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I.  Introduction 

Understanding the determinants of consumer food choices is complicated by constant change in 

the marketplace (Blaylock et al. 1999).  On the demand-side, the ever changing status of age 

distribution, educational attainment, immigration rates, and other cultural phenomena means that 

food choice determinants and consequences continue to be difficult to pin down (Kinsey and 

Senauer 1996; Variyam and Golan 2002).  Likewise, on the supply-side, greater competition has 

led to alternative retail formats, consolidation, production efficiencies and growing pressure to 

provide distinct products and shopping experiences that will secure consumer loyalty 

(Jekanowski and Binkley 2000).  While much has been written about relationships between and 

amongst these market changes, we are not aware of any research that explores potential linkages 

between two contemporary issues of notable importance: (1) the widening income gap between 

rich and poor U.S. households (Browning 2003), and (2) the consistently high rate of new food 

product introduction.   

Consumers benefit from new product introductions in at least two possible ways.  First, if 

new products are notably different from those that are already being sold, consumers may 

experience an increase in welfare due to the extra variety offered by the new product (Draganska 

and Jain 2005).  On the other hand, new products could have a negative variety effect if no 

notable innovations are presented and the new product simple increases the number of 

alternatives consumers must assess at the retail shelf.  Second, new product introductions can 

cause existing product prices to increase or decrease.  For example, if a company introduces a 

product that is very similar to existing products of a competing supplier, then consumers are 

likely to benefit from greater price competition between the rival firms.  On the other hand, if the 

new product is more likely to compete with existing products from the same firm, the 
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manufacturer or retailer (in the case of private label introductions) may be able to raise the prices 

of its whole line of competing products, thus creating a negative welfare effect for consumers.  

The net impact of price and variety effects can be either positive or negative.  

The objective of this research is to begin exploring the welfare effects of new food 

product introductions and to determine whether such effects vary depending on the income 

classification of the customer base to which the products are introduced.  In other words, when 

new products are introduced to both high- and low-income markets, is there a significant 

difference in estimated welfare effects that can be attributed to differences in consumer-base 

income levels?  In an application involving new bottled juice introductions, we do, in fact, find 

notable differences in welfare effects accruing to different income-class cohorts.  Our results 

provide important evidence of the need for an even greater understanding of new product welfare 

effects and how these effects vary across population groups and certain new product claims. 

The remaining sections are organized as follows.  In section two we highlight relevant 

literature surrounding consumer food choices as well as factors that influence manufacturer and 

retailer decisions to introduce and maintain food products on store shelves.  Next, section three 

contains an outline of our modeling approach.  We describe our empirical application and data 

source in section four.  In section five and six we provide a discussion of our results, 

conclusions, and implications for future research.  

II.  Background 

Several areas of literature establish the needs underlying our research objective.  First is 

literature that explores the importance of income disparity in describing overall food choices and 

the potential health consequences of such choices. Second, significant research suggests that 
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supply-side decisions as to which new products to introduce is increasingly being determined by 

automated processes that place notably higher value on financial measures than on consumers’ 

possible appreciation for nutritional alternatives.  Finally, there is a growing body of research 

aimed at estimating consumer and producer welfare effects resulting from new product 

introductions.  It is this final body of work that will be used to link the previous two.  Each of 

these research areas is discussed in turn below. 

 The link between household income and food choice is well established in the literature.  

For example, in Blaylock et al. (1999) income is emphasized as one of the most well-grounded 

determinants of food demand in theory and in practice.  Other studies regularly refer to changes 

in income inequality to explain or predict changes in the food choice landscape (Kinsey and 

Senauer 1996).  The rapidly expanding literature on obesity has also focused considerable 

attention on the role of income in affecting food choices that contribute to overweight.  

Drewnowski and Spector (2004), for example, show that the affordability of high-energy-density 

foods may be a plausible explanation for higher rates of overweight and obesity in low-income 

households.  On the other hand, Zenk et al. (2005) provide evidence suggesting a negative 

relationship between household income and fruit and vegetable intake among certain consumer 

groups.  Other research has even targeted the food-stamp program as a potential contributor to 

higher rates of obesity in low-income households (Ver Ploeg and Ralston 2008; Meyerhoeffer 

and Pylypchuk 2008; Chen, Yen, and Eastwood 2005).  Studies of new product introduction and 

diffusion also highlight the importance of household income variety in determining the 

acceptance and potential success of new products (Horsky 1990; Song and Chintagunta 2003). 
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 Another vein of literature suggests the important role of food suppliers in determining 

household food choices.  Increased consumption of calories, refined carbohydrates and fats is not 

surprising considering the increased supply of such nutrients (Putnam et al. 2002).  Likewise, 

numerous studies have shown that unhealthy food choices and subsequent obesity prevalence can 

be partially attributed to the available supply of foods from which consumers choose.  For 

example, Morland et al. (2006) show that consumers’ relative accessibility to supermarkets, as 

opposed to convenience stores, had negative effects on rates of obesity and overweight.  In other 

words, consumer access to high-assortment supermarkets may be attributed to healthier food 

choices and lower rates of obesity.  Similar studies demonstrate linkages between areas of 

differing income status, access to small- medium- or large-format food stores, product pricing, 

product assortments, and subsequent health measures (see e.g. Morris et al. 1992; Chung and 

Meyers. 1996; Horowitz et al. 2004; Block and Kouba 2006; and Inagami et al. 2006).  An 

extensive review of these studies can be found in Ford and Dzewaltowski (2008). 

 Despite the many contributions of the supply-related studies above, none of them have 

addressed growing trends regarding automated management of retail assortments and how such 

practices will likely exacerbate the role of food suppliers in determining household food choices.  

Research in the area of category assortment and shelf space allocation continues to grow (e.g. 

Borin, Farris, and Freeland 1994; Bai and Kendall 2005; Kok and Fisher 2007) and retailers are 

rapidly investing in new technology solutions aimed at automating and optimizing store-level 

assortments and space allocations (Millstein 2005; Howell 2006; Amato-McCoy 2007; 

Progressive Grocer 2008).2  Thus, retailers’ increasing ability to make data-driven assortment 

decisions means that historical product selections could have a greater impact on future 

                                                           
2 For example, see http://www.galleria-rts.com/ . 
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assortment change decisions.  In other words, if consumer’s do not show a historical preference 

for, say, healthy foods it may be less likely that an automated assortment plan ever recommends 

that a healthy new product be made available to those consumers.  The literature also suggests 

that most automated assortment models are based on financial measures such as profit margins, 

inventory costs, etc., and pay relatively less attention to consumer satisfaction and preference 

change indicators that are difficult to measure (Borin, Farris, and Freeland 1994; Bai and Kendall 

2005).  Despite this, academic research and trade-press alike suggest that retailers are eager to 

develop data-driven measures that will improve their ability to understand consumer choices and 

potential preference changes.   

 A possible solution to retailers’ difficultly in measuring consumer welfare changes 

associated with product assortment decisions can be found in the relatively new literature on new 

product valuation.  There are only a handful of published papers that estimate the effects of new 

product introduction in food product categories.3  The first is a study by Hausman (1994), who, 

motivated by the hypothesis that the CPI for food is biased by lack of consideration for new 

products, evaluated changes to consumer welfare and price index calculations due to the 

introduction of the ready-to-eat cereal, Apple-Cinnamon Cheerios.  He found that consumer 

benefits from the new product introduction were quite significant.  However, his research did not 

explore the effects of product introduction on the supply side of the market, e.g. firm 

profitability.  In 2004, Kim estimated the changes in consumer and producer welfare due to the 

introduction of three processed cheese products.  He decomposed his consumer welfare measure 

into portions attributable to changes in category variety and prices, respectively.  He finds that 

                                                           
3 Other industries which have benefited from research on the effects of new product introduction are tomography 
scanners (Trajtenberg 1989), automobiles (Petrin 2002), bath tissue (Hausman and Leonard 2002), and personal 
computers (Bayus, Erickson, and Jacobson 2003).     



-7- 

 

consumers benefit from the added variety associated with the three new cheese products but are 

harmed by subsequent price changes.  He also finds that producers observe an increase in profits 

that can be attributed to the newly introduced products.  Research in this area continues to grow 

with a study by Pofahl and Richards (2008) who introduce a new model of new product 

valuation that directly accounts for differences in product attributes and is capable of 

accommodating large demand choice sets.        

 Our review of the literature draws attention to the need for research that explores the 

potential usefulness of estimated welfare effects of new food product introductions in informing 

retail product assortment decisions.  These potential welfare effects will likely vary across 

consumer groups and retailers that reside in geographies characterized by vastly different income 

classes.  Understanding the welfare effects of new product introduction on different income 

groups could play a major role in management and planning decisions made by both private and 

political organizations.  For example, government food assistance program administrators would 

be better able to anticipate the impact of emerging food trends on groups at risk for food 

insecurity or obesity.        

 Additional support for our proposed research can be seen in industry facts and census 

data that draw attention to the potential food choice implications we outline above.  As can be 

seen in figure 1, the total number of new food products introduced has remained relatively steady 

at over 10,000 per year on average.  When considering new food products that carry health 

related claims, introductions have increased from around 4,000 in 2002 to nearly 12,000 in 2007.  

Health related claims associated with these products include those that are classified as “Food-

minus” or “Food-plus.”  “Food-minus” claims include those such as “Low/no/Reduced Fat”, 
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“Low/no/Reduced Sodium”, or “No Additives or Preservatives.”  “Food-plus” claims include 

statements such as “Wholegrain,” “Organic,” “All Natural,” or “Vitamin/Mineral Fortified.”  As 

can be seen in figure 2, both types of health related claims have seen increased use in new 

product introductions.  A more detailed example of specific health related claims can be seen in 

figure 3.  While all of the claims in this figure have appeared on a greater number of new 

products over the last five years, it is easy to see that claims of “Low/no/Reduced Transfat” have 

increased more than others in the three categories represented. 

A probable explanation for these trends is the constant evolution of American consumers.  

An aging population, better education on the links between diet and health, immigration of ethnic 

populations, a greater need for convenience, and changes in income distribution all contribute to 

the food industry’s “mad dash” to develop “the next big thing” (Harris 2002; Variyam and Golan 

2002; Blisard et al. 2002; Jekanowski and Binkley 2000).  Since the effects of income inequality 

on the welfare effects of new product introductions is a major focal point of our proposed 

research, we provide information in figure 4 that emphasizes the widening gap between rich and 

poor Americans.  This figure shows that the only income class that has seen an increase in its 

share of total household income from 1975 to 2005 is the wealthiest fifth of the population.  On 

the other hand, the bottom four fifths have all experienced a decline in their share of total 

household income over the same 30 year period.  

  While it is reassuring to observe the increasing number of new product introductions that 

carry potential health changing messages, as alluded to in our literature review above, it may be 

the case that these products and their corresponding messages are not being sent to the stores in 

which low-income households shop.  Even if these products are currently being introduced to 



-9- 

 

stores that serve low-income populations, lower education levels associated with these 

populations may mean that such products are not as eagerly embraced as they would be in stores 

that serve high-income/high-education shoppers.  Thus, in stores that serve low-income 

consumers it is possible that such products will not meet the financial threshold levels that 

retailers are using more and more to determine shelf space allocation. Through this study and 

future research in the area, we will contribute to the establishment of consumer welfare metrics 

that may assist retailers in better understanding the implications of product introductions and 

assortment decisions on objectives other than short-run profitability.  For example, even if a new 

product does not meet acceptable financial standards for success, retailers could use our 

proposed welfare measures to infer whether or not consumers have benefited from the additional 

variety brought about by the introduction.  In the future, it may be the case that retailers will 

begin to place greater weight on consumer welfare effects stemming from healthy new products 

as they realize that sustainable long-run financial success could depend on the overall health of a 

growing population.4    

III. Model of New Product Valuation5 

Welfare Measures 

Changes in consumer welfare due to new product introduction are estimated using a 

common economic measure called compensating variation (CV).  CV is defined as the difference 

                                                           
4 In recent conversations with Wal-Mart’s sustainability team we discovered that much of their sustainability 
objectives are not just focused on eco-friendly initiatives but are also aimed at encouraging healthier diets and 
lifestyle changes.  For example, to participate in their own unique ways with the sustainability trend, many Wal-
Mart Associates have set goals such as “stop smoking,” “go on a diet,” “eat locally grown fruits and vegetables,” 
etc.    
5 This section is based on Pofahl and Richards (2009) 
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between pre- and post-introduction expenditure levels where utility is held constant at the post-

introduction level.  Specifically, CV is expressed as 

(1)   1 1 0 0 1( , , ) ( , ( ), )N NCV e p p u e p p p u∗= − ,   

where 0p and 1p are pre- and post-introduction price vectors for competing products, Np is the 

observed price of the new product, 0( )Np p∗ is a function defining the reservation price of the new 

product, i.e. the price at which demand for the product is equal to zero, and 1u is post-

introduction utility.6  Hausman and Leonard (2002) and Kim (2004) show that (1) can be 

decomposed into a variety effect and a price effect as follows: 

(2) 
1 1 1 1 1

1 1 1 0 0 1

( , , ) ( , ( ), )

( , ( ), ) ( , ( ), ) ,

N N

N N

CV e p p u e p p p u

e p p p u e p p p u

∗

∗ ∗

 = − + 

 − 

 

where the first bracketed term is the variety effect, or the increase in consumer welfare due to the 

availability of a new brand or brands, and the second bracketed term is the price effect.  

To derive an empirical version of (2), a category demand model is required.  To represent 

category demand we use the following log-linear relationship: 

(3)   ( , ) exp( )t t t t t tQ P Y Y P Zθ η µ φ= +  

                                                           
6 We follow Hausman and Leonard (2002) by referring to (1) as CV, as opposed to –EV (equivalent variation).  The 
reasoning here is simply a matter of what one labels as “new” and “old.”  In our scenario, the “new” price is the 
observed actual price, whereas the “old” price is partially constructed from estimated reservation prices.  Thus, 
utility at the actual (post-introduction) price is used as the base.       
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where tQ is category-level demand7, tY is disposable income (or some proxy), tP is a category-

level price index, tZ is a vector of seasonal indicator variables, θ  is the income elasticity, and 

η is the category-level price elasticity. 

 Using Roy’s identity we generate a partial differential equation which can then be solved 

by separation of variables integration for the indirect utility function: 

(4)   
(1 ) (1 )

( , )
1 1

t t
t t

Y P
v P Y A

θ η

θ η

− +   
= −   − +   

, 

where exp( )A Zµ φ= + .  Solving for tY  we obtain the following expenditure function: 

(5)   ( )
1

(1 ) (1 )

, (1 )
1

tAP
e P u u

η θ
θ

η

+ +  
= − +  +  

. 

Substituting (3) and (4) into (1) and rearranging terms we get the following expression for CV 

(Hausman 1981): 

(6)   ( )
1

1
1

0 0 1 1 1 1
1

1
,

(1 )
CV P Q PQ Y Y

Y

θ
θ

θ
θ

η
−

− −= − + − + 
 

where 0P  and 1P  are pre- and post- introduction price indices, 0Q  and 1Q are pre- and post-

introduction category demands, and 1Y  is post-introduction income.  Following the 

decomposition in (2) we get the following expressions for the variety and price effects, 

respectively: 

                                                           
7 i.e. the weekly sum of sales over all selected products in the category. 
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(7) ( )
1

1
1

1 1 1 1 1 1
1

1

(1 )
VE P Q PQ Y Y

Y

θ
θ

θ
θ

η
−

∗ − −= − + − + 
 

 

(8) ,PE CV VE= −  

 where 1P
∗ is the post-introduction price index calculated using virtual, or reservation prices of the 

new products as opposed to their observed post-introduction values. 

Calculating (5) requires that we first estimate (3) using observations from the post-

introduction price and quantity information.  However, computing (6) also requires information 

regarding pre-introduction prices and category-level sales.  Aggregate sales are easily obtained 

by simply summing the sales for products being considered in the pre-introduction environment.  

Development of a pre-introduction price index, however, requires additional analysis. 

Demand Model 

Hausman (1994) indicates that the correct price to use for new products in the pre-

introduction period is their “virtual” or “reservation” price.  This is the price that sets demand for 

these products equal to zero.  Since these prices are unobserved, they must be estimated using 

UPC-level demand or share equations.  Using post-introduction data, we first estimate a UPC-

level demand model for all products (old and new) in the category that are being considered.  

Using estimated parameters as well as mean prices for the existing products, we set the share or 

demand equations for new products equal to zero and solve for the reservation prices. 

As with many other applications in marketing and industrial organization, new product 

valuation is inherently dependent on the estimation of substitution patterns between similar 
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products within a category.  Thus, whether or not the conclusions of such applications are of any 

value crucially depends on the quality of the underlying demand specification (Nevo 2000b). 

 We use a novel approach to demand estimation that explicitly incorporates product 

differentiation.8  This framework is called the DM approach of Pinkse, Slade, and Brett (2002) 

and Pinkse and Slade (2004).  The DM approach highlights the fact that differentiated products 

compete along many dimensions.  While price remains the most obvious platform for 

competition, it is also quite obvious that the relative strength of competition in pricing is directly 

related to how similar products are in terms of real or perceived attributes.  For example, the 

degree to which consumers respond to a price increase for, say, a 64oz bottle of Mott’s apple 

juice depends not only on the number of other apple juice products in the category, but on how 

similar those products are along dimensions such as size, packaging, % juice content, and 

numerous other nutritional characteristics.  Furthermore, we should also expect demand 

substitution between products to be determined by their relative proximity within some 

multidimensional attribute space.  In other words, substitution patterns are spatially determined.  

Continuing with our example, if size is an important attribute for apple juice consumers then we 

should expect to see greater substitution between apple juice products that are a short distance 

from one another along that attribute dimension.  However, it may be that size is not as important 

a characteristic as, say, brand.  In that case, we would expect substitution patterns to reflect a 

much higher degree of brand, as opposed to size, loyalty.     

To construct share equations required for virtual price estimation, we utilize distance 

metrics within the framework of the popular Linear Approximate Almost Ideal Demand System 

                                                           
8 A full discussion of alternative demand models for differentiated product categories can be found in numerous 
published sources (e.g., Nevo, 2000; Pinkse & Slade, 2004, etc.) 
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(LA/AIDS) of Deaton and Muellbauer (1980).  Formally, let ),...,1( Ni ∈ be the index of brands, 

),...,1( Tt ∈  the time index, ),...,( 1 Nttt ppp = the vector of retail prices, ),...,( 1 Nttt qqq =  the 

vector of brand quantities demanded, and ∑=
i ititt qpX total expenditure in time t.  This 

information leads to the following share equations: 

(9)  
1

ln( ) ln( / )
N

it i ij jt i t t
j

w p X Pα γ β ∗

=

= + +∑  

where 
t

jtjt
it X

qp
w =  is the expenditure share for product i in time t, *ln tP is a log linear analogue 

of the Laspeyeres price index which is similar to Stone’s price index (Moschini 1995), and 

, ,i ijα γ and iβ  are parameters. 

The standard way to estimate (6) is to select (N-1) equations to which Seemingly 

Unrelated Regression (SUR) is applied.  However, due to the large number of parameters that 

would have to be estimated, this procedure is problematic when applied to large choice sets.  To 

reduce the number of model parameters, we replace all cross-price coefficients (ijγ ) in the model 

with a function of distance metrics.   Specifically, defining ijγ  in (6) as ( ; )ij kg d λ  gives:  

(10)  ln( ) ( ; ) ln( ) ln( / )
N

it i ii it ij ij jt i t t
j i

w p g d p X Pα γ λ β ∗

≠

= + + +∑                   

where ( )ijg ⋅ is a function of ijd , a vector of distance metrics, and λ  is a vector of parameters 

corresponding to each distance metric.  
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The function ( )g ⋅ is chosen by the researcher.  However, to allow for as much flexibility 

in substitution as possible, Pinkse, Slade, and Brett (2002) advocate the use of semi-parametric 

techniques such as series expansion methods (Li and Racine 2006).  For example, assuming we 

have only two continuously defined metrics, a power series expansion of ( )g ⋅  gives: 

(11)    1 2 1 2

0 0

( , ; ) ( ) ( )
R R

r s
rs

r s

g d d d dλ λ
= =

=∑∑    

where R, the degree of the power series expansion, is determined by the data.  In practice 

however, this procedure is complicated by the fact that some of the distance metrics are not 

continuous, but are 0-1 variables.  Pinkse and Slade (2004) recommend that this problem be 

addressed by dividing ( )g ⋅ into separate parts corresponding to each value of a compound 

discrete metric.  Thus, a more general version of (8) is: 

(12) 
*

( ; ) ( ) ( )
D

D C
m

m

g d I d m g dλ = =∑  

where ( )I ⋅ is an indicator function that equals 1 when the expression in parentheses is true and 

zero otherwise, Dd  is a compound discrete measure taking 1,..., *m D= different values, and 

Cd is a vector of continuous metrics. 

 Substituting (9) into (7) gives us our final share expressions for each product under 

consideration.  After estimating this system of equations we use average values of each variable 

along with the estimated model parameters to solve for the prices that set the new product shares 

equal to zero.9   

                                                           
9 Uncompensated elasticities can be calculated just as with the original LA/AIDS model, but with the function of 
distance metrics used in place of the cross-price coefficients (Green and Alston 1990).  This substitution creates the 
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In addition to virtual price estimates, we need to allow for the possibility that new 

product introductions affect the prices of other products as well (Hausman 1994; Hausman and 

Leonard 2002).  One way to achieve this is to create a structural pricing model using parameter 

estimates from our post-introduction demand model.  However, this approach requires additional 

assumptions regarding strategic interactions and equilibrium conditions that could be 

problematic (Hausman & Leonard 2002).  Instead, we directly estimate the relationship between 

pre-existing product prices and new product introductions while controlling for other factors (e.g. 

cost changes) that might cause retail prices to shift.  The exact specification we use for this task 

is given in the empirical model section below.  

In our empirical example, we construct and estimate the new product valuation model for 

two notably different market segments – one that is characterized by high income consumers and 

another that is characterized by low income consumers.  Identification of these different markets 

is discussed below. 

 

IV. An Empirical Example 

The Data 

 To conduct our study we use publicly available data from the Kilts Center for Marketing, 

University of Chicago.  Specifically, we use data from the shelf-stable bottled juice category.  

Our application includes the top 44 juice products, as determined by revenue shares.  These 44 

                                                                                                                                                                                           

expression ( )( ; ) ,ij ij i j ig d w wε δ λ β= − + −  where ijδ  is Kronecker’s delta which equals 1 when i=j  and zero 

otherwise.  Elasticities are not essential to the completion of our objectives.  However, they are estimated and 
partially reported as a check on whether or not the model produces reasonable results. 
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products represent roughly 80% of dollars sales within the juice category.  Of these products, 41 

are present for the duration of the time period, whereas the remaining three are introduced almost 

midway through the series.  The three new products are as follows: Minute Maid Apple, 

Gatorade Watermelon, and Gatorade Raspberry.  All three products were introduced at the same 

time in our data.  The data include weekly store level transaction prices, quantities, percent 

markups, and discount information for over 100 stores operated by Dominick’s Finer Foods.10  

Although it would be useful to have data for more than one chain, Slade (1995) showed that most 

food retailers behave as local monopolies.  Thus, it is likely that inclusion of other chains in our 

study would have little effect on our estimation of substitution patterns (Sudhir 2001; 

Chintagunta, Dube, and Singh 2003). 

 Along with standard marketing mix information, our data includes zip codes for every 

store in the market.  Linking the zip codes with U.S. census data we are able to segment the 

stores into ones that are located in high income neighborhoods and those that are located in low-

income neighborhoods.  For this study we define “high” and “low” income neighborhoods as 

those where average household income is greater than $100 thousand and less than $50 

thousand, respectively.   Table 1 provides a breakdown of the number of stores within each zip 

code as well as some characteristics of the population served.         

Our exercise uses 50 weeks of pre-introduction data and 65 weeks of post-introduction 

data for a total of 115 weeks from August 1994 to November 1996.11   In addition to prices and 

weekly unit sales, nutritional information regarding sugar, carbohydrates, juice, vitamin C, and 

                                                           
10 During the time-frame covered by the data, Dominick’s was the number two retail chain in the greater Chicago 
area. 
11 Note that all estimation procedures are based on the 65 weeks of post-introduction data.  The pre-introduction data 
is only used to obtain average prices of the pre-introduction products. 
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sodium content was obtained for each product included in the analysis.  This information is 

readily available on the nutritional labels of each product and was retrieved from in-store-visits 

or manufacturer websites.  For a summary of information used in this analysis see tables 1 and 2 

below. 

To create an empirical specification of (7), we begin by forming both continuous and 

discrete attribute distance metrics.  Our continuous distance metrics are defined as follows: 

(13)  ( )
1

2
1 2C

ij ik jk
k

d z z
−

 
= + − 
 

∑ , 

Where the z’s are continuously defined product attributes (e.g., sugar, calories, etc.) and 

( )2

ik jk
k

z z−∑ is the Euclidian distance between the values of z for two distinct products.  To 

account for within brand or within flavor competition, we use two discrete distance metrics 

expressed as: 

(14)  

1,   if products  and share the same qualitative status

     or level for attribute D

0,  otherwise                                                                  

D
ij

i j 

d


= 



. 

Combining these two notions of attribute distance, we create a distance metric function that is 

used to replace all cross-price parameters in (7).  After experimenting with numerous functional 

form possibilities we settle on the following:12 

(15)  
*

2
0, 1, 2,( ; ) ( )( ( ) )

D
D C C

ij m m ij m ij
m

g d I d m d dλ λ λ λ= = + +∑  

                                                           
12 In preliminary model runs we found that DM functions using 3rd and 4th order series expansions had only minor 
effects on estimation outcomes. 
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where C
ijd  is a continuous metric in sugar, juice, and discount frequency space, the sλ are 

parameters to be estimated, ( )I ⋅ is an indicator function that equals 1 when the expression in 

parentheses is true and zero otherwise, Dd  is a compound discrete measure representing four 

possible scenarios; same flavor/same brand, same flavor/different brand, different flavor/same 

brand, and different flavor/different brand. 

Demand System Estimation 

We take an instrumental variables approach to estimate our system of 43 share equations.  

For our instruments, we take advantage of a rare feature of our data – the availability of 

wholesale price information.  Each wholesale price is assumed to be exogenous and is used as an 

instrumental variable.  In addition, we use producer price index data for high fructose corn syrup,  

refined sugar, plastic bottles, frozen juices and ades, commercial energy, and gas, so that our 

system is overidentified.13 

Our choice of instruments is reasonable for several reasons.  First, we find a high level of 

correlation between our set of instruments and retail prices.  Second, given that Dominick’s 

accounts for only 20% of Chicago grocery sales, it is reasonable to assume that unobserved 

marketing activities (e.g. in-store promotions, shelf placement, ect.) of this single chain are 

unlikely to have a large impact on wholesale prices.  This argument is further supported by 

regulations such as the Robinson-Patman Act that constrain fluctuations in wholesale prices to 

market-level as opposed to individual chain-level phenomena (Chintagunta 2002; Chintagunta, 

Dubé, and Singh 2003).  Moreover, our use of wholesale price instruments is consistent with 

                                                           
13 In addition to price endogeneity, we find that several of our original share equations suffer from serial correlation.  
Thus, to reduce bias in the standard errors of our estimates we add an AR(1) term to each equation. 
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other published studies that use the Dominick’s database (Chintagunta 2002; Chintagunta, Dubé, 

and Singh 2003; Sriram, and Kalwani 2007).  Furthermore, we conduct a Hausman test of the 

hypothesis that the parameter estimates from standard SUR estimation are statistically equivalent 

with those obtained via three stage least squares.  We do this twice – once when applying our 

demand model to stores that cater to higher income households and a second time when applying 

our model to stores that cater to lower income households.  In both cases, we easily reject this 

hypothesis with test statistic of 82,707 and 5,257,253 respectively.   

Rival Price Changes 

To account for the fact that prices of rival products also may change as a result of new 

product introductions, we must infer these potential price changes.  One approach is to directly 

estimate the effects of new product introductions on rival prices while controlling for other 

potential price shifters.  An example of this approach can be found in Pofahl and Richards (2009) 

who use the following price equations: 

(16) 1 2 3ln ln 1 2 3 ,t t t t t t tp v qtr qtr qtr NPδ φ θ θ θ ζ ε= + + + + + +  

where ln tp is the log price in week t, δ are product specific constant terms, andtε  are mean-zero 

error terms.  To capture the effects of possible cost fluctuations on retail prices three quarterly 

indicator variables are included as well as a vector of supply-side input cost indexes,tv .  The 

variable tNP is a “post-introduction” indicator variable that equals 1 for weeks in which the new 

products are in existence and zero otherwise.  Given our accounting of potential changes in cost 

conditions, the parameterζ captures the direct effect of new product introductions on prices of 

existing products.  Other studies use a similar approach (Hausman and Leonard 2002; Besanko, 
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Dubé, and Gupta 2005).  Percentage changes to pre-existing prices resulting from new product 

introductions are then generated with the expression(exp( ) 1)ζ − .  

 

V. Results 

Demand Parameter Estimates 

Due to the large number of products considered in our analysis we provide only a basic 

discussion of regression diagnostics in text.14  As indicated in Table 3, our demand model 

explained roughly 70% of the variation in product shares on average over 43 equations and two 

retail zones.  Though not reported here, the distance metric parameter estimates are reflective of 

intuitive substitution patterns which are subsequently seen in corresponding cross-price 

elasticities.  In other words, the parameter estimates reflect the fact that stronger cross-price 

competition exists between products that are similar to one another (e.g., share the same flavor).  

For a full discussion of distance metric parameters, readers are referred to Pofahl and Richards 

(2009). 

 Although demand elasticities are not essential for the completion of our objective, we 

briefly report the own-price estimates in Table 4.  Demand for every bottled juice product in our 

study is highly elastic.  This is to be expected given the large number of closely related 

substitutes within the category.  We can also see that most of the own-price elasticities are larger 

in absolute value for the low-income stores, indicating the higher degree of price sensitivity one 

would expect to observe amongst low income populations.   Based on these estimates alone, we 

                                                           
14 A full set of results can be provided upon request 
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can expect the welfare effects of new product introductions to have a larger impact on low 

income consumers to the extent that a new product results in category price fluctuations.   

 Using estimated demand parameters we are able to solve for the virtual prices that set 

demand for the new products equal to zero.   In table 5 we see that the virtual price estimate for 

Minute Maid Apple juice is $0.059 and $0.061 for low and high income populations, 

respectively.  This means that for high income consumers, the price of this product would have 

to increase roughly 17% before demand fell to zero.  For low income consumers the price a price 

increase of 15% would have the same effect.  Using equation (16) and data from each consumer 

zone we estimate the direct price effects associated the new product introductions.  We find that 

22 of the 44 products experience statistically significant price changes due to the introduction of 

new products.  Some of these price changes are positive (e.g., Ocean Spray Cranberry [2.75%, 

3.48%], and Dominick’s Cranberry [4.58%, 4.40%]) but most are negative (e.g., Indian Summer 

Apple [-6.20%, -6.12%]). 

 Finally, table 6 contains estimated welfare effects associated with the three new product 

introductions.  Overall, all welfare estimates are statistically significant.  Price effects are 

positive for both high and low-income consumers: $213 and $1,122 respectively.  On the other 

hand, the variety effect is negative for both groups: -$616 and -$177 respectively.  The pattern of 

these results seem quite reasonable from a logical standpoint: they suggest that low income 

shoppers experience a greater welfare increase due to additional price competition than their high 

income counterparts.  This makes perfect sense.  For both groups we see that the addition of 

three new products has a negative effect on welfare, i.e., the additional variety is not appreciated 

by high or low income consumers.  This could reflect the fact that the bottled juice category is 
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already highly saturated with a large variety of products.  One of the new products introduced is 

another apple juice product – there were already 7 apple juice alternatives on the shelf before this 

new variety arrived.  Perhaps the most interesting feature of the negative variety effect is that it is 

more pronounced with high income consumers.  It is not difficult to image why higher income 

households might be more frustrated with redundant new product additions.  They are likely to 

be more pressed for time due to longer work hours.  Also, given their higher earnings potential, it 

makes sense that they would be more aware of the concept “time is money,” which could be 

reflected in an unwillingness to sort through large sets of choice alternatives.   

 

VI.  Conclusions 

In this study, we evaluate the welfare effects of new product introductions to notably different 

cohorts of the population.  Using an application involving the introduction of three shelf-stable 

bottled juice products, we find that consumer shopping at stores in low-income neighborhoods 

do in fact experience different welfare effects than consumers who shop at stores in high-income 

neighborhoods.  While these results alone are interesting, they also provide an important 

justification for studying such welfare effects even further.  Extensions of this research will 

consider the welfare effects of new product introductions to retailers as well.  Furthermore, we 

intend to identify and evaluate new product introductions in categories characterized by 

innovative health claims.  Understanding how different segments of the population respond to 

such claims through their purchase behavior could play a substantial role in shaping retail 

management decisions as well as the development of food assistance programs.   
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Table 1.  Zip Codes, Select Demographics, and the Number of Dominick's Stores within Each Price Zone 

Zip Median Family % of Households Store Price
Code Population Income Below Poverty Numbers Zone
60093 19,528 162,607 1.3 1 1
60305 11,635 122,155 2.5 1 1
60521 37,496 114,584 3 1 1
60015 27,224 113,663 1.5 1 1
60558 12,539 108,867 0.7 1 1
60047 38,168 107,105 2 1 1
60062 40,392 106,020 1.3 1 1
60540 42,065 100,789 1.5 2 1
60160 23,034 47,200 8.5 1 2
60153 26,863 47,135 11.1 1 2
60409 39,065 46,071 9.7 1 2
60629 113,984 44,965 12.1 1 2
60618 98,147 44,566 11.7 2 2
60625 91,351 43,729 13.5 1 2

60620 85,771 41,449 16.3 1 2
60632 87,577 40,935 13.1 1 2
60660 47,726 40,863 14.8 1 2
60617 96,288 39,604 17.3 1 2
60640 74,030 37,766 20.3 1 2
60649 54,823 31,228 23.3 1 2

Source: U.S. Census Bureau, Summary File 1 (SF 1) and Summary File 3 (SF 3), 2000  
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Table 2.Bottled Juice Products, Expenditure Shares, and Attribute Information  

    Revenue Sugar (g.) Percent Discount 

# Product Name Share per 8 oz. Juice Frequency 

1 Dominick’s Apple Juice 8.15% 28 100 24.81% 

2 Ocean Spray Cranberry Juice Cocktail 7.19% 33 27 9.52% 

3 Mott’s Regular Apple Juice 6.85% 28 100 7.75% 

4 Gatorade Lemon-Lime 3.89% 14 0 8.70% 

5 Welch’s White Grape 2.94% 37 100 37.06% 

6 Ocean Spray Ruby Red 2.67% 30 30 15.14% 

7 Dominick’s Cranberry Juice 2.50% 35 100 17.52% 

8 Musselman Apple Juice 2.45% 26 100 17.67% 

9 Ocean Spray Cranapple Drink 2.39% 35 15 11.72% 

10 Ocean Spray Cranraspberry Drink 2.37% 30 15 11.71% 

11 Gatorade Orange 2.22% 14 0 9.21% 

12 Hawaiian Punch 2.12% 28 5 10.99% 

13 Gatorade Fruit Punch 1.96% 14 0 9.12% 

14 Indian Summer Apple Juice 1.90% 25 100 27.65% 

15 Gatorade Lemon-Ice Punch 1.86% 14 0 8.92% 

16 Welch’s Regular Grape 1.81% 40 100 34.55% 

17 Mott’s Natural Apple Juice 1.61% 27 100 7.15% 

18 Ocean Spray Ruby Red & Tangerine 1.60% 31 20 14.00% 

19 Treetop Apple Juice 1.58% 26 100 17.99% 

20 Gatorade Tropical Burst 1.39% 14 0 8.43% 

21 Ocean Spray Low Calorie Cranberry 1.39% 10 27 16.15% 

22 Gatorade Lemon 1.36% 14 0 8.66% 

23 HI-C Fruit Punch 1.10% 29 5 21.51% 

24 Minute Maid Apple Juice 1.06% 26 100 15.99% 

25 Ocean Spray Grapefruit Juice 1.05% 21 100 13.25% 
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26 Ocean Spray Crancherry Drink 0.99% 32 15 12.17% 

27 HI-C Orange 0.99% 31 5 21.06% 

28 Gatorade Watermelon 0.98% 14 0 9.41% 

29 Dominick’s Ruby Red Grapefruit 0.95% 35 30 22.39% 

30 Gatorade Cool Blue Raspberry 0.91% 14 0 7.65% 

31 Ocean Spray Crangrape Drink 0.90% 35 15 9.13% 

32 Gatorade Grape 0.85% 14 0 9.17% 

33 Ocean Spray Cranraspberry Light 0.84% 10 20 16.38% 

34 Dominick’s Cranraspberry Drink 0.83% 35 100 19.93% 

35 Libby Punch 0.78% 26 100 29.97% 

36 Dominick’s Cranapple Drink 0.76% 40 27 21.10% 

37 Ocean Spray Pink Grapefruit 0.75% 25 100 13.69% 

38 Dominick’s Reg. Grapefruit  0.71% 24 100 26.55% 

39 Libby Berry 0.69% 26 100 29.71% 

40 HI-C Ecto Cooler 0.67% 31 5 20.10% 

41 Libby Cherry 0.59% 27 100 29.53% 

42 Libby Grape 0.57% 28 100 32.81% 

43 Ocean Spray Cranstrawberry 0.57% 30 15 10.13% 

44 Veryfine 100% Apple Juice 0.57% 32 100 12.00% 

 

Adjusted R2 Durbin-Watson Adjusted R2 Durbin-Watson
Average (over 43 equations) 0.70 2.42 0.68 2.42

Hausman Test

Table 3.  Demand System Estimation Diagnostics
--High Income-- --Low Income--

82707.66 5257253.19  
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Product Name Estimate t-statistic Estimate t-statistic
Dominick’s Apple Juice -3.84 -46.67 -3.89 -49.00
Ocean Spray Cranberry Juice Cocktail -3.62 -40.08 -3.48 -31.91
Mott’s Regular Apple Juice -4.64 -51.96 -5.55 -52.36
Gatorade Lemon-Lime -3.41 -23.79 -4.24 -30.49
Welch’s White Grape -3.46 -8.91 -5.61 -12.93
Ocean Spray Ruby Red -2.87 -25.40 -3.13 -23.68
Dominick’s Cranberry Juice -5.20 -28.91 -5.68 -36.53
Musselman Apple Juice -12.37 -45.73 -13.35 -33.14
Ocean Spray Cranapple Drink -3.46 -37.20 -3.71 -29.63
Ocean Spray Cranraspberry Drink -3.80 -33.70 -3.89 -32.41
Gatorade Orange -3.73 -43.98 -4.35 -40.14
Hawaiian Punch -4.74 -24.95 -5.10 -40.82
Gatorade Fruit Punch -3.19 -25.42 -4.64 -28.09
Indian Summer Apple Juice -14.23 -42.27 -14.68 -50.27
Gatorade Lemon-Ice Punch -4.34 -28.63 -5.69 -36.44
Welch’s Regular Grape -5.06 -10.28 -5.31 -11.61
Mott’s Natural Apple Juice -4.05 -35.69 -5.08 -34.30
Ocean Spray Ruby Red & Tangerine -5.40 -20.27 -5.35 -20.27
Treetop Apple Juice -6.57 -7.88 -8.41 -11.46
Gatorade Tropical Burst -6.84 -33.95 -7.27 -33.70
Ocean Spray Low Calorie Cranberry -3.49 -31.03 -3.70 -24.07
Gatorade Lemon -6.06 -17.98 -7.24 -18.84
HI-C Fruit Punch -7.65 -17.09 -6.47 -11.03
Minute Maid Apple Juice -6.68 -21.47 -8.23 -19.30
Ocean Spray Grapefruit Juice -4.86 -22.08 -5.15 -22.89
Ocean Spray Crancherry Drink -3.51 -11.61 -4.15 -14.46
HI-C Orange -7.33 -16.68 -9.89 -26.01
Gatorade Watermelon -4.56 -28.00 -5.68 -32.07
Dominick’s Ruby Red Grapefruit -3.87 -19.79 -4.58 -22.44
Gatorade Cool Blue Raspberry -4.28 -20.40 -5.31 -25.04
Ocean Spray Crangrape Drink -3.23 -18.19 -3.48 -22.82
Gatorade Grape -5.46 -22.69 -5.82 -13.43
Ocean Spray Cranraspberry Light -3.88 -27.52 -4.20 -15.55
Dominick’s Cranraspberry Drink -8.11 -26.73 -9.02 -30.92
Libby Punch -10.73 -17.52 -10.54 -14.44
Dominick’s Cranapple Drink -9.09 -29.26 -9.88 -39.98
Ocean Spray Pink Grapefruit -5.45 -13.61 -6.14 -15.62
Dominick’s Reg. Grapefruit -3.20 -15.58 -3.39 -13.75
Libby Berry -10.18 -19.47 -11.98 -18.63
HI-C Ecto Cooler -11.78 -21.61 -12.79 -21.56
Libby Cherry -12.64 -19.46 -11.27 -13.64
Libby Grape -13.20 -17.85 -12.69 -14.68
Ocean Spray Cranstrawberry -3.12 -15.52 -3.86 -18.41

Table 4. Own-price Demand Elasticities
--High Income-- --Low Income--
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Virtual Actual

New Product Price Price

Minute Maid Apple Juice $0.059 $0.050

Gatorade Watermelon $0.047 $0.038

Gatorade Cool Blue Raspberry $0.053 $0.041

Minute Maid Apple Juice $0.061 $0.050

Gatorade Watermelon $0.050 $0.038

Gatorade Cool Blue Raspberry $0.057 $0.041

Change S.E. Change S.E.

Ocean Spray Cranberry Juice Cocktail 2.75% 0.012 3.48% 0.013

Mott’s Regular Apple Juice -5.36% 0.024 -4.87% 0.024

Gatorade Lemon-Lime -2.16% 0.009 -1.92% 0.010

Dominick’s Cranberry Juice 4.58% 0.017 4.40% 0.016

Gatorade Orange -1.59% 0.010 - -

Indian Summer Apple Juice -6.20% 0.024 -6.12% 0.024

Gatorade Lemon-Ice Punch -2.38% 0.014 - -

Welch’s Regular Grape -2.54% 0.018 -2.65% 0.017

Treetop Apple Juice -3.82% 0.021 -3.47% 0.023

Gatorade Tropical Burst -3.52% 0.010 -3.50% 0.011

HI-C Fruit Punch 3.70% 0.015 3.78% 0.015

Ocean Spray Grapefruit Juice -1.73% 0.008 -1.57% 0.009

HI-C Orange 3.20% 0.016 3.99% 0.018

Gatorade Grape -2.21% 0.008 -2.11% 0.008

Dominick’s Cranraspberry Drink 3.82% 0.019 4.53% 0.020

Libby Punch - - 2.30% 0.016

Ocean Spray Pink Grapefruit -1.21% 0.009 - -

HI-C Ecto Cooler - - 4.27% 0.020

Libby Cherry 1.68% 0.016 2.05% 0.016

Libby Grape 2.17% 0.015 2.59% 0.016

Ocean Spray Cranstrawberry -1.79% 0.012 -1.81% 0.012

Veryfine 100% Apple Juice -2.76% 0.017 -3.31% 0.018

Actual Category Price Change

Change due to NPIs -1.61% -0.63%

High Income Low Income

-3.78% -4.40%

-24.44%

-28.15%

--Direct Price Effects--

High Income Low Income

-18.57%

-22.83%

--High Income Zone--

-17.12%

Table 5. Virtual Price and Direct Price Effect Estimates

% Difference

--Low Income Zone--

-14.59%
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Variety Effect -$616.95 (42.25) -$177.98 (10.39)

Price Effect $213.01 (14.44) $1,122.50 (66.44)

CV -$403.94 (27.82) $944.52 (56.07)

% of Category Sales -0.37% - 1.84% -

CV per 8oz. Serving -$0.0011 - $0.0055 -

Note: standard errors are in parentheses

High Income Low Income

Table 6. Welfare Effects of New Product Introductions
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FIGURE 1.   New Product Introductions in the U.S. Food Industry 
Source: 1990-2000 data – Harris (2002); 2001-2006 data – Mintel, GNPD 
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FIGURE 2.   New Food Product Introductions That Involve Health Related Claims 
Source: Mintel, GNPD 
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FIGURE 3. New Product Introductions with Health Related Claims for Specific Product Categories 
Source: Mintel, GNPD 
 

 


