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Abstract 
Consistent two-step censored estimation is applied to household demand equations for 
disaggregated milk and cheese products.  The long-run advertising elasticity for total milk was 
positive, largely due to low fat milk; however the elasticity for cheese was not significant, and only 
shredded cheese had a positive, significant response.  
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The Effect of Generic Dairy Advertising on the Household Demand for Milk and Cheese 
 
 

Since 1984, U.S. dairy producers have contributed $0.15 per hundredweight of milk sold 

to increase the demand for dairy products through generic advertising, promotion, and product 

research.  More recently (1995), fluid milk processors have joined the demand expansion 

advertising efforts by enacting processor assessments of $0.20 per hundredweight on fluid milk 

sales through the MilkPEP program.  Combined, these checkoff programs collect more than 

$300 million annually. 

Prior research on the impacts of generic dairy advertising and the net effect on producer 

returns is substantial.  However, nearly all of these studies focus on either national or state level 

evaluation and, accordingly, use aggregated national or state level data.  A micro-level analysis 

allows for potentially significant household heterogeneity and intertemporal linkages, and is 

more consistent with the theoretical foundations of demand theory.   

The objectives of this research are to estimate the demand for milk and cheese products 

using household panel data, incorporating generic advertising expenditures; and then use these 

results with a market simulation model to evaluate the effectiveness of the generic dairy 

advertising program in terms of consumer demand, prices, and net returns to producers.  This 

paper addresses the former of these objectives.  The unique household-level data allows for 

demand estimation by product type and provides information on the relative effectiveness of the 

generic advertising program for individual dairy products. 

We proceed with a brief description of the model, followed by a description of the data 

used in the empirical application.  Next, some preliminary estimation results are provided for 

both milk and cheese, and we close with a few summary conclusions and directions for future 

research.   
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The Model 

Given the weekly, household-level data used in this application, nonpurchase 

observations are expected, necessitating the use of a censored regression model.  Ordinary least 

squares estimation leads to biased parameter estimates since the residuals do not have mean zero 

(Greene, pp. 959-962).  Several methods of modeling censored data are common in the literature, 

but are largely variations or generalizations of the Tobit model (e.g. Gao et al., 1995; Wang et 

al., 1996), the double hurdle model (e.g. Yen and Su, 1995; Yen, 1994; Blisard and Blaylock, 

1993), and the two-step Heckman (1979) style model (e.g. Park et al., 1996; Nayga, Jr. 1996; 

Byrne et al. 1996; Nayga, Jr., 1998; Shonkwiler and Yen, 1999; and Su and Yen, 2000).  We 

adopt a two-step approach for this paper.  To begin, consider first the household demand model 

for an individual product i as: 
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where *
ity  and *

itz  are the unobserved (latent) variables for product i, observation t, corresponding 

to the observed dependent variables ity  (the continuous consumption variable) and itz (the binary 

response variable), respectively; Xit and Wit are vectors of exogenous variables relative to the 

consumption and response equations, respectively; i�  and i�  are conformable parameter vectors 

for product i, and uit and vit are random errors terms.  The exogenous variables are included in 

the model as a linear form, but in general they need not be. 

The log-likelihood function of (1) is computationally difficult, especially when the model 

is expanded to a censored system of equations for multiple products and allowing for 

contemporaneous correlation of the error terms across products.  The two-step estimation 

procedure serves to alleviate some of these computational difficulties. 



 3 

Step One:  Probit Estimation 

The two-step estimation procedure begins with estimating a probit model by Maximum 

Likelihood (ML). The probit model corresponds to a binary choice problem in which the 

objective is to estimate the probability of response.  The probit model for commodity i from (1) 

is: 
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The corresponding log likelihood function is: 

( )( ) ( )( ),ln1ln)3(
1

it
0

1 ∑∑
==

Φ+Φ−=
itit z

i
z

iitL �W�W  

where )(⋅φ and )(⋅Φ  are the standard normal density and cumulative distribution functions, 

respectively (Greene, p. 882).  The parameter estimates of i�  are used to compute the values of 

)(⋅φ and )(⋅Φ  at each observation.  These, in turn, are used to correct for selection bias in the 

second stage. 

Step Two:  Consumption Equation 

In the original single-product Heckman (1979) formulation, the second stage of 

estimation used only the positive purchase observations to correct for selection bias.  However, 

in more recent applications of multiple equation systems, the convenience of dropping zero 

observations is not possible since each dependent variable may have a different pattern of 

censoring.  Heien and Wessells (1990) redefined the model using all observations in the second 

stage (hereinafter referred to as HW).  The HW second stage regression equation for product i 

can be written as: 
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The second component on the right hand side is the bias correction factor.  The probit estimation 

provides estimates of �� allowing for computation of the Inverse Mills Ratio, itλ .  If we assume 

the var(uit)=
2
uiσ  and the corr(uit, vit)= iρ , we can estimate consistent estimates of i�  

and uiii σρβλ =  by ML or least squares (Greene, p. 975).1  Using Seemingly Unrelated 

Regression (SUR) or ML, we can estimate a system model for the second stage if it is assumed 

that the consumption errors are contemporaneously correlated. 

While a convenient feature of the HW procedure is that the correction factor does not 

interact with the conditional mean, Shonkwiler and Yen (1999) have purported an “internal 

inconsistency” in this approach.  As they have shown, given the model from (4) the HW 

unconditional expectation of yit is: 

( )iiiitityE �W�XWX ititit 2),|()5( φβλ+= . 

Evaluating (5) as −∞→i�Wit , results in the unconditional expectation of yit equal to i�X it , but 

the original model in (1) would suggest that as −∞→i�Wit , 0→ity , as one would expect 

(Shonkwiler and Yen, 1999).  Shonkwiler and Yen (1999) alleviate this inconsistency by 

redefining the second stage regression (hereinafter denoted by SY).  Specifically, given that the 

value of conditional mean expression for nonpurchase observations is zero, they show that the 

unconditional expression is actually: 

( )[ ] ( )iuiiiiityE �W�X�WWX ititititit )),|()6( φσρ+Φ= , 

                                                
1 It can be shown that the second stage error distribution is: ))(1(,0(~ 22

ivitiiuit Ne αδρσ − , where 

�Wit−=ivα and [ ]ivivitivitivit ααλαλαδ −= )()()(  (Green, p.975). 
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and thus, the second stage regression equation for product i can be written as: 

[ ] itiipdfiiitit ey ++Φ= )()()7( it,it �W�X�W φβ . 

In this approach, the selection bias correction is composed of the interaction of the 

distribution function computed from the first stage estimates with the conditional mean, as well 

as the linear addition of the density variable.2 

We can derive expressions for the marginal effects and elasticities from (6).  The 

resulting effects depend not only on the estimated results in the second stage, but also on the 

estimation results of the first stage, and the estimated density and distribution values computed 

from the first stage results.  The marginal effect of a change in a variable common to both Xi and 

Wi, say xk can be expressed as (Su and Yen, 2000): 
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Correction of Second Stage Covariance Matrix 

 Since the error term of the second stage regression is heteroskedastic and the 

specification uses estimated values of the true first-stage parameters, the usual calculation of the 

covariance matrix of β̂  is incorrect (Su and Yen, 2000).  Denoting the log-likelihood of the 

probit equation as )(1 �L , and the log-likelihood of the second stage equation as )ˆ(2 �,�L , we 

apply the Murphy and Topel (1985) correction procedure to derive the consistent asymptotic 

covariance matrix of β̂ , say *
2V , as (Greene, p. 142): 

                                                
2 Here, the error has variance equal to: 

).1()),cov()var(),cov()(var()var()var( 22*1***
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The matrices C and R are calculated by numerical approximation of the derivative functions. 

The Two-Step Procedure and Panel Data 

Applying the two-step estimation procedure to panel data raises some difficult 

computational questions.  First, given the longitudinal nature of the household data, it is possible 

that the individual household data will be serially correlated.  However, accounting for this 

correlation may be computationally prohibitive in the two-step model.  Specifically, allowing for 

correlation among the binary responses within a household becomes computationally intractable 

as the time series increases, since one needs to define the joint distribution and solve a T-fold 

integral (Butler and Moffitt, 1982).  While alternative procedures have been developed to 

address these computational questions for the probit model (e.g. Liang and Zeger, 1986; Butler 

and Moffitt, 1982; and Avery et al., 1983), these procedures have not been applied as part of a 

two-step censored estimation model, and theoretically based bias correction procedures have not 

been proposed in the literature.  These are beyond the scope of this paper. 

We also assume a constant variance structure for the level consumption equation.  

Relaxing the assumption results in complicated expressions of the residuals for the bias corrected 

second stage equations and will be explored in future enhancements of the model.  In any event, 

failing to account for the potentially correlated structure still produces consistent, albeit 

asymptotically inefficient, parameter estimates; but if the correlation is low, the inefficiency 

should be small. 
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The Data 

 Weekly household purchase data and annual household demographic data from the 

ACNielsen Homescan Panel sample of U.S. households were used to track household milk and 

cheese purchases from January 1996 through September 1999.  Weekly data on national fluid 

milk and cheese advertising expenditures was merged into the household file; thus, advertising 

varies across time but not across households. 

The number of households included in the ACNielsen milk (cheese) purchase data 

averaged 32,078 (32,105) over the four-year sample period.  In order to track household 

purchase decisions over the entire sample period, only those households that were included in the 

purchase record files for each year were retained.  This continuous sample reduced the number of 

households to 23,008 (23,016).  Finally, we removed those households that purchased milk 

(cheese), on average, less than once every two months.  Intuitively, this elimination was to retain 

only those households that were “potential customers.”  The final household count for the milk 

(cheese) data file was 22,386 (20,927).  Complete data files, incorporating all information, still 

resulted in files with an excess of 4 million observations, which were over one gigabyte in size.  

Consequently, sampling was necessary.  For both the milk and cheese data files, 10% random 

samples were drawn for model estimation. 

Average consumption, price, and coupon use statistics by product type are given in Table 

1.  Total home milk consumption, averaged 16 gallons per capita (gpc).  This is below the 

national average for beverage milk consumption (excluding buttermilk), which for 1997 was 24 

gpc (USDA, 1999).  However, the household data does not contain any consumption outside of 

the home, which would be accounted for by the USDA estimate based on disappearance data.  



 8 

The purchase frequency for all milk was 58%, or slightly more than once every other week.  

Milk was disaggregated into whole, low fat, and skim milk products. 

Average home cheese consumption was approximately 10 pounds per capita (ppc).  

Again, this is below the USDA estimate of aggregate cheese consumption, which for 1997 was 

28 ppc.  However, the USDA estimate accounts for all cheese consumption, both within and 

outside the home; and commercially manufactured and prepared foods, including foodservice, 

account for two-thirds of total cheese consumption (USDA, 1999).  Since generic cheese 

advertising is aimed at home consumption of cheese, our household-level data is more 

appropriate for this analysis.  Cheese was disaggregated into shredded, American, processed, and 

other cheese categories.3  The purchase frequency for all cheese products was 33%, considerably 

lower than its fluid milk counterpart.   

Net prices were calculated as total gross weekly expenditures less any coupon value 

redeemed, divided by the quantity purchased.4  For those weeks in which households did not 

purchase, no price data is available and the average price paid by the household from their 

purchase occasions was used.  Coupon use proportions show little use for milk, but considerably 

higher for cheese and reflects either store or manufacturer coupons. 

Annual average household demographic statistics are included in Table 2 for both the 

milk and cheese data files.  For most categories, the results are very similar; however, on average 

the households in the cheese sample tended to have slightly larger household sizes and income, 

and a lower proportion of minorities.  Household size was, on average, around 2.5 members per 

household.  These households were predominantly adult households; i.e. only 14% of the 

households had children less than 18 years of age, and most household heads were over 30.  

                                                
3 The other cheese category contains numerous varieties including mozzarella, ricotta, muenster, brick, and farmers. 
4  Milk (Cheese) expenditures are converted to constant 1996 dollars using the U.S. CPI for nonalcoholic beverages 
(U.S. CPI for fats and oils). 
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Average household income seems somewhat low at $29,000.5  Approximately one-quarter of the 

households have a four-year college education and nearly one-half contain “working moms”.6  

Decomposition by race shows that roughly 80% of the households are white, 12% Black, 1% 

Asian, and 8% Spanish. 

Estimation Results 

Following the general structure of equation (1) and using the SY second stage 

specification, milk demand equations were estimated for aggregate milk and cheese, as well as 

their individual product categories.  A constant iid variance assumption was maintained for all 

models.  For both milk and cheese, individual product two-step estimation is completed, rather 

than treating the individual product categories as a system.  This is done for two reasons.  First, 

given that most households purchase one type of milk (and to a lesser degree cheese), the 

contemporaneous correlation of the residuals is expected to be small (although this is a testable 

hypothesis).  Second, and more importantly, is a simple data issue.  Given the nonpurchase price 

assumption, price data for all product types will exist only if that particular household purchases 

all product types at least once over the sample period.  That is, for households that purchase only, 

say, one or two individual products, no average price data can be computed for the other 

products resulting in missing observations which are unusable in the system estimation.  More 

information is hypothesized to be garnered from the univariate two-step estimation with 

                                                
5 Household income is converted to current 1996 dollars by the U.S. CPI for all items. 
6 The working mom binary variable is equal to one if the following holds (else zero):“The female household head 
works at least 30 hours outside of the home, or, if there is no female household head, then the male household head 
works at least 30 hours per week.” 
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significantly more households, than from the system estimation accounting for potential 

contemporaneous correlations across products, but with substantially fewer households.7 

The advertising effect on national advertising expenditures is modeled as a polynomial 

distributed lag (PDL), with end point restrictions equal to zero for all models (Liu et al., 1990; 

Suzuki et al., 1994; Kaiser, 1997).  This structure requires the estimation of only one parameter 

and represents the quadratic PDL parameter on the lag-weighted advertising variable.  In general 

notation, the PDL structure with end point restrictions can be written as: 

,0

:tosubject

)11(

11

2
210

0

==
++=

++=

+−

=
−∑

L

i

L

i
titit

ii

eADVy

ββ
λλλβ

βα

 

where L is the total lag length and all other variables are suppressed into α , for notational 
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Results:  Fluid Milk 

Maximum likelihood first-stage probit estimates by milk type are displayed in Table 3.  

Generic advertising is included as a 39-week (or 9-month) PDL, with end point restrictions.  The 

weekly lag lengths considered (equivalent to 6, 9, and 12 months) were evaluated based on 

similar lag lengths in previous generic advertising studies for dairy products (e.g. Kaiser, 1997; 

                                                
7 For instance, in a system-type model, including households that bought all milk (cheese) products at least once 
reduces the number of sample households by 53% (36%). Increasing the criterion to “at least twice” reduces the 
number of sample households by 70% (40%), a considerable loss of information. 
8 If desired, the individual lag advertising parameters can be recovered from the estimated value of 

2λ ; i.e. 

))1L(L( 2
2 +−−= iii λβ .  Also since .)()(signthe,0))1L(L( 2

2 isigniii i ∀−=∀<+−− λβ  
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Lenz et al., 1998).  The final lag selection was based on overall goodness of fit.  The advertising 

parameter estimated (Table 3) represents the quadratic PDL parameter as discussed above. 

While our ultimate interest is with respect to the demand elasticities, it is worthwhile to 

investigate the first stage probit estimation results by product type.  Price is inversely related to 

the probability of purchase, with the largest parameter estimate (in absolute value) for the low fat 

milk category.  While coupon effects were large and positive, they were not significantly 

different from zero in any equation.  Income effects had a very small influence on the frequency 

of milk purchases, and were only significant in the low fat (positive) and skim milk (negative) 

categories. 

College educated households have lower purchase probabilities, while household size 

increases the frequency of purchase.  The proportion of children in the household effects 

purchase frequencies differently by product type, but overall a direct effect exists for teenagers 

and children under five.  Purchase frequencies also appear directly related to the age of the 

household head and is consistent across product types.  Overall, working mothers reduce weekly 

purchase probabilities, but results varied in sign by product type.  In general, whites purchase 

milk more frequently than the minority classes, while household location effects varied across 

milk classes. 

The negative coefficient on the PDL advertising variable indicates advertising positively 

affects the frequency of milk purchases for all fluid milk products.9  However, even though these 

estimates are significant, given the units for national advertising are in billions of dollars, the 

actual impact on purchase frequency appears negligible. 

The second stage maximum likelihood estimation results for milk, including corrected 

standard errors, are presented in Table 4 merely for completeness.  Given the complex 
                                                
9 Recall that the PDL derivation results in a lag-weighted advertising variable that is negative. 
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relationship of the unconditional mean, effects of the explanatory variables are not immediately 

obvious from the parameter estimates in the second stage.  The overall effects of the various 

exogenous variables can be seen from the elasticities (continuous variables) and average effects 

(binary variables) in Table 5.10 

Price elasticities were negative and inelastic for all categories with the exception of low 

fat milk, where the elasticity was in excess of 1.5.  Given the disaggregated nature of the data, 

we expect larger elasticities than those estimated with more aggregate models.  Income 

elasticities are quite small, and not significantly different from zero in the total or skim milk 

models.  Household composition effects vary by product type, however all are quite inelastic.  In 

the aggregate milk category, increases in the household proportion of children under five or 

between twelve and seventeen increases household milk consumption, but the total elasticity of 

these groups combined is only 0.034.  These relations differ by product type, as one would 

expect. 

Coupon effects are positive, but none are significantly different from zero.  Education has 

a negative overall influence on milk consumption, but varies by product.  Household age effects 

vary considerably by product, but it appears overall that households headed by persons under 

thirty drink less milk than their older aged counterparts.  Race has little or no significant effect 

on whole or skim milk; however black and Asian households tend to consume less milk for the 

overall and low fat categories.  Seasonality influences indicate higher milk consumption in the 

fourth quarter, as would be expected during the holiday season. 

                                                
10 The average effects of the binary variables were calculated by holding all other variables other then the specific 
binary variables of interest at the sample mean, triggering the appropriate binary variables to one and zero, and 
calculating the differential effect.  Standard errors of the average effects and elasticities were based on a numerical 
approximation of the delta method (Greene, p.278), assuming the covariance between the first and second stage 
parameters is zero.  Significance of the average effects was based on the significance of their “elasticities” as if they 
were treated as continuous variables (Su and Yen, 2000). 
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Long-run advertising elasticities are also included in Table 5.  The overall long-run milk 

advertising elasticity is 0.25 based on a 39-week lag structure.  In all product equations the effect 

is significant.  It appears that the overall positive advertising elasticity is largely the result of 

gains from the low fat category, where the advertising elasticity is 0.71.  This relatively large 

elasticity appears offset by lower positive returns in the whole milk market (0.08) and a negative 

elasticity for skim milk (-0.31).  These results indicate that the generic advertising program, not 

targeting any particular product, was most effective in increasing demand for low fat milk, than 

for other product types.  However, it does not indicate that separate advertising campaigns by 

product type would reveal these same responses.  The relatively large differences in elasticities 

do, however, provide some evidence that a differentiated campaign may be more beneficial than 

the current marketing plan.  Only an ex-post analysis of such data can address that question.11  

Results:  Cheese 

Maximum likelihood first-stage probit estimates by cheese type are displayed in Table 6.  

Generic advertising is included as a 9-month (or 39-week) PDL with end point restrictions, the 

same as in the milk models.  Price is inversely related to the probability of purchase for all 

individual cheese categories and significant in all but the American cheese class.  However, the 

all cheese price elasticity was positive, but not significantly different from zero.  This peculiar 

result can potentially be explained by the fact that different households exist between the 

aggregate and individual estimation files as discussed earlier.  Households that purchase 

American cheese, but never shredded, for example, will be included in the all cheese and 

                                                
11 The all milk elasticity is considerably higher than the 0.021 estimated by Kaiser (1997) using aggregate data.  
However, this estimate is based on national quarterly data from 1984-1995.  In addition to the elasticity reported in 
Table 5, a long run advertising elasticity conditional on positive purchases was substantially lower (0.09) and 
appears more in line with aggregate results, but their ultimate comparability is still questionable.  What will 
ultimately be of importance is what these household demand estimation results, incorporated into the market level 
simulation, imply regarding net returns of advertising to producers. 
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American data files for estimation, but not in the shredded file.  In addition, the nature of the “all 

cheese” category is less than satisfying given its component classes.  That is, shredded cheese, a 

highly value-added product, is very different from processed or American cheeses, but the 

quantities and prices are treated equivalently when developing the aggregate file.  As such, the 

usefulness and interpretation of the aggregate all cheese elasticities may be questionable. 

Coupon effects did not significantly influence cheese purchase frequencies, while income 

effects were positive but very small.  College educated households had higher purchase 

frequencies for all cheese categories except for the processed cheese class, and household size 

consistently increases the frequency of purchase.  Increasing the household children proportions 

generally increases the frequency of purchase, especially for teenagers. 

Age of the household head affects the various cheese purchase probabilities differently; 

however, in most cases middle-aged households tend to purchase cheese more frequently.  

Working moms only significantly affect the other cheese purchase frequency, and the effect is 

negative.  Blacks and Asians tend to purchase cheese less frequently than whites; however, 

Spanish household frequencies are mixed across categories.  Household location has no 

consistent relationship across individual products. 

The PDL advertising parameter estimates are all very small and, only for the processed 

and shredded categories, are the estimates significant.  Thus, it appears that advertising has little 

or no effect on the frequency of cheese purchases, similar to what was exhibited for fluid milk. 

The second stage maximum likelihood results for cheese are presented in Table 7 and the 

elasticities and average effects follow in Table 8.  Price elasticities were consistently negative, 

with only the American category not significantly different from zero.  Surprisingly, the 

elasticities are considerably more inelastic relative to fluid milk, a seemingly counterintuitive 
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result.  However, given the nonpurchase price assumption and the relatively high nonpurchase 

frequency compared with fluid milk, this assumption likely has a larger dampening effect on the 

price elasticities.  Income elasticities were positive, but quite small for all cheese classes, with 

only the shredded and other cheese classes significant.  The peculiar negative sign on the all 

cheese category may be the result of the questionable combining of these very different 

categories as mentioned earlier; but, in any event, the parameter estimate is not significantly 

different from zero. 

Higher proportions of children in the household generally increase all classes of cheese 

consumption, especially for older children, but the elasticities are still quite small.  Again, the 

questionable all cheese category seems in conflict with the individual results, but overall it 

appears that the magnitude of the children effect on household consumption is low.  Therefore, 

even though higher children proportions increase the frequency of purchase (stage 1), the lower 

consumption per capita for children versus adults results in very little change in the overall 

amount consumed across households. 

Coupon effects are again not significant, while college educated households tend to 

purchase more of all cheese types except for processed cheeses, a conformingly intuitive result.  

Household age effects vary by product type, but it appears older households purchase less 

cheese, with the exception of American.  The race effects indicate that cheese purchases are 

consistently higher for white households.  Seasonality effects again point to an increase in cheese 

purchases around the holidays. 

Long-run advertising elasticities are considerably lower for cheese than for fluid milk.  

The overall cheese advertising elasticity is positive, but very small and not significantly different 

from zero.  Given the wide variety of cheeses in the aggregate category, it is not surprising that 
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no substantial overall advertising effect emerges.  The elasticities are relatively low across all 

product types and only for the high value-added shredded product is the effect significant 

(0.084).  The elasticity on American cheese was positive, but the processed and other cheese 

classes were negative; none were significant.  A more appropriate cheese classification may yield 

clearer effects of generic cheese advertising at the household level.12   

Conclusions 

 U.S. dairy producers and processors contribute more than $300 million annually to fund 

the national generic advertising programs for milk and cheese.  Producers, marketers, and 

legislators are all uniquely interested in whether generic advertising increases consumer demand 

for dairy products and whether this implies positive net returns to producers’ checkoff 

contributions.  In this study, we have focused on the demand component to this complex 

question.   

Most previous studies of generic advertising have utilized aggregate data, ignoring 

potential intertemporal linkages and household heterogeneity.  A unique household-level, weekly 

panel data set containing purchase data for fluid milk and cheese products for nearly four years 

and over 20,000 households was used in this analysis.  The disaggregated nature of the data also 

permitted demand estimation by several fluid milk and cheese categories, allowing for the 

estimation of the relative impacts of the generic milk and cheese advertising programs across 

these categories.  Consistent two-step censored regression demand models were estimated 

accounting for price, income, and advertising as determinants of the demand for milk and cheese 

products.  Additional demographic determinants such as race, education, household composition, 

and working status were also included. 

                                                
12 For comparison, Kaiser’s (1997) estimated long run cheese elasticity (0.016) was also lower than for fluid milk 
(0.021), indicating that cheese advertising may be less effective; but again, the time period and level of aggregation 
were quite different. 
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Elasticity results for milk products indicated that price, household size, working mother 

households, and advertising had the largest impacts on household milk consumption, while 

income and household composition effects were relatively small.  The long run household milk 

advertising elasticity was 0.25, considerably larger than aggregate model estimates in the 

literature, but still approximately one-third of the price elasticity.  The overall milk elasticity, 

was shown to be largely supported by response from the low fat milk class (0.71), and to a lesser 

degree whole milk (0.08), while skim milk exhibited a negative elasticity (-0.31). 

 Cheese classes included shredded, American, processed, and other cheeses.  Price and 

household size elasticities still had the largest effects; however, working mother status and 

advertising were less important.  The aggregate cheese elasticity displayed no significant 

response to generic cheese advertising, and only the shredded cheese elasticity (0.084) was 

significantly different from zero. 

 The results of this study provide a wealth of information on the relative effects of the 

demand for fluid milk and cheese products.  This information should be of interest to food 

marketers as well as industry personnel devising appropriate advertising strategies.  Future 

model enhancements will help determine the robustness of the results reported here.  

Incorporating temporal effects within households will be important if milk and cheese purchase 

behavior is correlated over time.  In addition, incorporating advertising effects on a more 

disaggregate nature, such as by market area, will be important to accurately track household 

demand response to the generic dairy advertising programs. 
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Table 1.  Average consumption, prices, and coupon use, by year.†   

  Year  
Variable  1996 1997 1998 1999*  

Consumption  

  Milk (gallons per capita)  
All Milk  15.5 16.5 16.2 11.6  
Whole Milk 3.0 3.2 3.2 2.2  
Low Fat Milk 9.0 9.4 9.0 6.6  
Skim Milk  3.4 3.9 4.0 2.8  

  Cheese (pounds per capita)  
All  9.4 10.0 9.9 6.7  
Shredded  1.3 1.5 1.5 1.1  
American  1.3 1.4 1.4 1.0  
Processed  3.5 3.8 3.9 2.5  
Other Cheese 3.2 3.3 3.1 2.1  

Net Prices Paid**  

  Milk ($/gallon)  
All Milk  2.15 2.09 2.16 2.25  
Whole Milk 2.35 2.26 2.43 2.56  
Low Fat Milk 2.08 2.04 2.12 2.19  
Skim Milk  2.21 2.13 2.17 2.26  

  Cheese ($/pound)  
All  2.35 2.33 2.33 2.41  
Shredded  2.71 2.69 2.67 2.72  
American  2.28 2.30 2.28 2.38  
Processed  2.13 2.07 2.07 2.05  
Other Cheese 2.50 2.50 2.56 2.71  

Proportion of Purchase Weeks where Coupon is Used  

  Milk  
All Milk  0.02 0.02 0.02 0.02  
Whole Milk 0.01 0.01 0.01 0.01  
Low Fat Milk 0.02 0.02 0.02 0.02  
Skim Milk  0.01 0.02 0.02 0.01  

  Cheese  
All  0.12 0.12 0.10 0.10  
Shredded  0.13 0.14 0.11 0.10  
American  0.07 0.09 0.07 0.06  
Processed  0.10 0.08 0.07 0.10  
Other Cheese 0.09 0.10 0.08 0.07  
†  Mean statistics weighted by household national projection factors included in the ACNielsen data. 

*  Through the first 39 weeks of 1999     
** Gross price less coupon value, constant 1996 dollars, milk price deflated by the U.S. CPI for 

   nonalcoholic beverages, cheese price deflated by U.S. CPI for fats and oils. 
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Table 2.  Average annual demographic and family statistics for milk and cheese data files, by year. 
             
  By Year and Data File 
             
  1996  1997  1998  1999* 

Variable  Milk Cheese  Milk Cheese  Milk Cheese  Milk Cheese 
             

Household Size 2.56 2.67  2.54 2.62  2.51 2.58  2.49 2.56 
Income, $000 ** 26.7 28.7  27.0 27.7  26.3 27.1  26.2 26.8 

             
"Mom" Works 0.47 0.47  0.48 0.46  0.49 0.47  0.49 0.46 
College Education 0.22 0.21  0.24 0.23  0.26 0.25  0.25 0.26 

             
Household Makeup:            
  Kids Under 5 0.03 0.03  0.03 0.04  0.03 0.03  0.03 0.03 
  Kids 6-12  0.06 0.06  0.05 0.06  0.05 0.06  0.05 0.06 
  Kids 13-17 0.05 0.05  0.06 0.04  0.05 0.05  0.05 0.05 
  18+  0.86 0.86  0.86 0.86  0.87 0.86  0.87 0.86 

             
Age of Household Head            
  Under 30  0.04 0.03  0.03 0.03  0.02 0.02  0.01 0.02 
  30 - 64  0.73 0.72  0.72 0.71  0.72 0.71  0.70 0.69 
  Over 65  0.23 0.25  0.25 0.26  0.26 0.27  0.29 0.29 

             
Race:             
  White  0.79 0.86  0.80 0.84  0.79 0.83  0.81 0.84 
  Black  0.12 0.09  0.11 0.10  0.12 0.11  0.11 0.10 
  Asian  0.01 0.00  0.01 0.00  0.01 0.00  0.01 0.00 
  Spanish  0.08 0.05  0.08 0.06  0.08 0.06  0.07 0.06 

             
Urbanization:            
  Urban  0.13 0.13  0.12 0.13  0.12 0.14  0.11 0.13 
  Metro   0.81 0.79  0.83 0.79  0.82 0.78  0.82 0.79 
  Rural  0.06 0.08  0.05 0.08  0.06 0.08  0.07 0.08 

             
Geographic Regions:            
  North East/Mid Atlantic 0.23 0.20  0.21 0.20  0.21 0.20  0.20 0.19 
  S. Atlantic/E.South Central 0.23 0.25  0.24 0.26  0.23 0.27  0.24 0.26 
  East & West North Central 0.24 0.22  0.22 0.22  0.22 0.22  0.22 0.23 
  West South Central 0.10 0.11  0.11 0.11  0.11 0.12  0.11 0.12 
  Mountain  0.05 0.08  0.05 0.08  0.05 0.07  0.06 0.07 
  Pacific  0.15 0.14  0.17 0.13  0.18 0.12  0.17 0.13 
†  Mean statistics weighted by household national projection factors included in the ACNielsen data. 
*  Through the first 39 weeks of 1999.           
** Constant 1996 dollars, income deflated by the U.S. CPI for all consumers.       
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Table 3.  Maximum likelihood first stage probit results, by milk product type.          

  All Milk  Whole Milk  Low Fat Milk  Skim Milk 
Variable  Parameter  Std. Err.  Parameter  Std. Err.  Parameter  Std. Err.  Parameter  Std. Err. 

Intercept  0.063 ‡ 0.024  -0.228 ‡ 0.049  0.064 ‡ 0.030  -0.472 ‡ 0.039 
Net Price  -0.052 ‡ 0.004  -0.058 ‡ 0.007  -0.110 ‡ 0.005  -0.036 ‡ 0.006 
Coupon DV  4.763  5.470  4.897  10.566  4.855  6.864  5.115  11.204 
Income  0.000  0.000  0.000  0.000  0.002 ‡ 0.000  -0.001 ‡ 0.000 
College Education  -0.062 ‡ 0.006  0.043 ‡ 0.012  -0.006  0.007  -0.055 ‡ 0.009 
Household Size  0.078 ‡ 0.002  0.060 ‡ 0.005  0.067 ‡ 0.003  0.041 ‡ 0.005 
Propn. Kids < 5  0.163 ‡ 0.028  0.155 ‡ 0.047  -0.755 ‡ 0.035  0.283 ‡ 0.044 
Propn. Kids 6-12  -0.209 ‡ 0.021  0.115 ‡ 0.044  -0.284 ‡ 0.025  -0.443 ‡ 0.039 
Propn. Female Kids 13-17 0.074 ‡ 0.028  0.528 ‡ 0.056  -0.121 ‡ 0.034  0.117 ‡ 0.057 
Propn. Male Kids 13-17 0.021  0.028  -0.381 ‡ 0.063  -0.001  0.033  -0.100 ‡ 0.049 
Household Head over 65 0.074 ‡ 0.006  0.055 ‡ 0.014  0.061 ‡ 0.008  0.255 ‡ 0.011 
Household Head Under 30 -0.124 ‡ 0.016  0.011  0.039  -0.122 ‡ 0.018  -0.089 ‡ 0.025 
Mom Works Outside Household -0.080 ‡ 0.005  0.013  0.010  -0.054 ‡ 0.007  0.028 ‡ 0.009 
Black  -0.367 ‡ 0.008  -0.366 ‡ 0.013  -0.370 ‡ 0.011  -0.099 ‡ 0.017 
Asian  -0.283 ‡ 0.025  0.109  0.067  -0.225 ‡ 0.027  -0.411 ‡ 0.069 
Spanish  -0.001  0.009  -0.284 ‡ 0.017  0.000  0.010  -0.040 ‡ 0.016 
Urban   -0.014  0.012  0.053 ‡ 0.026  -0.165 ‡ 0.014  0.321 ‡ 0.019 
Metro  -0.062 ‡ 0.010  -0.091 ‡ 0.021  -0.119 ‡ 0.013  0.108 ‡ 0.016 
NorthEast/MidAtlantic 0.081 ‡ 0.007  -0.080 ‡ 0.016  -0.045 ‡ 0.009  0.125 ‡ 0.013 
Southern Atlantic/East South Central -0.051 ‡ 0.007  0.007  0.015  -0.066 ‡ 0.009  -0.139 ‡ 0.014 
Midwest  -0.086 ‡ 0.008  -0.209 ‡ 0.016  -0.081 ‡ 0.009  -0.055 ‡ 0.014 
West South Central -0.160 ‡ 0.009  -0.274 ‡ 0.016  -0.231 ‡ 0.011  -0.024  0.016 
Mountain Region  -0.004  0.012  -0.091 ‡ 0.030  -0.111 ‡ 0.013  -0.126 ‡ 0.019 
Quarter 1  -0.005  0.006  0.027 ‡ 0.013  -0.034 ‡ 0.008  0.043 ‡ 0.011 
Quarter 2  -0.064 ‡ 0.007  -0.027 ‡ 0.013  -0.095 ‡ 0.008  -0.001  0.011 
Quarter 3  -0.068 ‡ 0.006  -0.032 ‡ 0.013  -0.090 ‡ 0.008  -0.029 ‡ 0.011 
Advertising PDL, 39 lags, Quadratic -0.007 ‡ 0.001  -0.008 ‡ 0.001  -0.010 ‡ 0.001  -0.007 ‡ 0.001 

Log-likelihood  -218,642  -55,545  -142,661  -78,830 

‡ = Significance at the 5% level                
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Table 4.  Maximum likelihood second stage results, by milk product type.           
   All Milk  Whole Milk  Low Fat Milk   Skim Milk 

Variable  Parameter  Std. Err.† Parameter  Std. Err.†  Parameter  Std. Err.†  Parameter  Std. Err.† 
Φ ∗ Intercept  6.275 ‡ 0.047  -1.318 ‡ 0.062  4.787 ‡ 0.047  -2.056 ‡ 0.046 

Φ ∗ Net Price  -0.476 ‡ 0.004  -0.315 ‡ 0.008  -0.635 ‡ 0.006  -0.358 ‡ 0.006 

Φ ∗ Coupon DV -3.519 ‡ 0.037  2.068 ‡ 0.049  -2.307 ‡ 0.033  3.633 ‡ 0.035 

Φ ∗ Income  -0.001 ‡ 0.000  -0.006 ‡ 0.000  0.001 ‡ 0.000  -0.001 ‡ 0.000 

Φ ∗ College Education 0.086 ‡ 0.006  0.058 ‡ 0.013  -0.013  0.009  0.004  0.010 

Φ ∗ Household Size 0.165 ‡ 0.003  0.246 ‡ 0.005  0.219 ‡ 0.004  0.085 ‡ 0.005 

Φ ∗ Propn. Kids < 5 0.602 ‡ 0.030  0.695 ‡ 0.054  -0.945 ‡ 0.044  0.279 ‡ 0.046 

Φ ∗ Propn. Kids 6-12 0.051 ‡ 0.023  0.484 ‡ 0.050  -0.433 ‡ 0.030  -0.120 ‡ 0.040 

Φ ∗ Propn. Female Kids 13-17 0.208 ‡ 0.031  0.754 ‡ 0.064  0.327 ‡ 0.043  0.245 ‡ 0.059 

Φ ∗ Propn. Male Kids 13-17 0.360 ‡ 0.031  -0.851 ‡ 0.068  0.528 ‡ 0.041  0.520 ‡ 0.050 

Φ ∗ Household Head over 65 -0.261 ‡ 0.007  -0.080 ‡ 0.015  -0.119 ‡ 0.010  0.224 ‡ 0.011 

Φ ∗ Household Head Under 30 -0.010  0.018  -0.316 ‡ 0.045  -0.363 ‡ 0.023  0.154 ‡ 0.026 

Φ ∗ Mom Works Outside Household -0.075 ‡ 0.006  -0.239 ‡ 0.012  -0.168 ‡ 0.008  0.005  0.010 

Φ ∗ Black  -0.691 ‡ 0.009  -0.195 ‡ 0.014  -1.018 ‡ 0.013  -0.223 ‡ 0.017 

Φ ∗ Asian  -0.275 ‡ 0.029  0.046  0.080  -0.602 ‡ 0.034  -0.059  0.064 

Φ ∗ Spanish  0.114 ‡ 0.010  -0.243 ‡ 0.018  0.070 ‡ 0.013  -0.016  0.017 

Φ ∗ Urban   -0.032 ‡ 0.013  0.632 ‡ 0.030  -0.138 ‡ 0.018  0.397 ‡ 0.019 

Φ ∗ Metro  -0.075 ‡ 0.011  0.194 ‡ 0.024  -0.117 ‡ 0.016  -0.130 ‡ 0.016 

Φ ∗ NorthEast/MidAtlantic -0.627 ‡ 0.009  -0.150 ‡ 0.018  -0.598 ‡ 0.011  -0.041 ‡ 0.014 

Φ ∗ Southern Atlantic/East South Central -0.336 ‡ 0.008  0.019  0.017  -0.466 ‡ 0.011  -0.004  0.015 

Φ ∗ Midwest  -0.354 ‡ 0.009  -0.140 ‡ 0.018  -0.512 ‡ 0.011  -0.030 ‡ 0.014 

Φ ∗ West South Central -0.237 ‡ 0.010  -0.125 ‡ 0.019  -0.593 ‡ 0.014  0.055 ‡ 0.017 

Φ ∗ Mountain Region -0.234 ‡ 0.013  0.080  0.035  -0.424 ‡ 0.017  0.007  0.020 

Φ ∗ Quarter 1  0.068 ‡ 0.007  -0.021  0.014  0.028 ‡ 0.010  0.070 ‡ 0.011 

Φ ∗ Quarter 2  0.079 ‡ 0.007  -0.067 ‡ 0.015  -0.086 ‡ 0.010  0.034 ‡ 0.011 

Φ ∗ Quarter 3  0.035 ‡ 0.007  -0.063 ‡ 0.014  -0.128 ‡ 0.010  0.014  0.011 

Φ ∗ Advertising PDL, 39 lags, Quadratic 0.014 ‡ 0.001  -0.009 ‡ 0.001  -0.002 ‡ 0.001  -0.002  0.001 

 φ   -4.483 ‡ 0.047  2.921 ‡ 0.036  -2.650 ‡ 0.035  4.621 ‡ 0.034 

Log-Likelihood  -522,367 -131,011  -351,833  -170,494 
† = Corrected Asymptotic Standard Errors                
‡ = Significance at the 5% level                
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Table 5.  Elasticities and average effects of household milk demand, by product type.†  

            
  Milk Type   

Variable  All  Whole  Low Fat  Skim    
            
  Elasticities With Respect To Continuous Variables   
            

Price  -0.848 ‡ -0.471 ‡ -1.552 ‡ -0.485 ‡   
Income   -0.004  -0.097 ‡ 0.113 ‡ 0.029    
Household Size 0.665 ‡ 0.413 ‡ 0.796 ‡ 0.013    
Propn. Kids < 5 0.020 ‡ 0.022 ‡ -0.063 ‡ -0.007    
Propn. Kids 6-12 -0.022 ‡ 0.017 ‡ -0.052 ‡ 0.023 ‡   
Propn. Female Kids 13-17 0.007 ‡ 0.008 ‡ 0.000  0.000    
Propn. Male Kids 13-17 0.007 ‡ -0.010 ‡ 0.013 ‡ 0.013 ‡   
Long Run Advertising 0.247 ‡ 0.083 ‡ 0.710 ‡ -0.312 ‡   

            
  Average Effects of Binary Variables   
            

Coupon  0.220  0.220  0.345  0.418    
College Education -0.087 ‡ 0.013  -0.016  0.051 ‡   
Household Head > 65 0.008  -0.053 ‡ 0.020  -0.143 ‡   
Household Head < 30 -0.271 ‡ -0.142 ‡ -0.335 ‡ 0.129 ‡   
Mom Works -0.222 ‡ -0.109 ‡ -0.164 ‡ -0.023 ‡   
Black  -1.071 ‡ -0.001  -0.869 ‡ -0.016    
Asian  -0.733 ‡ -0.026  -0.574 ‡ 0.200 ‡   
Spanish  0.067 ‡ -0.025  0.039 ‡ 0.028    
Urban  -0.051  0.282 ‡ -0.311 ‡ -0.085 ‡   
Metro  -0.185 ‡ 0.122 ‡ -0.238 ‡ -0.143 ‡   
NorthEast/MidAtlantic -0.205 ‡ -0.039 ‡ -0.396 ‡ -0.154 ‡   
S. Atlantic/E. South Central -0.317 ‡ 0.006  -0.353 ‡ 0.111 ‡   
Midwest  -0.404 ‡ 0.001  -0.398 ‡ 0.036 ‡   
West South Central -0.495 ‡ 0.017  -0.626 ‡ 0.048 ‡   
Mountain Region -0.151 ‡ 0.066 ‡ -0.392 ‡ 0.108 ‡   
Quarter 1  0.029  -0.018 ‡ -0.033 ‡ -0.007    
Quarter 2  -0.096 ‡ -0.022 ‡ -0.178 ‡ 0.018    
Quarter 3  -0.129 ‡ -0.018 ‡ -0.192 ‡ 0.033 ‡   

            
            

† = Elasticities are evaluated at sample means of all variables; average effects are calculated by the difference 
      between expected consumption with all other variables at their means, and the specific binary variables set 
       to zero and unity. Significance is based on standard errors calculated using the delta method (Greene, p. 278). 
‡ = Significance at the 5% level           
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Table 6.  Maximum likelihood first stage probit results, by cheese product type.           

  All Cheese  Shredded     American  Processed  Other 
Variable  Param. Std. Err.  Param.  Std. Err.  Param. Std. Err. Param. Std. Err.  Param. Std. Err. 

Intercept  -0.770 ‡ 0.018  -1.783 ‡ 0.030  -1.771 ‡ 0.029  -1.008 ‡ 0.022  -1.168 ‡ 0.021 
Net Price  0.004  0.003  -0.037 ‡ 0.006  -0.008  0.007  -0.111 ‡ 0.005  -0.031 ‡ 0.003 
Coupon DV  5.767  5.478  6.550  8.037  7.166  41.185  6.145  5.902  6.275  8.283 
Income  0.001 ‡ 0.000  0.003 ‡ 0.000  0.000  0.000  0.000  0.000  0.002 ‡ 0.000 
College Education  -0.011  0.006  0.024 ‡ 0.008  0.011  0.010  -0.043 ‡ 0.007  0.043 ‡ 0.007 
Household Size  0.073 ‡ 0.003  0.028 ‡ 0.004  0.082 ‡ 0.004  0.071 ‡ 0.003  0.053 ‡ 0.003 
Propn. Kids < 5  0.137 ‡ 0.027  0.423 ‡ 0.036  -0.241 ‡ 0.042  0.007  0.032  0.222 ‡ 0.031 
Propn. Kids 6-12  0.019  0.021  0.146 ‡ 0.029  0.313 ‡ 0.031  -0.106 ‡ 0.024  -0.047  0.025 
Propn. Female Kids 13-17 0.345 ‡ 0.033  0.098 ‡ 0.046  0.182 ‡ 0.047  0.101 ‡ 0.039  0.528 ‡ 0.037 
Propn. Male Kids 13-17 0.298 ‡ 0.029  0.424 ‡ 0.041  0.106 ‡ 0.044  0.199 ‡ 0.034  0.156 ‡ 0.035 
Household Head over 65 -0.044 ‡ 0.007  -0.161 ‡ 0.011  0.102 ‡ 0.011  -0.045 ‡ 0.008  -0.017 ‡ 0.008 
Household Head Under 30 0.011  0.016  0.090 ‡ 0.021  0.013  0.024  -0.002  0.019  0.017  0.018 
Mom Works Outside Household -0.025 ‡ 0.006  0.005  0.008  -0.006  0.009  0.000  0.007  -0.083 ‡ 0.007 
Black  -0.221 ‡ 0.008  -0.207 ‡ 0.013  -0.077 ‡ 0.013  -0.083 ‡ 0.010  -0.351 ‡ 0.011 
Asian  -0.271 ‡ 0.054  -0.198 ‡ 0.073  -0.291 ‡ 0.095  -0.241 ‡ 0.073  -0.234 ‡ 0.062 
Spanish  0.002  0.010  -0.198 ‡ 0.017  -0.306 ‡ 0.018  0.110 ‡ 0.012  0.115 ‡ 0.012 
Urban   0.011  0.011  -0.003  0.016  0.109 ‡ 0.017  0.048 ‡ 0.012  -0.047 ‡ 0.013 
Metro  0.011  0.009  0.066 ‡ 0.014  0.096 ‡ 0.014  -0.076 ‡ 0.011  0.084 ‡ 0.011 
NorthEast/MidAtlantic 0.065 ‡ 0.009  0.200 ‡ 0.014  -0.187 ‡ 0.014  -0.030 ‡ 0.011  0.152 ‡ 0.010 
Southern Atlantic/East South Central 0.090 ‡ 0.008  0.179 ‡ 0.014  0.038 ‡ 0.012  0.131 ‡ 0.010  -0.093 ‡ 0.010 
Midwest  0.072 ‡ 0.009  0.363 ‡ 0.014  -0.190 ‡ 0.014  0.016  0.011  0.019  0.010 
West South Central 0.169 ‡ 0.010  0.353 ‡ 0.015  0.061 ‡ 0.015  0.157 ‡ 0.012  -0.011  0.012 
Mountain Region  0.022  0.011  0.031  0.018  0.027  0.016  -0.006  0.014  0.000  0.013 
Quarter 1  -0.023 ‡ 0.007  0.046 ‡ 0.010  -0.023 ‡ 0.010  -0.003  0.008  -0.089 ‡ 0.008 
Quarter 2  -0.076 ‡ 0.007  -0.045 ‡ 0.010  -0.018  0.011  -0.040 ‡ 0.008  -0.119 ‡ 0.008 
Quarter 3  -0.094 ‡ 0.007  -0.081 ‡ 0.010  -0.039 ‡ 0.011  -0.036 ‡ 0.008  -0.132 ‡ 0.008 
Advertising PDL, 39 lags, Quadratic 0.000  0.001  -0.009 ‡ 0.002  -0.003  0.002  0.003 ‡ 0.001  0.002  0.001 

Log-likelihood  -189,650  -78,755  -67,093  -120,324  -122,660 

‡ = Significance at the 5% level                    
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Table 7.  Maximum likelihood second stage results, by cheese product type.             
   All Cheese   Shredded   American   Processed     Other 

Variable  Param.  Std. Err †  Param.  Std. Err †  Param.  Std. Err †  Param.  Std. Err †  Param. Std. Err † 

Φ ∗ Intercept  -2.050 ‡ 0.017  -0.431 ‡ 0.081  -0.590 ‡ 0.283  -1.537 ‡ 0.084  -1.081 ‡ 0.038 

Φ ∗ Net Price  -0.244 ‡ 0.004  0.044 ‡ 0.009  0.009  0.008  0.125 ‡ 0.007  0.018 ‡ 0.002 

Φ ∗ Coupon DV 4.604 ‡ 0.011  1.903 ‡ 0.184  2.109 ‡ 0.470  3.000 ‡ 0.082  2.514 ‡ 0.044 

Φ ∗ Income  -0.002 ‡ 0.000  -0.004 ‡ 0.001  0.000 ‡ 0.000  0.000 ‡ 0.000  -0.003 ‡ 0.000 

Φ ∗ College Education 0.047 ‡ 0.005  -0.032 ‡ 0.004  -0.014 ‡ 0.002  0.082 ‡ 0.007  -0.071 ‡ 0.002 

Φ ∗ Household Size -0.125 ‡ 0.003  -0.035 ‡ 0.006  -0.140 ‡ 0.064  -0.147 ‡ 0.008  -0.083 ‡ 0.003 

Φ ∗ Propn. Kids < 5 -0.197 ‡ 0.026  -0.681 ‡ 0.128  0.412 ‡ 0.181  -0.015  0.012  -0.434 ‡ 0.020 

Φ ∗ Propn. Kids 6-12 -0.032  0.020  -0.212 ‡ 0.041  -0.577 ‡ 0.262  0.193 ‡ 0.012  0.103 ‡ 0.008 

Φ ∗ Propn. Female Kids 13-17 -0.703 ‡ 0.033  -0.142 ‡ 0.030  -0.344 ‡ 0.158  -0.233 ‡ 0.018  -0.941 ‡ 0.033 

Φ ∗ Propn. Male Kids 13-17 -0.608 ‡ 0.029  -0.613 ‡ 0.108  -0.162 ‡ 0.072  -0.471 ‡ 0.028  -0.260 ‡ 0.015 

Φ ∗ Household Head over 65 0.094 ‡ 0.006  0.202 ‡ 0.036  -0.166 ‡ 0.075  0.085 ‡ 0.005  0.027 ‡ 0.003 

Φ ∗ Household Head Under 30 -0.068 ‡ 0.015  -0.131 ‡ 0.027  -0.008  0.006  0.011  0.006  -0.032 ‡ 0.006 

Φ ∗ Mom Works Outside Household 0.053 ‡ 0.005  0.001  0.001  0.009 ‡ 0.004  0.006 ‡ 0.002  0.134 ‡ 0.005 

Φ ∗ Black  0.520 ‡ 0.007  0.274 ‡ 0.047  0.111 ‡ 0.046  0.155 ‡ 0.006  0.502 ‡ 0.015 

Φ ∗ Asian  0.617 ‡ 0.043  0.252 ‡ 0.049  0.438 ‡ 0.195  0.422 ‡ 0.032  0.375 ‡ 0.025 

Φ ∗ Spanish  -0.014  0.010  0.254 ‡ 0.045  0.475 ‡ 0.213  -0.251 ‡ 0.015  -0.225 ‡ 0.009 

Φ ∗ Urban   0.014  0.010  0.002  0.002  -0.180 ‡ 0.083  -0.111 ‡ 0.005  0.071 ‡ 0.005 

Φ ∗ Metro  0.035 ‡ 0.008  -0.092 ‡ 0.015  -0.161 ‡ 0.070  0.156 ‡ 0.012  -0.129 ‡ 0.004 

Φ ∗ NorthEast/MidAtlantic -0.181 ‡ 0.008  -0.243 ‡ 0.043  0.291 ‡ 0.135  0.045 ‡ 0.004  -0.249 ‡ 0.009 

Φ ∗ Southern Atlantic/East South Central -0.314 ‡ 0.007  -0.216 ‡ 0.038  -0.077 ‡ 0.029  -0.296 ‡ 0.015  0.141 ‡ 0.005 

Φ ∗ Midwest  -0.233 ‡ 0.008  -0.474 ‡ 0.084  0.292 ‡ 0.138  -0.057 ‡ 0.004  -0.034 ‡ 0.003 

Φ ∗ West South Central -0.421 ‡ 0.009  -0.461 ‡ 0.081  -0.118 ‡ 0.047  -0.351 ‡ 0.018  0.016 ‡ 0.004 

Φ ∗ Mountain Region -0.006  0.010  -0.028 ‡ 0.005  -0.049 ‡ 0.020  0.020 ‡ 0.005  0.009 ‡ 0.004 

Φ ∗ Quarter 1  0.047 ‡ 0.006  -0.065 ‡ 0.012  0.040 ‡ 0.018  0.006 ‡ 0.002  0.141 ‡ 0.005 

Φ ∗ Quarter 2  0.174 ‡ 0.006  0.061 ‡ 0.011  0.032 ‡ 0.014  0.080 ‡ 0.005  0.188 ‡ 0.006 

Φ ∗ Quarter 3  0.204 ‡ 0.006  0.105 ‡ 0.019  0.064 ‡ 0.029  0.072 ‡ 0.004  0.203 ‡ 0.007 

Φ ∗ Advertising PDL, 39 lags, Quadratic -0.001  0.001  0.011 ‡ 0.002  0.004 ‡ 0.002  -0.006 ‡ 0.001  -0.003 ‡ 0.000 

 φ   6.236 ‡ 0.014  5.685 ‡ 1.023  7.518 ‡ 3.427  6.254 ‡ 0.333  4.991 ‡ 0.157 

Log-Likelihood  -505,923  -117,633  -95,709  -268,966  -281,330 
† = Corrected Asymptotic Standard Errors                   
‡ = Significance at the 5% level                    
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Table 8.  Elasticities and average effects of household cheese demand, by product type †    

             
  Cheese Type  

Variable  All  Shredded  American  Processed  Other   
             
  Elasticities With Respect To Continuous Variables  
             

Price  -0.167 ‡ -0.127 ‡ -0.024  -0.210 ‡ -0.072 ‡  
Income   -0.019  0.093 ‡ 0.006  0.003  0.038 ‡  
Household Size -0.133  0.088 ‡ 0.281 ‡ 0.136 ‡ 0.099 ‡  
Propn. Kids < 5 -0.003  0.017 ‡ -0.011 ‡ 0.000  0.005 ‡  
Propn. Kids 6-12 -0.001  0.011 ‡ 0.024 ‡ -0.005 ‡ -0.002   
Prop. Fem. Kids 13-17 -0.006  0.003  0.005 ‡ 0.002  0.008 ‡  
Prop. Male Kids 13-17 -0.006  0.013 ‡ 0.004 ‡ 0.004 ‡ 0.003 ‡  
Long Run Advertising 0.004  0.084 ‡ 0.031  -0.020  -0.011   

             
  Average Effects of Binary Variables  
             

Coupon  0.338  0.271  0.185  0.376  0.392   
College Education 0.020 ‡ 0.023 ‡ 0.013  -0.040 ‡ 0.030 ‡  
Household Head > 65 0.045  -0.154 ‡ 0.126 ‡ -0.042 ‡ -0.012   
Household Head < 30 -0.030 ‡ 0.086 ‡ 0.016  -0.001  0.011   
Mom works 0.027  0.005  -0.007  0.001  -0.058 ‡  
Black  0.176  -0.194 ‡ -0.095 ‡ -0.078 ‡ -0.278 ‡  
Asian  0.184  -0.187 ‡ -0.335 ‡ -0.241 ‡ -0.177 ‡  
Spanish  -0.006  -0.187 ‡ -0.349 ‡ 0.085 ‡ 0.063 ‡  
Urban  0.002  -0.003  0.131 ‡ 0.035 ‡ -0.036 ‡  
Metro  0.010 ‡ 0.063 ‡ 0.116 ‡ -0.065 ‡ 0.060 ‡  
NorthEast/MidAtlantic -0.073  0.186 ‡ -0.227 ‡ -0.031 ‡ 0.094 ‡  
S. Atlantic/E. South Central -0.130 ‡ 0.166 ‡ 0.047 ‡ 0.109 ‡ -0.070 ‡  
Midwest  -0.094  0.342 ‡ -0.230 ‡ 0.012 ‡ 0.013   
West South Central -0.209  0.333 ‡ 0.076 ‡ 0.129 ‡ -0.008   
Mountain Region -0.003  0.028  0.033  -0.005  0.001   
Quarter 1  0.027  0.044 ‡ -0.028  -0.002  -0.059 ‡  
Quarter 2  0.089  -0.044 ‡ -0.023  -0.036 ‡ -0.080 ‡  
Quarter 3  0.103  -0.078 ‡ -0.048 ‡ -0.032 ‡ -0.091 ‡  

             
             

† = Elasticities are evaluated at sample means of all variables; average effects are calculated by the difference 
      between expected consumption with all other variables at their means, and the specific binary variables set   
       to zero and unity. Significance is based on standard errors calculated using the delta method (Greene, p. 278). 
‡ = Significance at the 5% level            
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