be inverted. This adds complexity
to the derivation of the latter relations and estimation of the structural model (see Hovhannisyan and Gould, 2012). Using
inverse demand systems, on the other hand, obviates the need for inversion, resulting in simpler supply formulations.

2 This demand specification is somewhat similar to the Inverse AIDS of Eales and Unnevehr (1994); however it offers
more flexible utility effects.

3 From this point, we suppress the argument g in the benefit function B for simplicity.



Hovhannisyan and Bozic Benefit-Function Approach to Market Power 161

tractable demand equations (Luenberger, 1992, 1995):

OB
2) P (x,u) = =—,
J 8xj

where the Luenberger price, PJL, reflects the marginal benefit of x;.
Our empirical demand system builds on the parametric specification offered by Baggio and
Chavas (2009), motivated in part by its flexibility and convenience in empirical analyses:

3) Bleu) = a(x) — P

I —uy(x)’

where oa(x), PB(x), and 7y(x) are some quantity indices satisfying the restrictions
B(x) >0, [1 —uy(x)] >0:

N N N

4) (X()C) =0p + Z ogxy + 0.5 Z Z Ok XXy
k=1 i=lk=1

where og; = ., V i # k. According to the Young’s theorem,

®) B(x) =exp (i ﬁm) ;

k=1

N
(6) Y(x) =Y %
k=1

Combining equations (2) and (3) yields the following Luenberger price equations:

) P =22 2P [JM] - % {%] '

T 9x  ox
The Marshallian counterpart of the compensated inverse demand system in equation (7) can be
obtained via duality relationships:*

(3 Pru) = — — — L — 2~

where p**(x,u) = ;fzny))’ p*(x) represents actual prices, and k(x,g) is a proportionality factor

satisfying k(x,g) = p*(x)7 g.

Finally, substitution of indices (4)—(6) into equation 8 results in the following demand system
and theoretical restrictions used in the empirical analysis:

N OC( ]
© pilx) =i+ Y auxi — ia(x) — v )
k+1 B(x)

N
(10) Y g =1
k=1

4 To preserve space, we skip further details concerning the derivation of the demand function. See Baggio and Chavas
(2009) for an excellent exposition of the benefit-function approach to modeling demand, along with a discussion of its basic
properties.
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N
(1) Zaikgkzo,i:L...,N;
k=1
N
(12) Y Bier=0;
k=1
N
(13) Y %ge=0.
k=1

To account for spatial heterogeneity we transform equation (4) as

R N

(14) (xrt) op + Z Oert Xt + Z Z SzrDrxm +0.5 Z Z Ok X jrt Xkrt 5
r=1i=1 i=1k=1

where D, is a space fixed effect with an associated parameter §;,. Similarly, seasonality effects can
be modeled with the inclusion of Z _, Tislsx;, where I represents a seasonality variable.

We further model lagged effects through transformation of ¢, in equation (14), which accounts
for potential lags in the effects of price and quantity variables:

N
(15) Ot = O + Mgt + Opt” + Z Ol Xmry—1 + ORLPkri—1,

m=1

where x,z,—1 and py.,— represent one-period lagged quantities and prices. The introduction of
these new variables into the system creates an additional restriction of the weighted sum of the
respective parameters (i.e., Og, U, Ok, OkmL, Okr) equaling zero, with weights given by g.

Concerning the choice of the reference bundle g, normal practice has been to use
g=(0,....1,..., O)T (i.e., reference is made with respect to only one good under study). Our choice
of g is motivated by empirical convenience in applied demand analysis, and we use a structural
framework requiring a that guarantees nonconstant prices for all products.’> Nevertheless, it should
be mentioned that the choice of g may be problem-specific.

Supply

To develop supply functions, we model a range of possible equilibrium outcomes obtained by
equating firm marginal revenue and marginal cost. Marginal revenue is derived via the CV approach,
using price sensitivity relations from our inverse demand system (Hyde and Perloff, 1998). The
CV parameter measures the degree of competition via a firm’s “conjecture” on the aggregate rival
response to a unitary change in its own strategic variable (Bowley, 1924). Despite the profound
impact of this method on the NEIO literature, it has been plagued with several issues. The primary
criticism has been that the CV parameter does not reflect market structure and that the dynamic
effects underlying the CV response functions cannot be estimated using static oligopoly models
(Corts, 1999). On the contrary, Genesove and Mullin (1998) validated the precision of the CV model
using historical data on the sugar-refining industry that contain detailed firm-level marginal cost
information.

The menu approach, which builds on discrete-choice demand models, forms the basis for the
most recent NEIO studies (e.g., Berry, 1995; Villas-Boas, 2007; Cohen and Cotterill, 2011). This

5 For example, Baggio and Chavas (2009) use a reference bundle of the form g = (0,..., 1,..., 0)7, which leads to the
price of the first good being a vector of ones in the result of the price normalization. For this reason and the singularity of the
variance-covariance matrix, they exclude the demand for the first good from the estimation. Our inclusion of the supply side,
on the other hand, requires that all prices be variable.
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method compares various supply scenarios—each corresponding to some game-theoretic type of
firm interaction—and selects the one providing the best fit of the data. Despite its benefits, this
approach requires knowledge of the institutional setting of industries, and the supply scenarios
considered are not typically exhaustive. The CV approach, on the other hand, allows for a wide
range of scenarios without imposing ad hoc game-theoretical structures. Moreover, CV has been the
preferred model in many empirical studies. Dhar et al. (2005) (U.S. soft drink industry) and Wang,
Stiegert, and Dhar (2010) (U.S. butter and margarine market) found that the CV model provided
a superior fit of the data compared to all other benchmark models tested.® Finally, under certain
assumptions, the CV approach is flexible enough to embrace dynamics in studies of competition
Friedman and Mezzetti (2002); Dixon and Somma (2003); Kutlu and Sickles (2012).

Derivation of Supply Equations

Consider a market with a handful of firms that are characterized by the following profit function:

)

(16) 7(x) = Max, [ixi(pi(x) - MG)
i=1

where x; is the quantity, p;(x) is the price, and MC; is the marginal cost for product i.
The market equilibrium conditions obtained via the CV approach are

xj:MCi(x;),

(17) pi +&~j; >

ap;j . A . .
where p; + 4; leyzl %Xj is the “effective” marginal revenue for product i and A; represents the

respective CV parameter.
. . . e . . . ap; .
Our inclusion of the price sensitivities for all products in equation (17) (i.e., 1jv=1 %x j instead of
%x,-) reflects our assumption that all firms carry all N products under consideration. By definition,

the CV parameter is given by A; = (1 + v), where v = 8;;7," (XX j£ix;). Economic theory provides

guidance as to the possible values of A. Specifically, A =1 is indicative of the monopoly market
power, A =0 reflects a perfectly competitive market, and A = 1/n resembles Cournot competition,
where n is the number of firms in the market. In this study, we interpret A as an elasticity-adjusted

. : — Je__ (p=MC\ (dpQ
Lerner Index; thatis, A = —Le = ( > )(9QP)'

To develop supply functions, we derive price sensitivities (d;/dx;) using the demand
specification in equation (9) and substitute them into equilibrium conditions given by equation (17).
Specifically, differentiating both sides of equation (9) yields

Ip; L apx) o dalx) _ [d(a@x)?/BR)
(18) oxi ox; —hi ax; — Y Ix; ’
where
(19) a(zaiffx’) = ot
da(x)
(20) =0+ ) Oxe;
ox; Zt: Xt

6 Based on their results, Dhar et al. (2005) recommend using the CV approach in situations where there is no clear
alternative.
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x)? X x)2 X)
a1 QLT IPL) _ 96 gy 4 g2 2P
22) ao(;gj)z :2oc(x)ag§c).

Equation (20) provides the term agﬁ‘).

-1 . N
(23) aﬁ% =(-1B)? agi ) —B(x)Zexp <Z ,kak> Bi=—Bx) "B,
i i k=1

where use is made of the relationship f(x) = exp (Lp_; Bexk)-
Substituting equations (19)—(23) into equation (18) yields price sensitivities:

er  Lap (o o) - 503 (0 Lan) - ato]

1

Finally, our supply equations are obtained by substituting equation (24) into equation (17):

N
pi = MCi(x;))— A Z {Otij - Bj (05[ + Zaitxt> -
Jj=1 !

3%0(‘)(5)6) {2 (oci + ;(xﬁx,> - ﬁia(x)] }xj-

The question remains as to how we specify the marginal cost function in equation (25), MC(x;),
which may also be case specific. For example, Hyde and Perloff (1998) use a linear functional form
in wholesale and retail-level cost components. Our full model comprises a system of equations (9),
(25), and the respective theoretical restrictions given by equations (10)-(13).7

(25)

An Application to the U.S. Yogurt Industry

We illustrate the empirical value of our structural framework in an econometric analysis of U.S.
retail competition in the marketing of yogurt. The study is based on weekly product-level IRI data
on yogurt sales and unit values from 2001 to 2006. Our product choice is driven by increased
interest from the USDA and DOJ to gain insight into competition in U.S. dairy markets (U. S.
Department of Justice, 2012).% Yogurt is the fourth largest dairy category at the retail level, and
yogurt characteristics being important demand drivers (Villas-Boas, 2007).

We use five U.S. metropolitan areas as the basis for the analysis. Three of these markets stand
out, with relatively high levels of retail concentration. Total market share of the three largest chains
ranged from 72.3% to 87.4 % in 2001. The other two markets had relatively moderate concentration
(50.2% and 54.1% in 2001). These facts create an interesting setting in which to observe the
relationship between market structure and retail market power. Given the sample period of six years,
we have a total of 1,560 observations (5 cities, each with 312 observations).9

7 With the inclusion of time, regional, and lagged price and quantity variables, we must consider several additional
restrictions. The weighted sum of parameters associated with these new variables is set equal to 0, where the weight is
given by g.

8 Due to confidentiality, we are not allowed to disclose the manufacturer and retailer identities.

 We do not explicitly model the relationship between market structure and firm behavior.
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Table 1. Summary Statistics

Variation (%)
Price (cents/4 ounces) Mean SD Min Max City Week
NB1 skim 36.9 3.7 19.9 46.7 9.7 10.1
NBI1 fat 43.9 4.0 22.7 53.2 8.4 9.0
NB2 skim 41.8 4.8 24.5 53.1 10.3 11.6
NB2 fat 47.7 4.4 31.1 60.1 8.2 9.2
SB skim 26.9 32 16.2 35.1 10.3 12.1
SB fat 28.0 32 17.6 41.4 10.4 11.4
Quantity (10,000 x 4 ounces)
NB1 skim 3.8 4.1 0.1 19.6 105.8 107.5
NBI fat 3.7 3.8 0.1 17.1 102.8 103.8
NB2 skim 3.8 4.4 0.2 21.2 114.7 114.5
NB2 fat 2.4 2.1 0.1 10.2 87.1 87.2
SB skim 1.1 0.9 0.1 6.2 79.3 84.3
SB fat 1.1 0.9 0.1 6.0 78.1 81.1

Brand market share (%)

NB1 43.1 10.5 17.5 68.2 - -
NB2 42.7 9.2 25.8 73.5 - -
SB 14.2 11.2 2.2 50.2 - -

Source: IRI, Years 2001-06.

The U.S. yogurt industry resembles an oligopoly at the manufacturing level, with the two largest
producers accounting for 60% of total market share (Villas-Boas, 2007). For this reason, we perform
a brand-level analysis and define products as a combination of brand—national brand one (NB1),
national brand two (NB2), and store brand (SB)—and fat content (skim and whole).!?

Table 1 presents descriptive statistics for the main variables. Specifically, NB1 had higher total
market share (43.1%, on average) relative to NB2 (42.7%) and SB (14.2%). Additionally, NB2
yogurts are, on average, the most expensive options (41.8 and 47.7 cents per four-ounce cup, for
the respective fat contents), followed by the NB1 (36.9 and 43.9 cents), and SB (26.9 and 28.0
cents). Nonfat varieties are less expensive across all brands.!! Much of the variation in both price
and quantity comes from temporal variation. Quantities also manifest tremendous variation across
cities.

An important consideration in applications using the benefit function is the choice of reference
bundle g Following previous studies, we assume the reference bundle contains only private goods
that are constant across consumers. We also construct a nonzero reference bundle for reasons
discussed previously. We use a bundle containing a unit of each product. Luenberger price functions
in this context are then interpreted as consumer willingness to pay for additional units of each
product in the sample.'?

Another important demand-related issue is that the imposition of theoretical restrictions results in
a singular variance-covariance matrix. That is, the application of the normalization rule }; p;g; = 1 to
the adjusted price functions p{‘ = f(x;;T) + ¢; results in Y; f(x;;T)g; = 1 and ¥, ¢;¢; = 0. Therefore,
when estimating the demand system, one equation must be omitted to avoid singularity of the

10 We acknowledge that SBs are manufactured by NB producers, as well as by large retail chains that run their own
manufacturing plants. However, here it is the potential strategic use of the different brands by large retail chains that drives
our product definitions (Hovhannisyan and Gould, 2012, use similar product definitions).

T Yogurt prices may also be reflective of other attributes that cannot be accounted for in this application, given our
aggregation method and data limitations.

12 We also estimated the model with the underlying g differing in its elements, such as the one containing sample averages.
Our choice of a unitary g in the analysis reflects its superior fit to the data.
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variance-covariance matrix. The parameter values from this excluded equation are recovered from
the theoretical restrictions.

To model our marginal cost function, we borrow the linear specification from Hyde and Perloff
(1998):

(26) MCi(x;) = fi + siVi + bW,

where V; represents milk price, and W is retail wage. In this application, we use fluid-grade
milk prices from states where the respective manufacturing plants are located.!3 Ideally, equation
(26) should also include a cost component that varies across brands and reflects variation across
wholesale- and manufacturer-level markups (for example, advertising costs that NB manufacturers
and food retailers incur in promoting their brands). However, researchers rarely have access to fine
data that provide brand-level cost variation. Therefore, the only identifying variation in the supply
and demand equations in our empirical setting is due to exogenous factors, such as milk price and
wage.

CV parameters (;) are of key importance in the analysis. Therefore, we allow this parameter to
vary not only across cities but also over time:

27 lij:l,~1+(p,~ij+¢iijt, i=1,...,6; j=1,..., 5,

where A;; is the CV parameter for product i in market j (4; is the parameter for product i in the
reference market), ¢;; accounts for the city effect, and ¢; represents the time effect (¢ is a time
variable).

Finally, the identification of structural parameters is based on both the temporal and cross-
sectional variation of variables. Specifically, the demand shifters include city effects, as well as
lagged quantity and price variables that are exogenous to the unobserved supply shifters (i.e.,
obviously lagged variables are predetermined, while the regional dummies are not likely to be
correlated with the supply unobservables, provided that yogurt plants are outside these regions).
In addition, we use the marketing cooperative-level milk price as a supply shifter, assuming the
latter is exogenous to unobserved demand shifters (for example, public mood for yogurt).

Empirical Results

We use the GAUSSX module of the GAUSS software system to estimate our model. We allow for
contemporaneous correlation across equations and assume the stochastic components are serially
uncorrelated.

The choice of the demand specification may have a tremendous effect on structural parameter
estimates. Therefore, we perform several demand-specification tests using the Bewley likelihood
ratio test (LRp) given by LRg =2(LLY — LLF)(En — pY /En) (Bewley, 1986). Here LLYR is the
log-likelihood value from the unrestricted and restricted demand models, E is the number of
equations estimated, n is the sample size, pU is the number of parameters in the unrestricted
model, and the degrees of freedom equals the number of additional parameters in the unrestricted
model. An important advantage of LRp over the traditional likelihood-ratio test is that no asymptotic
assumptions are needed for the model selection.

Table 2 presents the joint demand test results. First, we test for nonlinear utility effects,
% = 0. The corresponding p-value (< 0.01) for the x? test indicates that quadratic utility effects are
present in the inverse demand functions. Using this specification, we find that regional heterogeneity,
0i» = 0, as well as lagged quantity, oy,,,;, = 0, and price effects, og; = 0, are important considerations
with regards to yogurt demand (p-value < 0.01). Furthermore, we find that seasonality, 7;; = 0, and
nonlinear time effects, 6; = 0, only marginally affect yogurt demand. Therefore, we use this demand
specification in the estimation of the full model.

13 Milk price data are available at: http://future.aae.wisc.edu/data/monthly_values/by_area/5?tab=prices
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Table 2. Model Diagnostics

Demand Models Hypothesis Restrictions LLRp df. p-value

Model 1 Y%=0 5 58.8 5 <0.01

Model 2 O, =0 35 1205.2 35 <0.01
6y =0 11 174.2 11 <0.01
o4, =0 6 2200.0 6 <0.01
Ti =0 18 24.3 18 14.5
6 =0 6 8.5 6 0.24

Notes: The LRy test statistic is distributed x2.

We obtained 177 structural-parameter estimates from the full model using the full information
maximum likelihood (FIML) procedure. Following Hyde and Perloff (1998) and Hovhannisyan
and Gould (2012), we impose the restrictions of A; € [0, 1]. The advantage of the FIML procedure
over the seemingly unrelated regressions, the limited information maximum likelihood, or other
similar estimation procedures is that the former accounts for the true nature of simultaneity between
the supply and demand equations. Therefore, the FIML procedure yields unbiased and consistent
parameter estimates (see Dhar et al., 2005, for more on the benefits of using the FIML estimation
procedure).'4

Estimation results are presented in tables 3, Al and A2. The model provides a good fit of the
data, and most parameter estimates are statistically significant at 5% or lower levels. Furthermore,
the x? statistic of overall significance has an associated p-value of < 0.01. Importantly, most of the
supply and demand shifters are statistically significant; which is important from the identification
perspective.

Next, we use equation (27) to evaluate the elasticity-adjusted Lerner Index estimates,

A=—Le=— (%@) (g—g%), using A;1, ¢;j, and ¢;; estimates at the mean of city dummy and
time variables. To compute the standard errors for 4;;, Vi=1,..., N, j=1,..., J we use the delta
method, which takes the sample covariance between A;, @; j» and ¢;; into account. As illustrated in
table 4, all but one Lerner Index estimate is statistically significant at the 1% level.

There is a great deal of heterogeneity in markups across the yogurt brands. Retailers appear to
have charged the highest margins on NB2 skim yogurt. These markups vary from 5.5% in city 5
to 12.5% in city 3. For whole yogurt, NB1 was the source of the highest markups, which ranged
from 5.8% in city 5 to 11.1% in city 3. SB yogurt was not found to be as important a source of retail
profitability, given its markup range from 0% to 4.4% in cities 5 and 3 and the fact that the SB yogurt
market share remains low relative to its NB counterparts (i.e., 14.2% SB market share versus 42.7%
for NB2 and 43.1% for NB1). This is in contrast to the fluid milk market, where empirical evidence
suggests a more important role for SB from the retailer perspective (Hovhannisyan and Stiegert,
2011). Our finding that retail markups vary across brands is consistent with retailers maximizing
category profit (Vilcassim and Chintagunta, 1995).

Retail market power also showed considerable variability across cities in our sample. For
example, NB margins were the highest in city 3 (from 6.5% to 12.5%) and the lowest in city 5
(3.3% to 5.8%). The same pattern was found for SB yogurt (0% to 3.1% in city 5 versus 4.4%
to 4.7% in city 3). Market power increases in retail concentration, provided that cities 1-3 have
more concentrated retail sectors relative to cities 4 and 5. While designing the study in a way that
allows for variation in concentration may enhance the identification, a word of caution is necessary.
An increase in market power cannot be attributed to higher concentration, provided that we do not
explicitly model the relationship between market structure and firm behavior. Therefore, it may well
be that market power is driven by other factors excluded from this study.

In a study of vertical interactions between yogurt manufacturers and retailers, Villas-Boas (2007)
reports that a median retail margin of 21.1% in a supply scenario provides the best fit of the data.

14" As shown in Hayashi (2000), FIML is also superior to the instrumental variable approach.
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Table 3. Marginal Cost Parameter Estimates

Parameter Estimate SE Parameter Estimate SE
Al 0.002 0.003 Aa1 0.001 0.002
o1 —0.003 0.014 Q12 0.001 0.005
013 0.024*** 0.012 P13 0.025*** 0.005
P14 —0.016"** 0.007 o 0.000 0.006
P15 —0.016 0.011 P45 —0.011** 0.005
11 0.015*** 0.005 a1 0.012*** 0.004
012 —0.036 0.033 % —0.031*** 0.015
013 —0.048* 0.024 43 —0.034*** 0.011
P14 0.004 0.015 Qa4 —0.020 0.013
d15 0.031 0.039 Pus —0.004 0.008
oS 0.004 0.003 As1 —0.001 0.002
[03%) 0.003 0.007 P52 0.000 0.004
3 0.043*** 0.007 Ps3 0.028*** 0.005
oo —0.004 0.006 Ps4 0.000 0.005
025 —0.016"** 0.007 ©ss —0.009 0.007
91 0.020%** 0.005 951 0.007 0.005
(0393 —0.056"** 0.020 952 —0.021** 0.011
023 —0.060%** 0.015 953 —0.037** 0.009
N —0.026* 0.013 P54 —0.010 0.011
s —0.006 0.010 955 —0.011 0.018
A31 0.005 0.003 A6t 0.003** 0.001
032 —0.003 0.013 062 —0.002 0.004
033 0.054*** 0.012 P63 0.010%** 0.004
P34 —0.018"** 0.008 Pos4 —0.004 0.005
P35 —0.023"** 0.011 Pes —0.002 0.006
931 0.020"** 0.007 P61 0.009*** 0.004
032 —0.061* 0.033 [0 —0.012 0.009
033 —0.065"** 0.026 P63 0.005 0.008
P34 —0.004 0.015 P4 —0.003 0.012
P35 0.017 0.020 [ —0.012 0.015

Notes: A; reflects the base city, and ¢;; and ¢;; are city and time effects. Triple, double and single asterisks (***,** *) indicate statistical
significance at the 1%, 5%, and 10% level.

Additionally, manufacturers are found to follow the marginal cost-pricing rule with a possibility of
retailers channeling a share of their profits back to the manufacturers. In a similar study, di Giacomo
(2008) finds strikingly high margins for Italian yogurt retailers that extend from 43.1% to 74.9%. In
addition to country differences, it is also important to keep in mind the methodological distinctions
of these applications with our structural framework (discrete versus continuous demand models and
the CV versus menu approach to supply modeling) when comparing our study with the respective
literature.

One important result emerging from this study is that SB may not be as important for retailers
when it comes to marketing yogurt as opposed to other products (see Berges-Sennou, 2006; Barsky
et al., 2003; Steiner, 2004). Consumers continue to have strong preferences for NB yogurt and,
therefore, a competitive NB assortment remains key to retail success (Ailawadi, 2001; Bonanno,
2013).
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Table 4. Estimates of Elasticity Adjusted Lerner Indices

NB1 NB2 SB

Skim Fat Skim Fat Skim Fat
City 1 0.054** 0.072%** 0.076*** 0.042%** 0.022** 0.034***

(0.010) (0.008) (0.012) (0.008) (0.009) (0.009)
City 2 0.050*** 0.075*** 0.073*** 0.043*** 0.022*** 0.032***

(0.010) (0.009) (0.012) (0.008) (0.010) (0.010)
City 3 0.075*** 0.111 0.125% 0.065*** 0.047** 0.044*

(0.011) (0.009) (0.012) (0.008) (0.009) (0.010)
City 4 0.039*** 0.068*** 0.059*** 0.042%** 0.022*** 0.032%**

(0.010) (0.009) (0.013) (0.008) (0.010) (0.010)
City 5 0.039*** 0.058*** 0.055*** 0.033*** 0.014 0.031**

(0.011) (0.009) (0.013) (0.008) (0.010) (0.010)

Notes: Triple, double and single asterisks (***,** *) indicate statistical significance at the 1%, 5%, and 10% level. Numbers in parentheses
are standard errors.

Conclusion

This article develops a structural framework that can be used to examine the performance of various
food industries. The methodology follows the recent developments in the NEIO literature and offers
the benefits of structural analysis. We employ an inverse demand system derived from the benefit
function and use the CV approach to derive firm behavioral equations, with the underlying price
sensitivities obtained from this specification of demand. Our major contribution is the extension of
the application of the benefit-function approach to the empirical industrial organization studies. This
method allows one to gauge competition without imposing ad hoc game-theoretical structures on a
firm’s market interactions. Furthermore, it is not data demanding and does not require knowledge of
the institutional settings of industries.

We illustrate the empirical value of our structural model in an econometric analysis of retail-
market performance in the U.S. yogurt industry. Using five IRI city markets with varying degrees
of retail concentration in our sample, we find that retail-market conduct in yogurt marketing is far
from perfectly competitive. Moreover, retailers appear to be exploiting strong consumer preferences
for NB yogurt, whereas SB yogurt remains relatively less important from a retail profitability
perspective. Finally, our findings with respect to retail margins indicate lower Lerner indices relative
to previous research.

One aspect of our study that may be restrictive in certain environments is our abstraction from
the true dynamics underlying both consumer demand and retail competition. Given the empirical
difficulties associated with modeling dynamics, this remains to be pursued in future research.

[Received June 2013; final revision received August 2013.]
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Appendix A

Table Al. Parameter Estimates from the Inverse Demand System

Parameter Estimate SE Parameter Estimate SE
o 0.569** 0.083 863 —0.001*** 0.000
o 0.079*** 0.002 o 0.007* 0.004
o 0.098*** 0.001 (% —0.003 0.006
oy 0.108*** 0.002 Q3L —0.001 0.004
o5 0.072** 0.001 Q4r —0.006 0.007
O 0.075%* 0.001 (9879 —0.006 0.006
a —0.007 0.002 A6 0.002 0.002
ap 0.000 0.001 0 —0.003*** 0.000
a3 0.001*** 0.001 (02578 0.022%* 0.001
ayy 0.006*** 0.001 3L, —0.004"** 0.001
a5 0.000 0.001 4l —0.006™** 0.001
Q6 0.001 0.001 sy, —0.008"** 0.002
) —0.028"** 0.001 (33 —0.002 0.002
003 0.004*** 0.000 o3 —0.003*** 0.000
0y 0.007*** 0.000 oL —0.007*** 0.001
s 0.007*** 0.001 o3 0.013*** 0.000
(0503 0.009*** 0.000 341, —0.007*** 0.001
o33 —0.018™** 0.000 0351, 0.001 0.002
34 0.004** 0.000 Q361 —0.012"** 0.002
5 0.004*** 0.000 7373 —0.003*** 0.000
6 0.006*** 0.000 07503 —0.006"** 0.001
Ol —0.038*** 0.001 07573 —0.004*** 0.000
U5 0.010*** 0.001 Olgar, 0.027*** 0.001
Qg 0.01 1% 0.001 [ 7273 —0.002 0.002
Qss —0.040"** 0.001 [0 7733 —0.011"** 0.002
Qs 0.018** 0.001 [ 2397 0.000 0.000
Qg —0.045%** 0.001 Qsor, —0.003*** 0.001
Bi —0.008*** 0.003 0531, —0.002*** 0.001
B> —0.007*** 0.002 Ols4r, —0.005"** 0.001
B3 —0.016*** 0.002 0551, 0.026*** 0.002
B4 —0.001 0.002 Q561 —0.008"** 0.002
Bs 0.013*** 0.002 (27379 0.001*** 0.000
Bs 0.019*** 0.002 (07599 —0.003*** 0.001
" 0.001*** 0.000 [075Y9 —0.002*** 0.000
r —0.001** 0.000 Olgar —0.003*** 0.001
1 —0.001*** 0.000 Ol5L —0.011%** 0.001
T 0.001 0.000 [ 7739 0.031*** 0.002
% 0.000 0.000 oL —2.420™** 0.342
% 0.000 0.000 (0% 0.576*** 0.008
S1n 0.000 0.009 o3r 0.446*** 0.007
o13 —0.002 0.007 (0713 0.474% 0.010
6 0.000 0.000 Qsy. 0.465*** 0.008
53 0.001 0.000 (0753 0.459 0.007
83 0.000 0.000 W 0.000 0.005
833 0.000 0.000 s 0.000 0.001

(continued on next page...)
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Parameter Estimate SE Parameter Estimate SE
) 0.001* 0.000 u3 —0.001 0.001
O43 0.001*** 0.000 jin —0.001* 0.000
052 0.000 0.000 Us 0.001 0.001
053 0.001 0.000 Us 0.001 0.001
O62 —0.002*** 0.000
Notes: Triple, double and single asterisks (***,** *) indicate statistical significance at the 1%, 5%, and 10% level.
Table A2. Parameter Estimates from Supply Equations
Parameter Estimate SE Parameter Estimate SE
f 0.163*** 0.001 54 0.020*** 0.005
H 0.182%** 0.001 S5 —0.003 0.004
f3 0.174*** 0.002 56 0.002 0.004
fa 0.190*** 0.002 hy 0.000 0.007
fs 0.145*** 0.002 hy 0.020*** 0.005
fe 0.145*** 0.002 h3 0.022 0.013
S1 —0.016*** 0.004 hy 0.047** 0.011
52 0.015** 0.004 hs —0.045"** 0.014
53 —0.018*** 0.005 he —0.042"** 0.012

Notes: f; is the intercept, and s; and A; are coefficients for milk and wage. Triple asterisks (***) indicate statistical significance at the 1% level.



