ABSTRACT

TAYLOR, MYKEL R. The Impact of Food Safety Informah on Consumer Demand for
Meat and Poultry: Evidence of Heterogeneous HouddEifects. (Under the direction of
Professor N.E. Piggott.)

Many factors can influence consumer purchasing tbabncluding food safety
information. Concerns about food safety are likédy be influenced by idiosyncratic
experiences such as suffering from a foodbornesBror receiving medical warnings from a
physician regarding susceptibility to bacterial hogfens. However, general media
information on the safety of meat and poultry miglgo affect purchase decisions. This is
particularly plausible when large scale food safetents occur and media coverage of
contaminated meat or poultry products is heighteifi&@ reaction of consumers to changes
in the amount of food safety information on beeftky and poultry available in the media is
the focus of this study. Specifically, any diffeces in consumer reactions due to
heterogeneous household characteristics are igaésd.

Consumer reactions are modeled using both disaralecontinuous choice models.
Discrete choice models are estimated to assegwobability that individual heterogeneous
households will avoid making monthly meat and pguiturchases in response to changes in
food safety information. Results of a multinomiadjit model suggest that some households
do respond to changes in the level of food safdiyrmation available by choosing to avoid
purchasing meat or poultry. Purchase avoidancevimhes also analyzed with a discrete-
continuous model that employs monthly househol@i@anel data. A seemingly unrelated
regression (SUR) tobit model is estimated usingldb§&sampler with data augmentation. A

component error structure is used to model unokseneterogeneity of households making



repeated purchases over time. Food safety elassiaitlculated from the random effects
SUR tobit model do not provide much evidence thaadf safety information has an

economically significant effect on household pusssof meat and poultry.
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1 Chapter

Overview and Objectives of Research

1.1 Overview

Many factors influence consumers’ decisions tcchase meat and poultry products
at the grocery store. One of those factors is featkty. It is estimated that bacterial
pathogens cause approximately 5 million illnesd€g)00 hospitalizations, and 1,458 deaths
in the United States annually (Crump, Griffin, aAdgulo, 2002). Pathogens including
salmonella, E. coli, and listeria monocytogenes ratirally occurring in animals such as
cattle, pigs, chickens, and turkeys. Consumer @sehdecisions are also likely to be
influenced by idiosyncratic experiences such adesunfy from a foodborne illness or
receiving medical warnings from a physician abbeirtsusceptibility to bacterial pathogens.
However, general media information regarding thietgaof meat and poultry might also
affect purchase decisions. This is particularlyuplale when large scale food safety events
occur and media coverage of contaminated meat oltrpoproducts is heightened. The
reaction of consumers to changes in the amourdaaf §afety information on beef, pork, and
poultry available in the media is the focus of teisdy. Specifically, any differences in

consumer reactions due to heterogeneous houseadateristics are investigated.



Several studies have explicitly considered foatkty effects on meat and poultry
demand by employing various measures of mediarageeto infer its effect on food
demand (e.g. Burton and Young, 1996; Piggott andsha2004). These studies used
aggregate data to jointly estimate meat and podkiiymand equations that quantify the own-
and cross-commodity effects of food safety infoioraton purchases. This approach has
shown that media information matters, but the ¢ffece short-lived. The use of aggregate
data assumes a representative consumer, so ressacannot assess the likelihood or extent
to which heterogeneous households might avoid @sioly meat and poultry products in
response to food safety information. Examining ttyipe of avoidance behavior at the
disaggregate level will provide additional and céenpentary insight into the demand for

food products under different levels of food safefgprmation published in the media.

1.2 Objectivesand Contributions

The objective of this study is to analyze the &feof food safety information across
heterogeneous consumers by estimation of a demasaklnfor meat and poultry that
incorporates both food safety information and hbog& characteristics. The question of
whether or not differences in consumers affectrtieactions to publicly available food
safety information is investigated using both déserand continuous models. The use of a
discrete choice model allows for estimation of thelihood that consumers will avoid
purchasing meat or poultry products when the lefdbod safety information increases. A

continuous demand model is also used to capturedawvee behavior by aggregating



guantities purchased over a monthly time period amehsuring marginal changes in
consumption. This research question advances ikgrngxfood safety literature by explicitly
considering consumer heterogeneity as it affeatsathel response to food safety information.
Any differences in consumer response that coulétbéuted to heterogeneous household
characteristics would be useful for understandirgenfully what drives consumer response
to general food safety information.

Another objective of this research is to employeatimation strategy that accounts
for the unique nature of household level purchasa thcluding: censoring, panel data, and
error correlation of demand system equations. Busvresearch has addressed these issues
independently, but not in a single model. This gtadntributes to the existing literature by
proposing a comprehensive estimation strategy @ddtesses each of these issues in the

same model.

1.3 Outline of Dissertation

A review of the existing literature related to demaand food safety information is
presented in Chapter 2. This review provides cdrftaxthe current research and highlights
how it contrasts with previous studies. An overviand brief literature review of studies
estimating demand using household level data i3 misluded in Chapter 2. This review
outlines some of the more prominent issues thatt rhasaddressed when working with

microeconomic data and how these issues have @il in previous research.



Descriptions and summarizations of the data usédisnstudy are provided in Chapter
3. The data source for the household purchaseisldékee Nielsen Homescan panel dataset.
Access to this data is provided by the EconomiceReh Service of the U.S. Department of
Agriculture through a cooperative research agreénidre data include information on meat
consumption and expenditures as well as housebkgkl-demographic data. Additionally,
this chapter includes a discussion on the prediadbmissing prices due to censoring, the
creation of a quality-adjusted price index, andmjiiya aggregation. Chapter 3 concludes
with descriptions of the collection and creatiortleg food safety media index.

Chapter 4 includes the analysis of consumer denraddiscrete choice framework.
Models of binary and multinomial choice situaticare estimated. This analysis provides an
intuitive basis for specification of the continualsmand model presented in Chapter 5. The
continuous demand models are estimated using airsglgnunrelated system (SUR) tobit
estimator. Explicit consideration of the panel matof the data is made by estimation of both
a pooled and random effects SUR tobit model. Annoew of the study conclusions is
presented in Chapter 6. This chapter also contidsscussion of the direction for future

research, based on the results of this study.



2 Chapter

Literature Review

2.1 Demand and Food Safety I nfor mation

Several studies have focused on the effects ofowsrtypes of food safety
information and events on the demand for food codities! An early study of food safety
impacts on consumer demand was conducted by Brd@69] who looked at the effect of a
health hazard “scare” from herbicide residue omigearies. Information on the food safety
event was considered to be a negative form of adireg. Brown argued that while positive
advertising can make consumers less price respohisrough increasing customer loyalty,
negative information may cause them to become ipoce responsive. The adverse effects
on cranberry demand were tested using comparisbpsae elasticities of demand for the
periods before, during, and after the event. NaiBaant effect on price elasticity was found.

The use of media indices to measure the impafctoaf safety information on demand
has been employed in several demand studies. Swath,Ravenswaay, and Thompson
(1988) considered the effect of media publicitydaling a case of heptachlor contamination
of fresh fluid milk in Hawaii on milk purchases. gfificant negative effects on milk

purchases were found from negative news coverageiekker, positive news coverage did

1 A brief summary of the research included in thir&ture review is provided in tables 2.1 and 2.2.



not appear to affect purchases, indicating thaestants by the media assuring consumers of
the safety of certain milk products were heavilsodiunted.

Dahlgran and Fairchild (2002) studied the effectadverse media coverage from
salmonella contamination on the demand for chickémeir model incorporated adverse
media publicity from T.V. and print as a form ofgagive advertising, where publicity
included both the number of stories aired and tbecgnt of population exposed to the
coverage. Weekly market-level data on quantity pnides of chicken were used to allow
measurement of short-run effects on the price wkem. Their results did indicate a negative
demand response to adverse media, however, thet diéel out in a matter of weeks. Unlike
paid advertising, media coverage of food safetyne/ean end abruptly as other news events
take priority in programming. This lack of frequanéssage repetition was considered by the
authors to be a possible reason for the abseroa@frun alterations in demand.

Burton and Young (1996) analyzed the effects ofirt® spongiform encephalopathy
(BSE) on meat demand in Great Britain using meddices incorporated into a dynamic
AIDS model. The analysis used quarterly data omtijtyaand expenditures for beef, lamb,
pork, and poultry. The model considered publicity BSE to be a form of negative
advertising and measured its effect using an inafemnedia coverage. The index included
both the number of articles per quarter and theutative number of articles to date for each
guarter. BSE publicity was shown to have both sigamt short-run and long-run effects on
consumer expenditures on beef and among the otbatsrwith a decline in market share for

beef of 4.5 percent by the end of 1993.



A recent study by Piggott and Marsh (2004) analy#ee impact of food safety
information on demand for beef, pork, and poultsing aggregate data on quarterly U.S. per
capita disappearance of meat. They developed aete model that incorporated meat
quality into the demand for meat. The frameworloasgplicitly considered both own- and
cross-product effects from quality on the quantigmanded. Meat quality, in their model,
was inversely related to the occurrence of fooe@tgahformation in the media. The media
index for food safety information measured bundiésontaminants reported individually
for beef, pork, and poultry. Their findings indiedtthat effects of food safety information on
meat demand were statistically significant, buthwib lagged effect implying a relatively
small economic impact.

Marsh, Schroeder, and Mintert (2004) analyzed butdia indices composed of
newspaper articles and Food Safety and Inspeceovice (FSIS) recall data as proxies for
food safety information. Quarterly disappearancea deom 1982 to 1998 on beef, pork,
poultry, and other consumption goods was usedtimate an absolute price version of the
Rotterdam model. Their findings indicated that wHSIS recall events significantly affect
demand, media reports do not. However, the effetaall events for beef and pork dies out
quickly, within three periods, and effects are esmporaneous only for poultry recall events.

Food safety effects have also been considereddeutise consumer demand model.
Thomsen and McKenzie (2001) analyzed federally suged meat and poultry recalls by
publicly traded food companies from 1982 to 1998eyl argue that, in addition to the costs
of physically recalling meat, there may be advesfiects on stock values due to negative

publicity or possible liability claims from food hwe illnesses. The results of the study



indicate that declines of 1.5 to 3 percent in shalder values can occur from Class 1 food
recalls, where there is a reasonable probabilitgesfere health risks. Class 2 and 3 recalls,
where the probability of a health risk is remotéd dot have a significant effect on
shareholder values. Similarly, Lusk and Schroe@®0Q) considered the effect of meat
recalls for beef and pork of various sizes and sgvef health concern on nearby futures
prices for live cattle and lean hogs, respectivélyeir results found a marginally negative
effect on short-term futures prices from mediunedibeef and large-sized pork Class 1
recalls.

Schlenker and Villas-Boas (2006) employed evendlyst@analysis to investigate the
effects of media coverage of BSE on consumer aman@ial markets. Specifically, they
considered the discovery of a BSE-positive cow iastiington State in December 2003 and
health warnings about the potential effects of Bf##€d on the Oprah Winfrey show seven
years prior as the events of interest. They congpanalysis results using three data sources:
UPC-level scanner data, diary files from the U.8nslimer Expenditure Survey (CES), and
cattle futures prices. Statistically significantgaéve effects on purchases and cattle prices
from media coverage of BSE were found using the WP&hner and futures data. The CES,
which tracks individual households for a two weekipd, did not reveal any statistically
significant effect on consumer purchases or experei. The authors concluded that the
repeated cross-section design of the CES may aoljide an accurate measure of average
purchasing decisions in a calendar year, while rsmaand futures data may be more useful

in tracking changes in buying habits over time.



Using a reduced form analysis and household Ida¢h from the U.S. Consumer
Expenditure Survey, Shimshack, Ward, and Beatt@Y{2@xamined responses to a U.S.
national FDA advisory on exposure to methyl-mercdrgm store-bought fish. They
employed both parametric and non-parametric methodsalyze changes in fish demand
for households comprised of targeted consumers liioeiseholds with young children,
nursing mothers, and pregnant women) and non-tdgebnsumers. The analysis of
subgroups of households in the sample revealed oat-8ln response to food safety
information that was primarily determined by edumatlevel and newspaper readership.
Although some groups of targeted consumers respbhaldéhe advisory, there was little
response from at-risk households that did not Hagh levels of education or newspaper
readership. There was also found to be unintenghitb\er effects of decreased fish

consumption among non-targeted households with f@gtership levels.

2.2 Demand Studies using Microeconomic Data

Estimation of meat demand using cross-sectiontd ddows for identification of
demand determinants from household characteristich as income, education, and age.
However, panel data (time series and cross-settdata) can be used to capture both the
time aspect of demand decisions by consumers amcékerogeneous household effect.
There are advantages to modeling the individualityutmaximization decision using

household level data, but several empirical proklean arise from the microeconomic data



made available to researchers. Censored obsersatoice-quality variation, and quantity

aggregation are all issues to address when usiagetonomic data to estimate demand.

2.2.1 Censored Observations and Demand System Estimation

Household survey data includes both consumingnandconsuming households. The
non-consuming households are censored observatibtise consumer’s decision to buy
meat. These censored or zero observations makeasistn of a demand system very
challenging from an empirical perspective becauss difficult to find an estimator that
accounts for censoring in a system framework. Quueaach to addressing this challenge is
estimation of each demand equation separatelyerdkian as a system of equations (e.g.,
Cox and Wohlgenant, 1986; Capps and Park, 2002gD8honkwiler, and Capps, 1998).
However, if cross-commodity effects exist, therystsm of equations is required to estimate
those joint effects efficiently. An alternative apach to single-equation estimation is to
estimate the demand system by dropping observatmnsion-consuming households.
However, useful information on the consumer’s denigo buy meat would be lost and,
depending on the level of censoring, a significamtount of the data would have to be
omitted from analysis. Sample selection bias wdadda concern in this situation because
estimated effects from food safety may be overurmterstated if the sample only includes
people that purchase meat or poultry every peribDdere are several studies where

microeconomic data was used that dealt with thienatibn issues created by data censoring.

10



Perali and Chavas (2000) used cross-section data @olombian urban households
to estimate a censored AIDS model for several good$wo stages. The parameter
restrictions required by theory for the demand nhade set aside in the first stage and each
commodity equation is individually estimated in estricted form. In the second stage,
theoretically-consistent structural demand pararaetge recovered by imposing cross-
equation restrictions.

A similar technique was used by Meyerhoefer, Rgnard Sahn (2005) to estimate a
censored demand system using panel data on Romamigseholds. They first estimated the
reduced form parameters and then used minimum ndistaestimation to identify the
structural parameters and impose theoretical otistns from the AIDS model. Their
elasticity estimates differed from other studieggnly cross-sectional data in that they
were able to control for heterogeneous househokfemnces using random effects
parameters that varied over time.

Golan, Perloff, and Shen (2001) proposed the fisgeaeralized Maximum Entropy
as an alternative to Maximum Likelihood Estimat{df_E) for estimating censored demand
systems. They estimated an AIDS model for five ngeatips (beef, pork, chicken, processed
meat, and fish) using data from a week-long sumfelylexican households. Dong, Gould,
and Kaiser (2004) used the Amemiya-Tobin frameworkstimate a censored AIDS model.
They also used Mexican household data from a wee$-survey period and estimated a
system that included both meat and non-meat preddtte authors employed a mapping
rule from Wales and Woodland (1983) to ensure agdim of both the latent and observed

expenditures shares in their demand system.

11



Double-hurdle models have also been used to estisyatems of censored demand
equations (Heien and Wessells, 1990; ShonkwilerYard 1999). The first step of a double-
hurdle technique is estimation of a probit modetiesdermine the probability of a purchase
occurring. The second step is the estimation oemahd system that includes additional
information from the first step in the form of amverse Mills ratio. The two-step estimator
has been popular in demand work because it is stem$iunder fairly strong assumptions
about the error distribution and is easy to implete applied work.

Gao and Spreen (1994) employed a double-hurdle Immdestimate a hybrid
Rotterdam demand system. Using household level ddudgta from 1987 to 88, they
estimated a demand model for beef, pork, poultnyd &ish that incorporated health
information. The resulting empirical evidence supgd the hypothesis that health concerns
and convenience contributed to a structural chamgeeat demand away from beef and in

favor of fish and poultry.

2.2.2 Price-Quality Variation

Prices pose a special challenge to researcherg mscroeconomic data. Most survey
data only provides the researcher with quantity exyjkenditure information, so the price per
unit of the commodity purchased must be imputeddiwding expenditures by quantity.
Deaton (1989) referred to these as “unit valuesie Variation observed in these unit values
may reflect more than supply shocks from transpioriacosts, cost of information, and

seasonal variation. A portion of the variability prices could be attributed to quality
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differences in the individual products that compribe meat commodities measured by
guantity demanded. Several methods have been mopts account for price-quality
variation in demand estimation.

Cox and Wohlgenant (1986) performed a demand sisalysing cross-sectional
household level budget data from the 1977-78 Natidéa Food Consumption Survey
conducted by the U.S. Department of Agriculture DA$. They noted that several previous
studies using cross-sectional data assumed congta®s across consumers. However,
significant variability in prices is observed inoss-sectional data and the constant prices
assumption may lead to inaccurate demand estimatesand Wohlgenant identified several
sources of price variability including supply vdnilgty due to regional markets and quality
differences resulting from heterogeneous commoddggregation. To model the effect of
quality on demand decisions, it was assumed thagwuoers first choose the quality of the
commodity and then choose the quantity of the codityahey will buy. This allows the
quality decision, as it affects price, to be modedeparately from the quantity demanded
decision. The unit values were estimated as a ifumaif regional/mean prices as well as
household characteristics (income and family siteggt may describe preferences for
unobserved quality characteristics.

An alternative method of accounting for price-gyalariation in household level
data was put forth by Dong, Shonkwiler, and Cafg®98). They argued that both the price
and quantity decisions are affected by sample ®ekycin microeconomic data with
censored observations. Therefore, rather than asguseparability of the price-quality and

expenditure decisions, the two equations should ebBmated simultaneously. Their
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methodology was supported by empirical evidenca bigh level of correlation between the
price-quality and the expenditure equations. Howetlds method used MLE of a joint

density and may be computationally burdensome nmesapplications.

2.2.3 Quantity Aggregation

In addition to the problems created from qualigyiation in determining prices,
problems can arise in quantity definitions. Thelgthy Cox and Wohlgenant recognized the
effect of quality variation on prices, but did mitectly address the effect of quality on the
definition of quantity demanded. They used a sinspi@ of physical quantities to comprise
the composite good without a theoretical justifmatfor the definition of quantity
demanded. Nelson (1991) addressed this problenotorygithat one of three different
assumptions had to be made to justify simple surptiysical quantities to define quantity
demanded.

The first assumption requires the elementary geodsprising the composite good to
be perfectly substitutable. This makes qualityetéhces irrelevant to the consumer’s
decision. This assumption only works for individgalbds that are very homogeneous and is
not a practical assumption for most analysis usiegs-section data. The second alternative
is the assumption of weakly separable preferencgsiamothetic with-in group preferences.
This would imply that, at constant prices, theaati low to high quality items within a
group would be the same for low and high incomesaoarers (i.e., straight line income

expansion paths). However, this assumption faijagtfy the use of simple sums of physical
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guantities because it requires a quantity indekitftarporates not only the quantity
dimension, but all other aspects of the good tfiatconsumer valuation.

The third assumption, and the one Nelson sugémspsoblems using cross-section
data, uses the Hicks composite commodity theordms. theorem allows for the aggregation
of individual goods consistent with freely variablgoices across individual goods with
varying characteristics. Under this assumptionyeggtion of quantities is conducted by
weighting the subgroups of the commodity aggrebgtgroup average prices to account for

the quality variation that is reflected in the psc

2.3 Conclusion

A primary contribution of this proposed researchll vie the availability of
household-level panel data. This type of data allbw for varying degrees of aggregation
across time periods. Previous research has bedgadilmy availability of quarterly, aggregate
data making short-run effects from food safety tinfation, if they exist, difficult to detect. It
is also impossible to analyze reactions to foocdetgainformation as it varies across
consumers using aggregate per capita consumptida. ddnerefore, heterogeneity of
consumers can be incorporated into the demand sasdly provide further information on

the effects of food safety information as it varesoss different consumers.
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Table2.1 Summary of Demand and Food Safety Literature

Author Resear ch Year and Publication M easur e of Information Empirical M odel K ey Findings

Demand Studies

Brown Effects on the demand for1969, American JournalVeekly household consumption data  Linear demand Food safety information did not
cranberries of a health scaoé Agricultural observed before, during, and after the foododel have a statistically significant
from herbicide residue.  Economics safety event. effect on demand.

Smith, van Ravenswaay,Effect on demand from 1988, American JournaWonthly per capita milk consumption datainear demand

and Thompson media publicity of a of Agricultural observed before and after the food safetymodel with a
heptachlor contamination Economics event. Media index for comprised of polynomial lag
fresh fluid milk. newspaper articles rated as either negatiseucture for the

or positive and dummy variables for evenmedia variables
period.

Dahlgran and Fairchild  Effect on demand from 2002, Agribusiness Weekly aggregate data on quaamidy  Linear ARIMA

Significant negative effects from
negative news coverage.
Positive news coverage did not
significantly affect demand.

A significant negative demand

media publicity of prices of chicken. Weekly newspaper model that is non- response to adverse media was
salmonella contamination articles and T.V. stories. linear in parametersfound, but it died out within a
chicken few weeks

Burton and Young Effect on demand for beefl996, Applied Quarterly data on quantities and Dynamic Almost  Statistically significant short-ru
and other meats from BSEEconomics expenditures. Media index included Ideal Demand and long-run effects on the
in Great Britain. number of articles per quarter and the System (AIDS) demand for beef and other meats

cumulative number of articles. were found.

Piggott and Marsh Impact of food safety 2004, American JournaQuarterly disappearance data on U.S. peGeneralized Almost Impacts of food safety
information on demand forof Agricultural capita meat consumption and expenditu Ideal Demand information were statistically
beef, pork, and poultry.  Economics Media indices are commodity specific. ~System (GAIDS)  significant, but did not last

beyond the period in which the
event occurred.

Marsh, Schroeder, and Impact of food safety 2004, Applied Quarterly disappearance and expenditurdbsolute price FSIS recalls have a significant

Mintert information and FSIS Economics data on U.S. per capita beef, pork, poultryersion of Rotterdanm{although relatively short-lived)
recalls on demand for beef, and other consumption goods. FSIS recatisdel impact on demand, but media
pork, poultry, and other and media indices are commodity specific. reports do not.

consumption goods.
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Table2.1 Summary of Demand and Food Safety Literature, cont.

Event Studies

Thomsen and McKenzie Effects on stock values 02001, American JourndDaily stock market returns were used to Event study method<lass 1 recalls cause a 1.5t0 3
publically traded companiesf Agricultural calculate shareholder values. FSIS recaligere used to percent decline in shareholder
from food recalls. Economics for meat and poultry, separated by recall compare actual values. Class 2 and 3 recalls do

class (severity). returns to estimatednot have a statistically
returns significant effect.

Lusk and Schroeder Effects on futures prices #0000, NCR-134 Daily futures prices for live cattle and leaiEvent study methoddMedium-sized beef and large-
cattle and hogs from food Conference Proceedingsog futures contracts. FSIS recalls for n were used to sized pork Class 1 recalls have a
recalls of beef and pork. and pork, separated by class and the = compare actual to negative, short-term impact on

amount of product recalled. estimated futures  futures prices.

contract prices
Schlenker and Villas- Responses of consumer arD06, University of UPC scanner data and diary files from thEvent study methodsStatistically significant and

Boas financial markets to media California-Berkeley,  U.S. Consumer Expenditure Survey (CESJere used to negative effects were found
coverage of BSE. CUDARE Working data of daily purchases of meats. Daily compare effects using the scanner and futures
Paper futures prices for live cattle. across the different data. No effect was found using
data sources. the CES data.
Shimshack, Ward, and Consumer responses to 2007, Journal of Household level data was used from the Reduced form Short-run responses to the FDA
Beatty FDA advisories on exposu Environmental U.S. Consumer Expenditure Survey. analysis employing warnings existed and were
to methyl-mercury from  Economics and both parametric andprimarily determined by
store-bought fish. Management non-parametric education and newspaper
methods. readership. Spillover effects to
non-targeted groups also
occurred.
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Table 2.2 Summary of Demand Research using Microeconomic Data

Author

Resear ch Y ear and Publication M easur e of Infor mation Empirical M odel

Gao and Spreen

Perali and Chavas

Meyerhoefer, Ranney,
and Sahn

Golan, Perloff, and
Shen

Dong, Gould, and
Kaiser

Effects of health information &894, Canadian Journal of Household level consumption di Hybrid demand system combining !
the demand for beef, pork,  Agricultural Economics  collected over a one week periodjeneralized addilog system (GADS)
poultry, and fish and level version of Rotterdam model

A demand system is estimat@)00, American Journal of Household level consumption d: Tobit model using an AIDS
for food, housing, health, Agricultural Economics  collected over a one week periodpecification
education, clothing,
transportation, and all other

goods.

A demand system is estimated2005, American Journal of Three years of household level AIDS model with a random effects
for various food groups, Agricultural Economics  consumption data collected overspecification

gasoline, and non-foods. one month period.

A demand system is estimated2001, Review of EconomicsHousehold level consumption di AIDS model
for five meat groups. and Statistics collected over a one week period.

A demand system is estimated2004, American Journal of Four months of weekly househol@iobit model using an AIDS
that includes both meat and nofsgricultural Economics  level consumption data. specification
meat products.
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3 Chapter

Meat and Poultry Consumption and
Food Safety Data

3.1 Introduction

This chapter describes the data used to analgzeftbcts of food safety information
on U.S. household demand for meat and poultry. Mgrttata are used for this analysis from
the time period January 1998 to December 2005hik ¢hapter, details are given on the
creation of the variables used in subsequent clapte

The data for this study come from three sourceda@a household purchases of
meat and poultry were obtained from the Nielsen Bl&ran panel. These panel data also
contain information on several demographic charesties of the participating households.
The data used to describe food safety informatiogrewobtained from searches of

newspapers using the Lexis-Nexis academic seagihen

3.2 U.S. Household Consumption Data

The Nielsen Homescan panel is a nationwide suofdyouseholds and their retalil

food purchases. Households record purchase daszdnning the universal product codes

19



(UPCs) of the items they purchase. Each item isrdexl by a scanning device at home after
each shopping trip. The purchase data are subsiyjuptoaded electronically to Nielsen’s
database. Data include detailed product informateatie of purchase, total quantity, total
expenditure, and the value of any coupons usecevVery item purchased. Not all food
products are marked with a UPC code. Unmarked iterasreferred to as random-weight
products and include foods such as fresh meat anttrp or fresh fruits and vegetables.
Random weight items are recorded by using a coo& poovided by Nielsen that contains
product descriptions and unique codes that carcéengd by the individual. Both random-

weight and UPC coded products are used in the sisaly

3.2.1 Meat and Poultry Purchases
The products of interest for this study are freskl &rozen beef and veal, pork,

chicken, and turkey. These groups do not includepsacessed products because it becomes
difficult to determine the extent of processing dhd value added to the final price from
processing. All the fresh products used in the proposed dehzaralysis are random-weight
items and the frozen products are marked by a Ustde.cEach observation is a separate
product purchase and includes the total quantitgl@sed in pounds, the total amount spent
on the item in dollars, a product description (gggpund beef-bulk, rib eye steak, whole
chicken), and the date of purchase. Prices perafirptoduct were subsequently calculated

by dividing total expenditure by total quantity feach individual meat or poultry purchase.

2 Examples of processed meat and poultry produatside luncheon meats, frozen dinners, or soups that
contain meat or poultry.
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Initial inspection of the daily transaction datalizated possible outlier observations
or reporting errors. Therefore, prior to finalizitige dataset, several rules were developed to
eliminate these problematic outlier observationk.déplicate purchases were deleted from
the dataset. This was done based on visual ingpect the data that suggested these
purchases were incorrectly recorded. Observatidmsrevthe total quantity purchased was
less than 0.25 pounds were also deleted from tteseka This rule was used because all the
purchases that met this criterion appeared to pertiag errors. The data also contained
some extremely high per unit prices. These mayugetd recording errors or possibly highly
specialized meat purchases (e.g. mail order or hdelwery). In order to determine a
reasonable rule for deleting high prices, the imlial products within each commodity
group were analyzed to determine their respectnee @istributions. For each commodity,
the upper one percent of the distribution of thghbst priced product was used as a cut off
value. This cut off price is $36.45/Ib for beef8%l4/Ib for pork, and $20.64/Ib for poultty.
Very low prices are also present in the dataset,tduhe use of coupons for some purchases.
Coupon value ranges from zero up to 100 percertheftotal price of a product, making
some prices equal to zero. However, because theseradid purchases, they were not
removed from the datasktAfter these data cleaning rules were implemerdapgroximately
1.85% of the beef purchases, 5.80% of the pork hases, and 1.76% of the poultry

purchases were discarded from the dataset. Thedample for beef and veal consists of

% As a comparison, the commodity average prices$8r@1/lb for beef, $2.48/lb for pork, and $1.95itis
poultry.

* The percentage of all beef, pork, and poultry bases where a coupon accounts for the full price is
approximately 0.13%.
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1,321,058 observations. Pork purchases total 487¢b%ervations over the entire sample
period and the final sample of poultry purchasesamprised of 811,840 observations.
Combined, there are 2,620,646 purchase transadoorizeef, pork, and poultry in the final
sample.

Summary statistics of household level purchasegemditures, and retail prices for
beef, pork, and poultry are presented in table Bhk purchase data were grouped into five
beef, four pork, and six poultry products havingigr characteristics and average prices.
While some quality and price variation still existghin these groups (e.g. all grades of steak
are included in the beef steak category), the lefelariation is much smaller than it would
be if purchases were aggregated into groups of peef, and poultry.

The product groupings for beef are ground beefstspasteaks, frozen, and other.
Ground beef make up over 41% of the total beeflpases and have the lowest average retail
price of $2.14 per pound. Steaks have an average pf $4.56 per pound, which is the
highest price of all the beef, pork, and poultrggurcts. Pork chops are the largest group of
pork purchases (53.2%) and also have the highesage price of all pork products at $2.93
per pound. Ground pork has the lowest price pemgoat $2.01 and also comprises the
smallest percentage of all pork purchases. Whdlekeh and bone-in chicken pieces are the
most commonly purchased poultry group, making ug%4of poultry purchases. This
group’s average retail price is $1.29 per poundkdy is the only product group with a

lower price per pound of $1.26. The highest pripedltry group is boneless chicken and

® The frozen products do not include any furthercpssing beyond the freezing process. The ‘otheegray
includes fresh products that do not fall into thieep categories, such as ribs, stew meat, liver, et
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turkey pieces. The average price of this group2$%$ per pound. With the exception of
frozen chicken and turkey, which make up over 1G%lbpoultry purchases, frozen meat
products are a very small proportion of all meadl @oultry purchases. The frozen beef
category makes up the smallest percentage of efl jnerchases and frozen pork purchases
were too small to be considered a separate catégory

One advantage of working with daily purchase dat#ée flexibility to choose the
frequency of observation. The choice of periodiagydriven primarily by the level of
censoring in the data. If purchases are aggredatadveekly level, the amount of censoring
in this dataset is very larde Quarterly data greatly reduces the amount of arémg for all
commodities, but that level of periodicity could skgpossible short run food safety effects.
Therefore, a compromise of a monthly periodicityswdnosen for the empirical analysis.
Approximately 4.70% of the households did not pasghany meat or poultry products in a
given year. These households where removed fronpémel, leaving 62,136 households
across all eight sample years. Although househtilds made no purchases of meat and
poultry were removed, a large amount of censoriagains in the monthly data. The
percentages of censored observations for monthighpses of beef, pork, and poultry are
presented in table 3.2. Beef products have the dowmount of censoring across all the
sample years. Of the 745,632 monthly householdreasens, 42.2% have a zero quantity.

This means that 57.8% of households bought at mastbeef product on a monthly basis.

® Frozen pork purchases comprise less than 1% qicak purchases and were grouped into the othdt por
category.

" The percentages of censored observations wheradatggregated using a weekly periodicity are %7&r
beef purchases, 89.4% for pork purchases, and 8#®2poultry purchases.
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Poultry purchases are censored an average of 52.fdwed by pork purchases at
65.12%.

The percentages of all monthly household obsemstibat are censored, by product
group, are presented in table 3.3. The productpgdlat are bought most often on a monthly
basis by households in the sample are ground pegkt,chops, whole chicken, and bone-in
chicken pieces. The product groups that are bowghtthe least amount of frequency are

ground pork, frozen beef, and ground poultry.

3.2.2 Household Demographics

The Nielsen Homescan panel is a stratified randmmpge that was selected based on
both geographic and demographic targets. Partioipaates of households in the sample are
listed for each year in table 3.4. Annual partitipain the panel ranged from a low of 6,966
households in 1999 to a high of 8,428 household®008. Participation across sample years
ranged from one to eight years, with the largestgrgage of households participating for
one year of the panel (32.7%). To be consideredardicpant for a sample year, the
household must have participated for at least 1TRahonths of the year.

The dataset used in this study is an unbalanced! panthat not all households
participated for all sample years. However, thetriiistions of the demographic and
geographic characteristics of the households withisample year do not vary noticeably
from year to year. The values and frequencies ofabikes describing these household

characteristics are listed in table 3.5 and weleutated by averaging across all sample
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years. The characteristics are also summarizedhig@ly in figure 3.1, where the
percentage of the total sample is given for eachadgaphic category. Two person
households comprise just over 37.5% of the totalpda, while households with five or more
members make up only 9.4% of the sample. Most Hmide in the sample (70.3%) do not
have children under the age of 18 living in the d@muncome level appears to be relatively
evenly distributed across the mid-range incomel$e(®20,000 to $49,999 per year), with a
large percentage falling in the range of $70,00698,999 per year. The age distribution
indicates few participants under age 30, whileléingest percentage of household heads are
in the 55 to 64 year age range. Most head of haldeh the sample are employed full time
(over 35 hours per week). However, a relativelgéapercentage of heads of household are
not employed for pay (18.8 % of men and 32.7% ome&n). The highest education level
attained by the head of household is relativelyngvdistributed between high school, some
college, and college graduates. Over 61% of thgpkam comprised of married households,
which allows for information on both the male aedhfle head of household. The sample is
relatively evenly distributed over the four geodri@al regions, with the highest participation

in the southern region.

3.2.3 Demographics and Purchases of Select Groups
In addition to analyzing the data across the ers@ple, it is useful to summarize
the characteristics of select groups based onicectaracteristics. The first of the three

groups analyzed in this section is high income Bbakls, which reported an annual
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household income of $100,000 or more. This groupasle up of 5,642 households over the
eight sample years. The second group is compriskduseholds with children under the age

of 18 living at home. This group consists of 18,8@lseholds over the entire sample period.
The third subgroup that was analyzed is househwiiffisboth heads aged 55 years and older.
There are 12,467 observations over the sample géoiothis group. These groups are not
mutually exclusive. That is, a household with cteld may be included in the high income

group, a high income household may have both haged 55 and older, and so on.

The Nielsen dataset offers a wide array of optiersanalyzing the data using
demographic characteristics. The three groups fmethis analysis were selected due to
their unique characteristics with respect to foafety information and the demand for meat
and poultry. High income households may face aelargimber of affordable substitutes,
which could affect their consumption patterns ie firesence of food safety information.
These households also tend to have higher educlatets, which could affect the way in
which they process and respond to food safety mmébion. Households with children and
people aged 55 and older are interesting groupdaltleeir potential risk level with respect
to food borne pathogens. The two groups are the susseptible to becoming very sick or
even dying from exposure to these pathogens. Tdrerethe demand response of these
households to food safety information may be d#ferthan households without these
relatively higher risk members.

Household participation rates by group are preskeintéable 3.6. Participation across
sample years is relatively constant and similath&d of the whole sample. The high income

households and those with children present hawessgrear participation patterns like those
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of the whole sample. Approximately 45% of the hdwdés in these groups participated for
one year, while only about 3% participate for &jh¢ years. Households with heads aged 55
and older have a slightly different participatioattern. The majority of these households
only participate for one year (25.6%). However,réhés a much larger percentage that
participated for several years as compared to ther @roups, with over 10% participating
for all eight years.

The demographic and geographic characteristicseofitree subgroups of households
are summarized in table 3.7. A graphical summarthefcharacteristics is also presented in
figure 3.2, where the percentage of households invidubgroups is given for each
demographic category. There are a few distinctebfices in household characteristics
between the three groups. First, households withid1@aged 55 and older make up the largest
percentage of both the male and female heads nolbged for pay. This is expected, given
that the age range includes people likely to beeckt They are also the group with the
largest percentage of education levels below cellg@duate. High income households are
comprised predominately of four or less people amake up the highest percentage of
college and post college graduates for both madefamale heads. High income households
also have the highest percentage of both men amdewavorking full time, as compared to
the other groups. Households with children preseve the largest percentage of female
heads of household working less than 35 hours pekwThis is likely due to mothers
staying at home to care for children either fulpart time.

Other interesting comparisons that can be madedegtwhese three groups are their

meat and poultry purchases. The monthly averagehpses made by these groups across all
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sample years are presented in table 3.8. Thesehiyicawerages give some idea of the
relative quantities of various meat and poultryducts that these groups purchase. Relative
to the other groups, households with children pregerrchase larger quantities of ground
beef, whole and bone-in chicken pieces, and fratecken and turkey. Given the time and
income constraints that are common for familieshwahildren, it makes sense that they
would purchase products which tend to be loweregriand more convenient to prepare than
other meat and poultry products. Households withideeaged 55 and older purchase more
beef roasts, pork roasts and hams, and whole ametibdurkey, relative to the other groups.
Given the high percentage of these households katds that are not employed for pay,
their opportunity cost of time for food preparatiomay be lower than the other groups.
Therefore, they tend to purchase products thatinreguore preparation and cooking time.
High income households, on average, purchase Isligidre ground and boneless
poultry and less beef roasts, pork chops, and whbieken than the other groups. Both
ground and boneless poultry are relatively higltqati products. These households do not
appear to purchase larger amounts of other higlepproducts such as beef steak. However,
this dataset includes only purchases made at greteres and similar food stores. If higher
income households are eating more of their meaksydwom home than the other groups,
then their meat and poultry purchases from grosésyes may not fully reflect the income

effect that would be expected for certain prodwdth higher average prices.
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3.3 Missing Prices

As mentioned previously, prices per unit of eachamand poultry product were
calculated by dividing total expenditure by totalagtity. This results in retail prices being
available only for the households that actually empdrchases. For the households that chose
not to purchase a product in a given month, theepthey faced for that product is not
recorded. Therefore, the missing prices must beutetp for households without positive
purchases in order to have a complete datasesfionaion purposes.

Several studies have used regional average praidsby consuming households to
replacing missing prices for non-consuming housghadften with some kind of adjustment
for degree of urbanization or household-specifiefgnences (Cox and Wohlgenant, 1986;
Dong, Gould, and Kaiser, 2004; Golan, Perloff, &tten, 2001). In this study, a similar
approach is employed that uses sample averagesonthiy prices paid by consuming
households for each beef, pork, and poultry gragwell as regional and demographic
characteristics of the households to impute mispiges® Following Cox and Wohlgenant,
household income is used to capture hypothesizgdases in quality that may be demanded
from increased income. A variable for househole s& used to account for economies of
size in purchasing meat and poultry products. Qatadrterms for both income and

household size are also included in the regresdi@ther demographic variables were

8 The use of an ad-hoc method of filling in missprizes may lead to selection bias in price elaiisiof
demand. Alternative estimation strategies for aggliith selection bias include the Heckman'’s (19%&)-step
estimator or the method of joint estimation of guase choice and prices put forth by Erdem, Keame: Sain
(1999). However, the choice of the most appropmag¢hod for this study is an empirical one andflaftfuture
research.
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considered for the price equations; however, theffioients were not statistically different
from zero for most of the goods.

The final specification of the linear price regiesss as follows:

P = QB + 7,1, +0U, +7i, +Kif +TS, + ps; +&, (3.1)
where p,, is the observed price of goedn montht for consuming household, p, is the
sample average monthly price for gobdh montht, r, is a vector of binary variables
indicating the region in which the household isaled, u, is a binary variable indicating if
the household is located in an urban aiigds household incomd? is household income
squared,s, is the size of householdy is the squared size of househad, is an iid error
term, anda,y,,0,7,k,T, ando are the corresponding coefficients to be estimatethe

regression is estimated without a constant terthaoall the regional binary variables can be
included and standard errors are estimated usengotbust sandwich estimator (Huber, 1967,
White, 1980).

The results of the price regressions for each garedpresented in table 3.9. The
coefficients of most of the variables are stataljcsignificantly different from zero at the 5
percent level across all the price regressions.ti#dl coefficients for the monthly average

group price are positive, while the signs of thgioeal binary variables vary, depending on

° Total household income is recorded as an inténvtilis dataset (see table 3.5). Therefore, thepaiid of the

interval is the value used in the price regressitm.calculate the midpoint of the highest incomege an
upper bound of $150,000 was used. This method p¥enting intervals to continuous values may regult
inconsistent estimates (Stewart, 1983) and theedegfr bias increases with the degree of the intéGameron,
1987). However, the income intervals given in tiiggdaset have a relatively small range, so the effethe

midpoint method on parameter consistency is expectée small.
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the regression. The coefficient for urbanizatiap, is positive for all the goods, except

frozen beef and poultry. The positive sign indisateat consumers in urban areas tend to pay
slightly more for meat and poultry products thamsamers in non-urban areas. The

coefficients for household income,, are positive across all equations and the coeffis

for i? are negative for all but one good. The negatigm sin the quadratic income term

indicates that, while higher income households paye for meat and poultry products, the
effect declines as income rises over the relevamge of income values. The coefficients for
household size were the expected negative sigrirendquared terms tended to be positive
when they were statistically significantly diffetenom zero. These results suggest that size
economies for purchases of meat and poultry hal@nenward effect on prices that diminish
as household size increases.

The regression coefficients for each good werseglhently used to predict prices for
the non-consuming households. Predicted prices wla@@ned by using the sample monthly
average prices and the geographic and demographiacteristics of the non-consuming
households. These predicted prices replace thes zerprovide a complete series of prices
for subsequent demand analysis. The summary g&tatisf monthly group prices are

displayed in table 3.10 for both the observed ardipted prices of each good.
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3.4 Pricelndices

The grouping of purchases into various beef, parid poultry products of similar
characteristics and average prices is intendedibtomze the amount of quality and price
variation that occurs when the daily purchasesagggegated to a monthly level. However,
the number of equations that must be estimatetillisedatively large (five beef, four pork,
and six poultry groups), so the products are aggeeto the commaodity level for estimation
purposes. While aggregation is useful for estinmatibcan mask variation in product prices
and quality, making explicit consideration of thvariation within aggregate commodities
critical.

One way to account for the within-species price quality variation that exists when
purchases were aggregated is to use the groupspdazeate a price index. The price index
is a function of average prices and quantitieshefhieef, pork, and poultry groups, thereby
controlling for individual product quality and peicariation in the aggregation process.

The price index is specified following Tornqvist9@6) and is an expenditure share-

weighted geometric price index defined as:
B G
P =[] Pu” (3-2)

where p’ is the index price of beef for househalth montht, p,, is the retail price of beef

groupi faced by the householdin montht, w; is the beef group share of total household
expenditures on all groups of beef, &ads the number of groups specified for beef. The

expenditure share is calculated as follows:
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W = B.X% , (33)

where p, is the average price of beef groupcross the entire sample period aqds the

average quantity purchased of beef grbapross the entire sample pert8dFor beef, there
are five subgroups with group 1 referring to groleef, group 2 to roasts, group 3 to steaks,
group 4 to frozen beef, and group 5 to other b&eimilar price index was calculated for the
pork and poultry aggregates as well, using fouugsofor pork and six groups for poultry.
Summary statistics of the beef, pork, and poulprgetric price indices are presented in

table 3.11.

3.5 Quality Adjusted Quantities

Aggregation of the total quantities purchased tm@mmodity level may diminish the
quality variation that exists between the individogeat and poultry products. Therefore,
some adjustment to the aggregation process fortijearthat accounts for quality variation
is needed. Following Nelson (1991), the Hicks cosijgocommodity theorem is assumed
and average prices of the individual meat and pp@jtoups are used to represent quality
differences. These group average prices can betaseeight the individual group quantities

within the aggregation process. The quality adpisggantities are defined as follows:

G
Oy =Y. 0% Op® | (3.4)
i=1

9 The monthly retail price of each group is the obse group price if the household bought that graup
montht. If the household did not purchase that group the predicted group price is used.
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where g’ is the quality adjusted quantity of beef purchasgtiouseholdh in montht, g2 is

the monthly quantity purchased of beef grolgy the householdp® is the average price of

beef group across the entire sample period, & the number of subgroups specified for
beef. A similar price index was also calculatedtfoe pork and poultry quantity aggregates.
Prior to estimation, the quality adjusted quargitee divided by the number of people in the
household to arrive at a per capita quantity pusetdaneasure. No adjustment could be made
for the number of adults versus children becauffecgunt information to such an adjustment
was not available. Summary statistics of the quaditjusted per capita quantities are

presented in table 3.11 for beef, pork, and poultry

3.6 Food Safety Media Indices

Following Piggott and Marsh (2004), food safetynieasured using commodity-
specific indices of newspaper articles. This speation of commodity-specific media
indices allows the cross-commodity effects of fogafety information to be explicitly
modeled. Relevant articles from six major papersaoh of four regions of the United States
were found using the Lexis-Nexis search engine. fdmmes and locations of the regional
newspapers are given in table 3.12. The articleigsi@vere constructed using the keywords
food safety or contamination or product recall or outbreak or salmonella or listeria or E. coli
or trichinae or staphylococcus or foodborne. From these search results, the articles were
further queried for commodity-specific informationsing the search termbeef or

hamburger; pork or ham; andchicken, turkey, or poultry.
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The articles counts gathered from the regionalspaper search were aggregated to
create indices that are 30-day rolling averagesthef number of newspapers articles
published during the previous two weeks. The imdaifor this specification of the indices is
that each day of the month is a potential purcltmsasion and the available and relevant
information for each purchase occasion may chasgare passes. At the beginning of the
month, the articles most likely to impact houselmldchase decisions are the ones published
in the latter half of the previous month. Over ttwarse of the month, however, the most
relevant food safety information becomes articleligshed in the current month. The rolling
average specification captures this change in @ailinformation over the 30 day peritd.

The choice of a two week ‘memory’ for the medider is based on investigation of
the household purchase data. These data indicatedh average, fresh meat and poultry
products are bought about 2 times per month. Summsiatistics of household purchase
frequency are given in table 3.13 and a histograthe purchase frequencies is provided in
figure 3.3. The bi-weekly frequency with which hehbslds purchase meat and poultry serves
as the basis for a two week memory specificatiothefmedia index. Summary statistics for
each commodity index, by region, are shown in t&8ld for the years 1998 to 2005. Figures
3.4, 3.5, and 3.6 display the regional media inglioe beef, pork, and poultry, respectively.
While the indices tend to follow the same trenderall, there is some variation in the

indices that reflects differences in regional mextigerage of food safety information.

1 |nitial model estimation was conducted with a feadety media index that was a simple linear agajieq to
the monthly level, as used in Piggott and Marstog)0The parameter estimates of food safety inftioman
these preliminary models did not change apprecidépending on the specification of the media index.
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The total number of newspaper articles for beefkpand poultry is displayed in
figure 3.7. The level of food safety articles isaterely constant during most months, with
noticeable spikes in articles for beef in March 2Z0December 2003, and January 2004. The
large number of articles in March 2001 correspdondan outbreak of foot and mouth disease
in Europe, while the large number of articles ircBaber 2003 and January 2004 are a result
of the discovery of a BSE-positive cow in Washimg&tate. The large spikes in the poultry
index in January through February of 2004 and Gataifarough November of 2005
correspond to outbreaks of avian influenza in ssvAsian countries as well as reports of
poultry to human infection that was often fatal.efdr was also a large amount of news
articles covering the U. S.’s policy for dealingthviavian influenza if found in domestic
flocks. The index for pork is made up of much fewsdicles, but still displays some spikes in
news coverage. These periods of increased foodysafe usually correlated with beef or
poultry events'? Despite the absence of a large food safety eyamific to pork, the sample
period did contain instances of pork products besobject to recalls due to listeria and

salmonella.

3.7 Conclusion
The use of data on household level meat and popiirchases and species-specific
media indices allows for the investigation of tleerénd effects of food safety information as

it varies across consumers. This dataset contaomghty data from 1998 to 2005. A monthly

12 The correlation between the indices is as folldveef-pork (0.613), beef-poultry (0.517), and ppdultry
(0.248).
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periodicity allows for analysis of relatively shoun demand effects from food safety
information as well as mitigating the number of @m@d observations common in household
level data. The data were sorted into fifteen uiges groups having similar product
characteristics and average prices. The groupintpadelogy is intended to reduce quality
variation that would be found in using simple beefrk, and poultry aggregates.

Further work with the data included estimation b& tmissing retail prices for
households that did not make purchases during engmonth. Monthly average prices for
each subgroup, regional effects, and income anddimld size effects were used to estimate
these prices. The observed and estimated prices sudrsequently used to create monthly
price indices for beef, pork, and poultry aggregatemodities.

Initial investigation of the demographics and aongtion patterns of three subgroups
of the Nielsen panel indicate that observable hooiseheterogeneity plays an important role
in demand estimation. The three subgroups (higlonmec households, households with
children present, and head of households aged &®lder) have distinct differences in the
product groups of meat and poultry they consumeisdbolds with heads aged 55 and older
tend to purchase products requiring longer prejmaraimes (e.g. beef roast and hams), while
households with children tend toward lower pricewl &onvenient preparation meat and
poultry products (e.g. ground beef and chickengsgcVariation between the subgroups in
characteristics such as education and employmafissalso suggests possible differences in
their responses to food safety information. Theeefdhe reduced-form demand analysis

presented in the next chapter will focus not onytiee full sample of households, but also
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certain subgroups to determine if demand respam$eod safety information varies across

heterogeneous consumers.
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Table3.1 Summary Statistics of Household M eat and Poultry Purchases

Per cent of
Group® Aver age Minimum® M aximum Std. Dev.
BEEF
Ground beef 41.11
Quantity (Ibs) 2.211 0.250 100.000 1.634
Expenditure ($) 4.265 0.000 104.800 2.988
Retail Price ($/Ib) 2.141 0.000 36.361 0.980
Roasts 13.82
Quantity (Ibs) 3.126 0.250 68.600 1.865
Expenditure ($) 7.260 0.000 103.920 5.797
Retail Price ($/Ib) 2.504 0.000 36.362 1.464
Steaks 30.55
Quantity (Ibs) 1.660 0.250 96.800 1.404
Expenditure ($) 6.730 0.000 216.500 6.248
Retail Price ($/Ib) 4,556 0.000 36.355 2.980
Frozen 1.32
Quantity (Ibs) 2.448 0.313 64.000 1.979
Expenditure ($) 6.741 0.000 97.160 4,540
Retail Price ($/Ib) 3.148 0.000 19.980 1.396
Other 13.21
Quantity (Ibs) 2.113 0.250 349.000 2.149
Expenditure ($) 4.770 0.000 611.480 4.572
Retail Price ($/Ib) 2.661 0.000 36.393 1.860
PORK
Ground pork 2.52
Quantity (Ibs) 1.391 0.250 32.000 1.187
Expenditure ($) 2.589 0.000 37.400 1.882
Retail Price ($/Ib) 2.013 0.000 17.447 0.933
Roasts and hams 20.28
Quantity (Ibs) 4.861 0.250 165.900 3.478
Expenditure ($) 9.120 0.000 220.430 6.532
Retail Price ($/Ib) 2.448 0.000 18.136 1.848
Steaks and chops 53.24
Quantity (Ibs) 2.219 0.250 119.860 2.017
Expenditure ($) 5.294 0.000 94.170 3.479
Retail Price ($/Ib) 2.934 0.000 18.030 1.515
Other 23.95
Quantity (Ibs) 2.269 0.250 120.000 2.831
Expenditure ($) 4.363 0.000 99.990 3.848
Retail Price ($/Ib) 2.417 0.000 18.137 1.726

®Percent of group calculated as a percentage dfabi(1,321,058), pork (487,748), and poultry (820)

group purchases, respectively.
® Zero expenditure and price values are due to $heoficoupons.
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Table3.1 Summary Statistics of Household M eat and Poultry Purchases, cont.

Per cent of
Group® Aver age Minimum® M aximum Std. Dev.
POULTRY

Ground poultry 4.29
Quantity (Ibs) 1.697 0.260 30.000 1.341
Expenditure ($) 3.413 0.000 82.130 2.337
Retail Price ($/Ib) 2.190 0.000 20.000 1.116

Whole, bone-in chicken 44.58
Quantity (Ibs) 4.021 0.250 695.250 2.933
Expenditure ($) 4.155 0.000 300.000 2.696
Retail Price ($/Ib) 1.291 0.000 20.333 1.030

Whole, bone-in turkey 7.82
Quantity (Ibs) 8.032 0.250 171.510 6.204
Expenditure ($) 7.543 0.000 81.260 5.752
Retail Price ($/Ib) 1.262 0.000 20.423 1.090

Boneless 25.92
Quantity (Ibs) 2.505 0.250 73.600 1.727
Expenditure ($) 5.641 0.000 99.900 3.648
Retail Price ($/Ib) 2.694 0.000 20.505 1.451

Frozen 10.23
Quantity (Ibs) 4.280 0.250 80.000 3.075
Expenditure ($) 7.853 0.000 111.920 5.169
Retail Price ($/Ib) 1.959 0.000 17.320 0.904

Other 7.16
Quantity (Ibs) 2.213 0.250 824.560 4.359
Expenditure ($) 3.584 0.000 190.000 3.345
Retail Price ($/Ib) 2.204 0.000 20.636 1.891

Percent of group calculated as a percentage dfabi(1,321,058), pork (487,748), and poultry (820)

group purchases, respectively.
b Zero expenditure and price values are due to $keoficoupons.
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Table 3.2 Censored Monthly Observations by Y ear

Year Beef Pork Poultry
1998 36.84 60.54 48.94
1999 37.40 61.11 48.81
2000 39.21 64.49 49,91
2001 42.23 65.31 51.68
2002 43.80 66.34 53.00
2003 45.42 66.79 54.02
2004 46.36 67.35 55.20
2005 46.32 69.01 56.59

Table 3.3 Censored Monthly Observations by Commodity®

Group Average
BEEF
Ground beef 62.46
Roasts 82.89
Steaks 72.73
Frozen 97.94
Other 85.46
PORK
Ground 98.68
Roasts and hams 89.28
Steaks and chops 77.63
Other 89.89
POULTRY
Ground poultry 96.82
Whole, bone-in chicken 74.54
Whole, bone-in turkey 93.42
Boneless 83.20
Frozen 91.25
Other 94.50

® Summary statistics are across the entire sammhe #1998 to 2005.

Table 3.4 Household Participation Rates

Within-Y ear Participation

Across-Year Participation

Y ear Number of Households Percent

Yearsin Panel? Number of Households Percent

1998
1999
2000
2001
2002
2003
2004
2005

7,465
6,966
7,307
7,890
8,284
8,428
8,043
7,753

12.01
11.21
11.76
12.70
13.33
13.56
12.94
12.48

1

NO OB~ WDN

8

6,159
3,200
2,233
1,664
1,525
1,245
1,161
1,625

32.74
17.01
11.87
8.85
8.11
6.62
6.17
8.64

% Households participated for at least 10 monthth@kample year.
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Table 3.5 Household Panel Demographic Variables

Demogr aphic Variable Frequency Per cent of Samplée®
Household Size
Single member 1,820 23.33
Two members 2,913 37.48
Three members 1,222 15.76
Four members 1,087 14.05
Five members 479 6.19
Six members 160 2.06
Seven members 57 0.74
Eight members 18 0.23
Nine or more membe 13 0.17
Household Income
Under $5000 46 0.59
$5000-$7999 73 0.94
$8000-$9999 72 0.93
$10,000-$11,999 107 1.37
$12,000-$14,999 198 2.54
$15,000-$19,999 388 4,99
$20,000-$24,999 559 7.19
$25,000-$29,999 496 6.40
$30,000-$34,999 581 7.48
$35,000-$39,999 541 6.97
$40,000-$44,999 584 7.55
$45,000-$49,999 528 6.81
$50,000-$59,999 901 11.63
$60,000-$69,999 767 9.89
$70,000-$99,999 1,223 15.72
$100,000 & Ove 70E 9.0z
Ageof Male Head"
Under 25 Years 23 0.30
25-29 Years 160 2.09
30-34 Years 431 5.58
35-39 Years 608 7.85
40-44 Years 719 9.29
45-49 Years 791 10.22
50-54 Years 760 9.82
55-64 Years 1,210 15.56
65+ Years 1,079 13.82
No Male Hea 1,987 25.4¢
Age of Female Head"”
Under 25 Years 52 0.69
25-29 Years 250 3.26
30-34 Years 549 7.11
35-39 Years 730 9.44
40-44 Years 889 11.49
45-49 Years 966 12.47
50-54 Years 951 12.24
55-64 Years 1,467 18.80
65+ Years 1,158 14.82
No Female Hee 75k& 9.7C

& Summary statistics calculated as average acressight sample years.
® Married households have information on both théeraad female head of household.
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Table 3.5 Household Panel Demographic Variables, cont.

Demographic Variable Frequency Per cent of Samplée®

Age and Presence of Children
Under 6 only 330 4.29
6-12 only 549 7.08
13-17 only 628 8.13
Under 6 & 6-12 302 3.90
Under 6 & 13-17 48 0.61
6-12 & 13-17 372 4.80
Under 6 & 6-12 & 13-17 67 0.87
No Children Under 1 5,472 70.3:

M ale Head Employment”
Under 30 hours 235 3.02
30-34 hours 140 1.80
35+ hours 3,937 50.89
Not Employed for Pay 1,468 18.81
No Male Hea 1,987 25.4¢

Female Head Employmentb
Under 30 hours 885 11.41
30-34 hours 378 4.88
35+ hours 3,203 41.34
Not Employed for Pay 2,547 32.68
No Female Hee 75E 9.7C

M ale Head Education®
Grade School 76 0.97
Some High School 291 3.74
Graduated High School 1,315 16.93
Some College 1,767 22.79
Graduated College 1,548 19.97
Post College Grad 783 10.12
No Male Hea 1,987 25.4¢

Female Head Education®
Grade School 38 0.48
Some High School 206 2.65
Graduated High School 1,765 22.70
Some College 2,376 30.61
Graduated College 1,892 24.37
Post College Grad 737 9.50
No Female Hee 75E 9.7C

Region
East 1,658 21.32
Central 1,582 20.53
South 2,840 36.45
Wes 1,687 21.7C

Marital Status
Married 4,755 61.37
Widowed 618 7.90
Divorced/Separated 1,142 14.64
Single 1,253 16.09

® Summary statistics calculated as average acressight sample years.
® Married households have information on both théeraad female head of household.
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Table 3.6 Household Participation Rates by Demographic Group

Within-Y ear Participation

Acraoss-Year Participation

Y ear Number of Households Percent

Yearsin Panel? Number of Households Percent

High Income
1998
1999
2000
2001
2002
2003
2004
2005

Children Present
1998
1999
2000
2001
2002
2003
2004
2005

55 Yearsand Older
1998
1999
2000
2001
2002
2003
2004
2005

6,324
5,976
6,852
8,136
9,696
9,648
10,296
10,776

32,916
27,168
26,856
29,088
29,832
27,732
24,324
22,452

14,748
15,396
16,524
18,108
19,524
21,360
21,600
22,344

9.34

8.83
10.12
12.02
14.32
14.25
15.21
15.92

14.94
12.33
12.19
13.20
13.54
12.58
11.04
10.19

9.86
10.29
11.05
12.10
13.05
14.28
14.44
14.94

O~NO UL WNPE o~NO O~ wWDNBRE

O~NO UL WNPF

1,029
504
266
170
130

93
49
72

3,430
1,509
921
556
465
271
182
213

883
602
468
342
290
232
258
370

44.49
21.79
11.50
7.35
5.62
4.02
2.12
3.11

45.45
19.99
12.20
7.37
6.16
3.59
241
2.82

25.63
17.47
13.58
9.93
8.42
6.73
7.49
10.74

#Households participated for at least 10 monthth@kample year.
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Table 3.7 Household Panel Demogr aphic Variables by Demogr aphic Group

High Income Children Present 55 and Older
Demographic Variable Per cent of Sample 2
Household Size
Single member 7.55 0.00 0.00
Two members 41.19 5.50 79.44
Three members 19.80 27.17 13.52
Four members 19.74 38.34 453
Five members 7.99 18.68 1.45
Six members 2.61 6.55 0.72
Seven members 0.73 2.43 0.22
Eight members 0.25 0.76 0.09
Nine or more members 0.14 0.57 0.03
Household I ncome
Under $5000 - 0.41 0.24
$5000-$7999 - 0.54 0.20
$8000-$9999 - 0.47 0.28
$10,000-$11,999 -- 0.88 0.82
$12,000-$14,999 - 1.66 1.72
$15,000-$19,999 - 3.44 4.60
$20,000-$24,999 - 5.45 7.22
$25,000-$29,999 - 5.45 7.46
$30,000-$34,999 -- 6.48 8.51
$35,000-$39,999 - 6.44 8.07
$40,000-$44,999 - 7.61 8.15
$45,000-$49,999 - 6.88 7.58
$50,000-$59,999 - 12.92 12.03
$60,000-$69,999 -- 11.73 9.80
$70,000-$99,999 - 19.05 15.12
$100,000 & Over 100.00 10.59 8.19
Ageof MaleHead °
Under 25 Years 0.02 0.43 -
25-29 Years 0.80 3.34 -
30-34 Years 6.15 11.58 -
35-39 Years 10.39 17.74 -
40-44 Years 13.35 19.72 -
45-49 Years 15.19 16.22 -
50-54 Years 19.00 8.85 -
55-64 Years 21.68 6.02 42.89
65+ Years 7.48 1.70 57.11
No Male Head 5.96 14.39 0.00
Age of Female Head b
Under 25 Years 0.14 1.14 --
25-29 Years 1.77 6.00 -
30-34 Years 7.64 15.96 -
35-39 Years 11.70 22.69 -
40-44 Years 14.25 22.60 -
45-49 Years 16.91 16.05 -
50-54 Years 17.25 7.59 -
55-64 Years 17.69 4.66 58.11
65+ Years 5.16 1.21 41.89
No Female Head 7.50 2.10 0.00

& Summary statistics calculated as average acressight sample years. Sample size is 5,642

observations for high income households, 18,364mbsions for households with children, and 12,467

oberservations for head of households aged 55 wearsider.
® Married households have information on both théeraad female head of household.
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Table 3.7 Household Panel Demogr aphic Variables by Demographic Group, cont.

High Income Children Present 55 and Older
Demogr aphic Variable Per cent of Sample ?
Age and Presence of Children
Under 6 only 5.41 14.39 0.77
6-12 only 7.27 23.89 1.11
13-17 only 10.60 27.37 1.90
Under 6 & 6-12 4.71 13.15 0.27
Under 6 & 13-17 0.51 2.07 0.07
6-12 & 13-17 5.26 16.19 0.29
Under 6 & 6-12 & 13-17 0.69 2.94 0.03
No Children Under 18 65.54 - 95.55
Male Head Employment b
Under 30 hours 2.45 1.69 6.54
30-34 hours 2.00 1.79 2.82
35+ hours 79.67 75.90 29.54
Not Employed for Pay 9.93 6.23 61.10
No Male Head 5.96 14.39 0.00
Female Head Employment b
Under 30 hours 10.44 17.11 11.37
30-34 hours 3.86 6.56 4.20
35+ hours 56.75 45.59 21.07
Not Employed for Pay 21.45 28.63 63.36
No Female Head 7.50 2.10 0.00
Male Head Education "
Grade School 0.05 0.87 2.77
Some High School 0.67 4.12 7.05
Graduated High School 6.35 20.64 24.21
Some College 19.21 26.27 29.20
Graduated College 34.37 23.77 21.62
Post College Grad 33.39 9.93 15.16
No Male Head 5.96 14.39 0.00
Female Head Education °
Grade School 0.05 0.41 0.91
Some High School 0.32 2.39 453
Graduated High School 7.82 23.25 31.85
Some College 22.97 33.03 35.24
Graduated College 36.48 30.09 18.35
Post College Grad 24.87 8.75 9.11
No Female Head 7.50 2.10 0.00
Region
East 23.79 21.96 19.61
Central 14.85 20.21 21.19
South 35.75 37.38 36.07
West 25.61 20.45 23.13
Marital Status
Married 82.88 80.40 97.08
Widowed 2.11 2.16 1.06
Divorced/Separated 5.64 11.16 1.15
Single 9.38 6.28 0.71

% Summary statistics calculated as average acressight sample years. Sample size is 5,642
observations for high income households, 18,364mbsions for households with children, and 12,467
oberservations for head of households aged 55 gearslder.

® Married households have information on both théeraad female head of household.
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Table 3.8 Monthly Meat and Poultry Purchases by Demographic Group

High Income Children Present 55 Yearsand Older

Aver age Monthly Purchase (Ibs)

BEEF
Ground beef 1.40 2.14 1.79
Roasts 0.80 0.86 1.06
Steaks 1.04 1.02 1.04
Other 0.43 0.59 0.57
Frozen 0.05 0.09 0.05
PORK
Ground pork 0.03 0.02 0.03
Roasts and hams 0.64 0.65 1.02
Steaks and chops 0.76 0.91 0.94
Other 0.25 0.38 0.45
POULTRY
Ground poultry 0.11 0.09 0.08
Whole, bone-in chicken 1.88 2.39 2.12
Whole, bone-in turkey 0.83 0.70 0.98
Boneless 1.00 0.94 0.64
Other 0.16 0.19 0.19
Frozen 0.43 0.71 0.43
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Table 3.9 Estimated Coefficients of Censored Product Price M odels

Monthly Aver age Region Urban  Household Household Household Household
GroupPrice East Centra  South West Area Income  |ncome” Size Sizée®

BEEF

Gr ound beef

Coefficient 0.823* 0.288* 0.083* 0.159* 0.369* 0.132* 7.6E-06* 2.2E-11* -0.120* 0.009*
Robust Std. Error (0.006) (.017)  (0017)  (0.017)  (0.017) (0.005) (W (L6EO4) (0.005)  (0.001)
R 0.860

Roasts

Coefficient 0.942* -0.044 -0.180* -0.059 0.020 0.101* 6.2E-06* 2812 -0.078* 0.005*
Robust Std. Error (0.012) (0.038)  (0.037)  (0.038)  (0.038)  (0.011) (49E (3.6E04) (0.011)  (0.001)
R 0.782

Steaks

Coefficient 0.956* -0.364* -0.688* -0.557* -0.493* 0.345* 2.8E-05* 6.7E-11* -0.379* 0.020*
Robust Std. Error (0.010) (0.057)  (0.056)  (0.057)  (0.057)  (0.017) (W6E (5.6E04) (0.015)  (0.002)
R 0.746

Other

Coefficient 0.916* 0.031 -0.167* -0.185* 0.176* 0.196* 9.6E-06* 2.2E-11* -0.126* 0.009*
Robust Std. Error (0.017) (0.054)  (0.053)  (0.053)  (0.054) (0.014) (65 (5.0E04) (0.014)  (0.002)
R 0.718

Frozen

Coefficient 1.042* -0.118 0.458* -0.162 0.292* -0.133* 1.1E-05* 7B:11* -0.169* 0.006
Robust Std. Error (0.027) (0.116)  (0116)  (0.115)  (0.114)  (0.051)  (0BF (9.5E:04) (0.025)  (0.003)
R 0.864

PORK

Ground por k

Coefficient 1.007* 0.004 -0.286* -0.193 -0.095 0.063* 5.8E-06* 5&11* -0.040 0.001
Robust Std. Error (0.050) (0108)  (0109)  (0.110)  (0.107)  (0.024) (0B (7.9E:12) (0.027)  (0.004)
R 0.845

Roasts and hams

Coefficient 1.075* -0.442* -0.494* -0.508* -0.448* 0.035* 9.4E-06* 2.7E-11* -0.059* 0.004
Robust Std. Error (0.019) (0.055)  (0.054)  (0.055)  (0.055) 0018) (UM (5E12) (0.017)  (0.002)
R 0.691

Steak s and chops

Coefficient 1.100* -0.597* -0.842* -0.624* -0.535* 0.108* 1.2E-05* 4.0E-11* -0.066* -0.002
Robust Std. Error (0.023) (0072)  (0071)  (0.07)  (0.071)  (0.011) (OF (3.2E12) (0.009)  (0.001)
R 0.811

Other

Coefficient 1.085* -0.292* -0.455* -0.392* -0.372* 0.073* 8.2E-06* 9.8E-12 -0.046* -0.002
Robust Std. Error (0.017) (0.050)  (0.048)  (0.048)  (0.049)  (0.017) (M (5.8E12) (0.014)  (0.002)
R 0.723

Note: A * denotes coefficients that are statiticaignificantly different from zero at the 5 pentdevel.
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Table 3.9 Estimated Coefficients of Censored Product Price M odels

Monthly Aver age Region Urban  Household Household Household Household
GroupPrice East Central South West Area Income  Income” Size Size?
POULTRY
Ground poultry
Coefficient 1.100* -0.285* -0.302* -0.571* -0.102 0.096* 5.2E-06* .18-12 -0.125* 0.012*
Robust Std. Error (0.058) (0.133)  (0.135)  (0.134)  (0.131)  (0.032)  (WFE (6.4E-12) (0.024)  (0.004)
R 0.814
Whoale, bone-in chicken
Coefficient 0.860* 0.155* 0.065 0.133* 0.213* 0.059* 4.0E-06* 8.0E-12* -0.075* 0.006*
Robust Std. Error (0.028) (0.038)  (0.038)  (0.038)  (0.038)  (0.007) (A9E (2.2E-12) (0.006)  (0.001)
R 0.641
Whole, bone-in turkey
Coefficient 1.087* -0.176* -0.145* -0.121* -0.004 0.096* 1.4E-06* 2E-11* -0.097* 0.009*
Robust Std. Error (0.022) (0.038)  (0.037)  (0.038)  (0.038)  (0.014) (@FE (45E-12) (0.012)  (0.002)
R 0.603
Boneless
Coefficient 0.846* 0.346* 0.282* 0.343* 0.662* 0.049* 5.5E-06* 8.7E-12* -0.132* 0.008*
Robust Std. Error (0.013) (0.044)  (0.044)  (0.043) (0045  (0.013) (3OF (34E-12) (0.011)  (0.002)
R 0.811
Other
Coefficient 0.994* -0.089 -0.301* -0.286* -0.083 0.004 1.1E-05* 511* -0.091* 0.004
Robust Std. Error (0.031) (.077) (0078  (0.077)  (0.079)  (0.026) (B (84E-12) (0.021)  (0.003)
R 0.627
Frozen
Coefficient 1.018* -0.425* -0.285* -0.251* -0.275* -0.040* 8.6E-06* 3.4E-11* 0.013 -0.005*
Robust Std. Error (0.049) 0.097)  (0.097)  (0.097)  (0.098)  (0.010) (OFF (33E12) (0.009)  (0.001)
R 0.841

Note: A * denotes coefficients that are statiticalgnificantly different from zero at the 15 pert level.
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Table 3.10 Summary Statistics of Observed and Predicted M onthly Prices’

Average Minimum M aximum Std. Dev. N
BEEF
Ground beef
Observed Price 2.160 0.000 36.014 0.937 279,931
All Priced 2.226 0.000 36.014 0.632 745,632
Roasts
Observed Price 2.532 0.000 36.362 1.410 127,561
All Prices 2.573 0.000 36.362 0.694 745,632
Steaks
Observed Price 4511 0.000 36.355 2.821 203,330
All Prices 4.596 0.000 36.355 1.654 745,632
Frozen
Observed Price 3.142 0.000 19.980 1.373 15,366
All Prices 3.431 0.000 19.980 0.527 745,632
Other
Observed Price 2.704 0.000 36.393 1.779 108,403
All Prices 2.787 0.000 36.393 0.798 745,632
PORK
Roasts and hams
Observed Price 2.042 0.000 17.447 0.932 9,855
All Prices 2.053 0.000 17.447 0.297 745,632
Steaks and chops
Observed Price 2.427 0.000 18.136 1.784 79,925
All Prices 2.404 0.000 18.136 0.745 745,632
Frozen
Observed Price 2.510 0.000 18.137 1.725 75,355
All Prices 2.524 0.000 18.137 0.737 745,632
Other
Observed Price 2.932 0.000 18.030 1.474 166,784
All Prices 2.980 0.000 18.030 0.750 745,632
POULTRY
Ground poultry
Observed Price 2.199 0.000 20.000 1.099 23,678
All Prices 2.164 0.000 20.000 0.347 745,632
Whole, bone-in chicker
Observed Price 1.304 0.000 20.333 0.995 189,805
All Prices 1.353 0.000 20.333 0.527 745,632
Whole, bone-in turkey
Observed Price 1.268 0.000 20.423 1.097 49,065
All Prices 1.410 0.000 20.423 0.366 745,632
Boneless
Observed Price 2.701 0.000 19.974 1.380 125,262
All Prices 2.755 0.000 19.974 0.671 745,632
Frozen
Observed Price 1.987 0.000 17.320 0.883 65,270
All Prices 1.981 0.000 17.320 0.304 745,632
Other
Observed Price 2.261 0.000 20.636 1.870 40,991
All Prices 2.283 0.000 20.636 0.648 745,632

# Average prices differ slightly from the valuestitble XX due to aggregation of daily transactiams t
monthly level. Prices are reported in $/lb.

®Includes both observed and predicted prices.
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Table 3.11 Summary Statistics of Quality Adjusted M onthly Purchases and Price | ndices®

Aver age Minimum Maxi mum Std. Dev.
Beef
Per Capita Quantity (Ibs) 4,901 0 1,452.640 8.584
Geometric price index 3.046 0.170 8.006 0.493
Pork
Quantity (Ibs) 2.129 0 408.725 5.159
Geometric price index 2.480 0.055 10.795 0.476
Poultry
Quantity (Ibs) 3.101 0 1,911.060 6.468
Geometric price index 1.822 0.150 6.045 0.245

#Summary statistics based on 745,632 monthly obsiens

Table 3.12 Names and L ocations of Newspapers used in M edia | ndex

Region City State Newspaper Name
Centrad Chicago IL Chicago Sun Times
Columbus OH Columbus Dispatch
Grand Rapids Ml Grand Rapids Press
Milwaukee Wi Milwaukee Journal Sentinal
St. Louis MO St. Louis Post-Dispatch
Northeast Minneapolis MN Star Tribune
Buffalo NY Buffalo News
New York NY Daily News
Pittsburgh PA Post-Gazette
Boston MA Boston Globe
New York NY New York Times
South Newark NJ Star-Ledger
Little Rock AR Arkansas Democrat-Gazette
St. Petershberg FL St. Petersberg Times
Atlanta GA Atlanta Journal
Houston TX Houston Chronicle
Washington DC Washington Post
West New Orleans LA Times-Picayune
Sacramento CA Sacramento Bee
Denver CO Denver Post
Portland OR Oregonian
San Diego CA San Diego Union-Tribune
San Francisco CA San Franciso Chronicle

Table 3.13 Summary Statistics of Monthly Household Purchase Occasions

Aver age Median Minimum Maximum Std. Dev.
Beef 1.956 2 1 19 1.228
Pork 1.440 1 1 17 0.762
Poultry 1.601 1 1 18 0.931
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Table 3.14 Summary Statistics of Monthly Food Safety I nfor mation, 1998 to 2005°

Average Minimum M aximum Std. Dev.
Newspaper Articles
East
Beef 14.625 9.049 1.000 51.000
Pork 4.990 3.447 0.000 22.000
Poultry 18.906 8.162 3.000 50.000
Central
Beef 15.688 11.669 2.000 81.000
Pork 5.010 3.127 0.000 19.000
Poultry 22.865 11.004 5.000 69.000
South
Beef 20.281 12.111 6.000 76.000
Pork 7.729 5.658 1.000 42.000
Poultry 34.604 12.317 18.000 79.000
West
Beef 13.094 16.532 1.000 123.000
Pork 3.156 2.621 0.000 18.000
Poultry 15.010 8.374 4.000 59.000

ElSample size equals 96 monthly observations.
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4 Chapter

Discrete Choice Modds of Meat and
Poultry Purchases

4.1 Introduction

Many factors can influence consumer purchasingt®abiood safety concerns may
include previous experience with foodborne illnessynings of food safety risks from a
physician, or receiving information on food saféty the medid® While idiosyncratic
experiences are difficult to measure, the amounfoofl safety information available to
consumers in the press can be quantified. Previggesarch on consumer responses to food
safety information has employed various measureseaiia coverage to infer its effect on
food demand (e.g. Burton and Young, 1996; Piggad slarsh, 2004). These studies have
used aggregate data to jointly estimate meat anftrpalemand equations that quantify the
own- and cross-commodity effect of food safety infation on marginal purchases. This
approach has shown that media information mattetSeaaggregate level, however it does
not allow assessment of the likelihood that indiridhouseholds will avoid purchasing meat
and poultry products in response to food safetgrmation. Examining this type of discrete

avoidance behavior at the disaggregate level (eat mix of products households buy on a

13 An example of a food safety warning from a phyasicivould be providing information to pregnant women
on the increased risks of miscarriage due to lst@ntamination.
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given purchase occasion) will provide additionadl @omplementary insight into the demand
for food products under different food safety im@tion environments.

The objective of the models presented in this araigtto investigate if the quantity
of food safety information publicly available impaconsumers’ decisions to purchase fresh
meat and poultry in a discrete choice frameworknédia index measuring the number of
articles containing food safety information on hepbrk, or poultry published in U.S.
regional newspapers is used as a proxy for fooetysaiformation available to consumers.
The media index is a broad measure in that it ohetureporting on domestic recall events as
well as international issues, commentary on foodtamination prevention, and other food
safety-related topics. Commodity-specific, montlplgrameters are constructed using the
media index and discrete choice models of prodacdice are estimated to measure the
impact of food safety information on purchase baravResults from the binary and
multinomial conditional logit models will providensight into households' propensity to
avoid consumption of a commodity or substitute nother when faced with food safety
concerns. A second objective of the analysis ptesdmere is to determine which factors are
likely to affect consumer behavior and use thesematers in the specification of the

demand models of total quantity purchased introduicehe next chapter.

4.2 Binary Choice Models

The consumption data described in the previouptehaneasures how much of each

meat and poultry product each household boughtgiven month. This detail allows for the
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purchase patterns to be modeled in a variety ofswaie first of two modeling strategies

presented in this chapter is a simple binary choioéel. In this model, people are recorded
as either buying a good or not. For example, ibasehold bought beef in a given month,
then the binary choice vector used in the regressas a value equal to one. If they did not
buy beef, then the value is equal to zero. Thig typmodel does not specify how much beef
was bought or if any other meat or poultry prodwetse purchased. A more complex model
of purchases that further specifies any additionalternative meat and poultry purchases by

a household is presented in the next section.

4.2.1 Logit Model Derivation

The binary choice situation described above isreggd using a logit model. The
derivation of the logit model begins by specifyimg random utility model where an
individual, n, facesJ alternatives. The utility a person gets from chogsone of theld

alternatives is decomposed into an observed poftienknown by the researche¥), , and
an unobserved portiog, , that is treated as random (Train, 2003). Thety@f choosing a

particular alternative i&) ; =V, +¢,

n !

where ¢, is distributed independently and identically
as extreme value. Using Train’s notation, the pbiltg that individualn chooses alternative
jis:
P, =ProblV, +&, >V, +¢, [j #i) (4.1)
= Prol(gni <&tV -V, Hi# i)
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Since g, is not known, the probability is the integral &f|¢, over all values ofe,

weighted by its density:
_e‘(fni +Vpj Vi) g, _en
Pnj :j(l_le je e dgnj . (42)

j#i
Some algebraic manipulation yields the followingpsgld form expression for the logit

probability of alternative for individualn:

e” (4.3)

which can be written as follows for the caselof 2 alternatives as:

n :m . (44)

The binary choice model is estimated individuddly each of three alternatives (beef, pork,

and poultry). In each modé¥,, is specified as a linear function of the paransetéherefore,

equation (4.4) can be written as:
Pn = el} X 1
1+€P
where x, is a vector of alternative-specific and persorcgmecharacteristics ang is a

(4.5)

corresponding vector of estimated coefficients. Tdwelikelihood function used in model

estimation is as follows:

N

inL(B)=>{y,In(R)+(1-y,)n(1-R)} . (4.6)

i=1
wherey, is an indicator vector with value equal to onth# single alternative is chosen and

zero otherwise.
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4.2.2 Moded Specification

Three binary choice models are estimated for edcth® three commodities of
interest; beef, pork, and poultry. The models aoenmrised of characteristics of the
alternatives as well as those of the household. Mbdels also contain monthly binary
variables and interaction terms between the fodetysanformation and select demographic
variables. The binary choice model for commodktg a linear function of parameters with

the following specification:

3 3
Vnk = Zykpricenk +ZﬂkM| nk +,7Edn DM' nk + JAgen DMI nk (47)
k=1 k=1
D
+ Jrban, OMI, + pChild, OMI , +> 7°h¢
d=1
whereD indexes the total number of demographic variabiekided in the model, ankf'is

the dth demographic characteristic of househn)dandk indexes the three commodities.
Summary statistics of the variables used in eadhethree binary choice models are listed
in table 4.1.

The variablePrice used in the three binary choice models is a shaighted
geometric price index for each of the three commnesli The expected impact Bfice on the
probability of purchasing a commodity should beatag. That is, it would be expected that
as the price of a good decreases, the probabfliéylmusehold purchasing it would increase.
The expected sign on the prices of the other goottsee model is positive, indicating that the
three meat and poultry commodities are substitatalg.

The food safety information variabl&jl, uses a commodity- and region-specific

media index that is based on the number of foodtgadrticles appearing in U.S. regional
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newspapers each month. The expected effect of @ease in the amount of food safety
information available to the public would decredise probability of purchase for some or
possibly all households.

Interaction terms between the food safety varianlé select demographic variables
are included in the model. The education variabte,used in the model is a binary variable
equal to one if the head of household has a colegpost college education and zero
otherwise** Age is measured as a binary variable equal to oneeifiead of household is
aged 55 or older and zero otherwise. The effechdfiren,Child, is measured using a binary
variable equal to one if children under the agd ®fare present in the household and zero
otherwise. The final demographic variable usedhi@ interaction terms with food safety
information,Urban, is a binary variable indicating the location bé&thousehold in an urban
area.Urban equals one if the household resides in an urbaa and equals zero otherwise.
The demographic variables for children and healdoofsehold aged 55 and older are used in
the food safety interactions because these twopgrai people are potentially the most
susceptible to serious illness from foodborne pg#hs. The education dummy variable is
included to reflect possible differences in thengaing and processing of media information
between households with and without college degtéeslly, the urban location variable is
interacted with food safety information to reflegiossible differences information
dissemination between urban and rural areas. Fampbe, the limited availability of cable

television or high speed internet connections malrareas may impact the type and quantity

14 Demographic information is provided for both thelenand female in married households, but no dasigm
is made for the primary person responsible for pase decisions. Therefore, it was arbitrarily dedithat the
demographic information for the female head of letwa¢d would be used in model estimation.
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of information that rural households will receivihere are no a priori expectations of the
effect of the interaction terms on the probabilify purchasing the three commodities. In
addition to the interaction terms, the select hbakk demographic variables &d, Age,
Child, andUrban also enter the model separately to account foatlegage effects of these
characteristics.

Other variables included in the binary choice nt®dee household specific. They
include variables for household incomacome, and a quadratic household income term,
Income®. The expected effect of income on the probabitifypurchasing beef, pork, or
poultry is positive, while the expected sign foe tbquared term is negative. This reflects a
positive, but declining effect of income on the lpability of meat and poultry purchases.
The size of the household is also included in #ggrassion Kisize) to account for possible
differences in purchase patterns for large versunallsfamilies. Seasonal effects in the
purchase patterns of households are accountedsfog umonthly dummy variablesM(-
M12) with the parameter for Decemb@&i12) omitted from the regression. Annual effects in
demand are also considered using year dummy vasdfil-Y8) with the variable for 2003
(Y6) omitted from the regression. The expected sigmstiiese variables are not known a
priori, but are expected to vary by commodity. Gemgraphic location of the household is
included as binary variables for the central, wastand northeastern regiorGetral, West,

Northeast) with the variable for the southern region droppedh the regression. The race of

!> The household income data were scaled by dividiach observation by 10,000. Therefore, the coefisi
for the income variables can be interpreted asltamge in the dependent variable caused by a changgl
household income of $10,000.

64



the head of household is categorized into Caucakigpanic, black, Asian, and Other race.
The variabledHispanic, Black, Asian, andOther are included in the model and the variable
Caucasian is omitted. The expected signs of the geograpigation and race variables are

not known a priori.

4.2.3 Estimation and Results

The binary choice logit model was estimated ushmy statistical software STATA.
The full dataset contains 745,632 monthly houselobiservations, however the use of two
week lagged food safety information to constru@ thedia index variables in each of the
models required 7,465 observations from the firsinth of 1998 to be dropped from the
subsample. The summary statistics of the full §ebservations are listed in table 4.1.

Within the final subsample of monthly household erations are 17,428 unique
households. It is reasonable to assume that somelai®mn between observations from the
same household may exist. Therefore, clusteredstattandard errors are estimated using the
unique households in the panel. The clustered taftasdard error is based on the robust
sandwich estimator (Huber, 1967; White, 1980) aspiecified as:

Vo =(XX)™ 2((1 x,) O(e Dxi)}D(X’X)_l , (4.8)
where X is the matrix of regressors, _is the residual for théh observationx; is a row
vector of regressors, amdis the total number of observations. The clusteoddist standard

error uses the following adjustment to the robssineator:

N
Vo =(XX)7 0D 0 Du, O(XX) ™" (4.9)
c=1
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where u, :Zq [X; and n. is the total number of clusters. In this modal,equals the
idc

number of unique households and allows for conmabf observations within, but not
between households. The non-normality of the ermessilts in the model being estimated
using maximum pseudolikelihood. This estimationhteque maximizes the same log-
likelihood function described in equation (4.6),t mequires the estimated asymptotic

covariance to be adjusted as described above.

4.2.3.1 Beef Purchase Models

The results of the binary choice model for thechase of beef are presented in table
4.2. The parameter for the own-effect of the patéeef has the expected negative sign and
is statistically significantly different from zer@he coefficients for the effects of the price of
pork and poultry on beef purchase are also negatidestatistically significant. The signs of
the cross-price effects indicate that pork and fppalre complements to beef, which does not
correspond with the a priori expectation that they substitutes.

The coefficient for the regional media index vakgbMI, is not statistically
significantly different from zero. This coefficiemdicates that there is no effect from an
increase in food safety information related to baefthe probability of households making
monthly purchases of fresh beef. The beef mediaxniohteraction terms with select
demographic variables indicate that certain groopsousehold do, however, respond to
changes in food safety information. Households wititdren have a decreased probability of

purchasing beef when the beef media index incred$es effect is statistically significant at
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the 5 percent level. The interaction terms foraegd education and heads of household aged
55 and older were also negative in sign, but atestatistically significantly different from
zero. The interaction term for households locateduiban areas is also not statistically
significantly different from zero.

The parameters fdncome and Income® are both statistically significantly different
from zero. The positive sign dficome indicates that increases in total household incatie
increase the probability of purchasing beef on athiy basis. The negative sign fieicome?
indicates that the positive effect from income ded as income increases. The coefficient
for Hsize is statistically significantly different from zem@nd has a negative sign indicating
that the probability of purchasing beef declinasléoger households.

Seasonal effects on the probability of purchasiagflare included in the model as
monthly binary variables. All but one of the montiparameters included in the model are
statistically significant at the five percent lev&@he parameters are positive for all months
except November, indicating that the people arg ligsly to purchase beef in November and
December relative to the rest of the year. Moghefyear dummy variables are statistically
significant and indicate a year to year fluctuationpurchase probability that does not
necessarily follow a trending pattern over the tpeeiod analyzed.

The coefficients for the geographical locationadfiousehold are interpreted relative
to the region that is omitted from the regressilarthis model that is the southern region of
the United States. The coefficients €entral andNortheast are not statistically significantly
different from zero, indicating that householdghe central and northeastern regions are no

more or less likely to purchase beef than housshwidhe southern region. Based on the
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positive and statistically significaftest parameter, households in the western region of the
country are more likely to purchase beef on a mgrasis than those in the south.

The binary variables denoting the race of the hefadhousehold are interpreted
relative to the omitted race variabl@aucasian. None of the race variables are statistically
significantly different from zero. This indicatelsat none of these groups are more or less

likely to purchase beef than Caucasian households.

4.2.3.2 Pork Purchase Models

The estimates of the binary choice model of monfldyk purchases are listed in
table 4.2. The coefficient for pork price has thxpexted negative sign and is statistically
significantly different from zero. The coefficienfiar the cross-effects of the price beef and
poultry on the probability of making a pork purce@se negative and statistically significant.
As with the beef model, this is an unusual sigregithat beef and poultry are considered
substitute goods for pork.

The estimated coefficient for the regional medidex of pork food safety articles is
statistically significantly different from zero, bhhas an unexpected positive effect on the
probability of purchasing pork. Although the averafect of pork food safety media has an
unexpected positive sign, the signs of the inteéacterms for food safety information are
negative. The signs of interaction terms for hoothwith heads aged 55 and older as well
as households with children indicate that thes@iggaespond negatively to additional pork

food safety media. The coefficients for these extéons are statistically significant at the 1

68



and 2 percent levels, respectively. The coeffiddot households with a college educated
head and for households located in urban areasalame negative, but not statistically

significant. These results indicate that differengethe effect of food safety information on

pork purchase decisions exist for households vatlying characteristics.

The estimated coefficients foémcome andIncome? are both statistically significantly
different from zero. The positive sign tricome indicates that increases in total household
income will increase the probability of purchasjmrk, while the negative sign foncome?
indicates that the positive income effect decliassincome increases. The coefficient for
household size is not statistically significantifferent from zero, indicating that changes in
family size do not impact the probability of pursivy pork on a monthly basis.

Each of the monthly parameters included in the rhade statistically significant at
the five percent level and negative in sign. Theapeeters suggest that pork purchases are
higher in December relative to the rest of the y@&dirbut one of the year dummy variables
are statistically significant and indicate a yeay¢ar fluctuation in purchase probability that
does not follow a trend pattern.

The coefficients for theNortheast and Central regions are not statistically
significantly different from zero, indicating thhbuseholds in the northeastern and central
regions are no more or less likely to purchase ploak households in the southern region.
The West parameter is statistically significantly differeinom zero at a 5 percent level and
the positive sign suggests that households in tbstesn region of the country are more

likely to purchase pork on a monthly basis thars¢him the south.
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The binary variable denoting an Asian head of hbalskis statistically significantly
different from zero at a 5 percent level. The ngagign indicates that these households are
less likely to purchase pork on a monthly basis ttieir Caucasian counterparts. All other
race variables are not statically significant, aading that these groups are no more or less

likely to make monthly pork purchases than Cauce@useholds.

4.2.3.3 Poultry Purchase Models

The estimates of the binary choice model of mongdyltry purchases are listed in
table 4.2. The coefficient for poultry price has #xpected negative sign and is statistically
significantly different from zero. The coefficienfiar the cross-effects of the price beef and
pork on the probability of purchasing poultry atsoanegative and statistically significant.
As with the beef and pork models, this is an unusign given that beef and pork are
considered substitute goods for pork.

The estimated coefficient for the regional medideix of poultry food safety articles
is not statistically significantly different fromero. This suggests that changes in the amount
of food safety information related to poultry dat,nen average, affect households’ decisions
to make monthly purchases of poultry. Likewise, itmeraction terms between the poultry
media index and select demographic variables stiggesresponse of consumers to poultry
food safety media because none of them are stafigtisignificantly different from zero at

the 5 percent level.

70



The estimated coefficient fdncome is statistically significantly different from zero
at the 1 percent level, as it is in both the bewf pork models. The positive sign loicome
indicates that increases in total household incamtiancrease the probability of purchasing
poultry. Thelncome® parameter is also statistically significantly diént from zero and the
negative sign indicates the positive effect of meodiminishes as income increases. The
coefficient for household size is statisticallyrsigcant and negative in sign, indicating that
an increase in the size of the household decreéasgsobability of purchasing poultry on a
monthly basis.

Each of the monthly parameters included in the rhade statistically significant at
the five percent level and positive in sign. Theapaeters suggest that poultry purchases are
lower in December relative to the rest of the yeadt.of the year dummy variables are
statistically significant and, as with beef and lpandicate a year to year fluctuation in
purchase probability that does not follow a treattgrn over the sample period.

The coefficients for théMest and Northeast regions are statistically significantly
different from zero at the 1 percent level. Theijpas signs of the coefficients indicate that
households in the western and northeastern regienmore likely to purchase poultry than
households in the southern region. Thentral parameter is not statistically significantly
different from zero. This suggests that househwidbe central region of the country are no
more or less likely to purchase poultry on a montdsis than those in the south.

The binary variables denoting the race of the hifddousehold are not statistically
significantly different from zero. These parametedicate that none of the groups are more

or less likely to purchase beef than Caucasiandimids.
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4.2.4 Binary Choice Model Elasticities

Elasticities were calculated for price and incorffeats across the entire population as
well as food safety effects for the various dempbm@ subgroups. The statistical
significance of the individual parameters does reseal the total effect of food safety
information on the probability of purchasing meatgoultry for the demographic groups
considered in the model. The elasticities, howeaes,calculated using both the average and
interacted effects, thereby measuring a total effetasticities are also unitless measures,
which allows for a comparison of price and incomigeas relative to food safety
information.

In addition to calculating a mean elasticity effémt the parameters of interest (price,
income, and food safety), the Krinsky-Robb simolatiechnique is employed to generate
empirical distributions of the parameters (Krinskpd Robb, 1991% The simulation
technique involves drawing realizations of the mqmeameters from a multivariate normal
distribution with a mean and covariance matrix bé testimated model parameters as
follows:

B ~N(B.S) , (4.10)

where B® is a(pxr) matrix of parameter realizationp, is a (1xr) vector of estimated

parameter coefficientsS is the (rxr)estimated variance-covariance matrix, gni the

'8 The Krinsky-Robb simulation technique is a nonapeetric bootstrap method. A parametric bootstrapchw
provides the parameter distribution, may be pretkif a normal distribution is a not an accurafgesentation
of the parameter distribution.

72



number of realizations drawn for the simulatiérzollowing Krinsky ad Robb (1986), 1000
draws are taken for this simulation. With the pagten draws in hand, elasticities of the
select parameters are calculated for every sindilprameter realization. The resulting
empirical distribution of elasticities can be sumired to determine statistical properties of
the elasticities such as standard deviations anfidemce intervals.

The logit elasticity is the percentage change ia grobability of choosing an
alternative for a one percent change in anotheablk. It is calculated for commodikywith

respect to parameteg, as follows:
Ef =" n =Ty (1Y) (4.12)
where P¥ is the probability of householil choosing commoditik. The elasticities reported

in table 4.3 are the means of all the individualgehold elasticities. For the price and
income elasticities, this average is taken overttadl households in the sample. The food
safety elasticities, however, are calculated usinly the households included in each of the
four demographic groups considered.

In each of the beef, pork, and poultry models, thwen-price elasticities are
statistically significantly different from zero ugj a 95% confidence interval. The elasticity
for beef with respect trice indicates that a 1% increase in the price of loeefeases the
probability of purchasing beef by 3.42%. Similatlye effect of a 1% increase in the price of

poultry is estimated to be a decrease of 3.99% @ptobability of purchase. The own-price

" The Krinsky-Robb technique appeals to the asyripptmirmality of the parameter vector. The paransetér
the logit model are estimated using maximum likatith. Asymptotic normality of the parameter vectoone
of the properties of the maximum likelihood estiaratTherefore, the Krinsky-Robb simulation methed i
appropriate for the parameters of the logit model.
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elasticity of pork is smaller in magnitude as comegato beef and poultry, with the
probability of purchase declining by 1.87% for a li¥érease in the price of pork. The cross-
price elasticities for each of the three commositiee also statistically significant at a 95%
level and negative in sign. However, these effegts much smaller than the own-price
effects with magnitudes ranging from 0.06% to 0.57%e elasticities for the probability of
purchasing beef, pork, and poultry with respecinttbomeare each statistically significant
and positive in sign. A 1% increase in income iases the probability of purchasing beef,
pork, and poultry by .47%, 0.34%, and 0.51%, respely.

All but three of the food safety elasticities ftwetfour demographic groups are not
statistically significantly different from zero at95% level. This suggests that, for most of
the households considered in the model, food safiédymation does not have a measurable
impact on the probability of purchasing beef, pakd poultry on a monthly basis. For the
households that do have a statistically signifiaasponse, the effect is small in magnitude
relative to the effect of prices or income. Thefldeed safety elasticity for households with
children is statistically significantly differentdm zero and suggests a 0.03% decrease in the
probability of purchasing beef from a 1% increase¢hie beef food safety index. The other
food safety elasticities that are statisticallyngigant are the college education and urban
location elasticities from the pork model. Thesasgtities have an unexpected positive sign,
with an estimated 0.03% increase in the probabdftpurchasing pork on a monthly basis

from a 1% increase in the pork food safety infoioratndex.
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4.25 Binary Choice Model Summary

Binary logit models are simple models of consumehdvior. Households may
choose to buy a given commaodity or not, but oth@r@atives are not available. However,
simple models can provide insight into the basiererctions of purchase decisions with
variables such as price, income, and food safeyrnmation. Results from these models
indicate that food safety information, as measurgd regional media index, does impact
household purchases of meat and poultry. The ei@ss$i of the logit probabilities provide
some evidence of household-level heterogeneitygo@ideterminant in consumer response to
food safety information. The effect on beef pur@sasom increased food safety information
is negative for households with children, but tHeat on the probability of purchasing pork
is positive for college educated and urban houskshiml response to higher levels of pork
food safety information. The unexpected signs efpbrk elasticities could be due to model
misspecification. Therefore, further empirical istigation is conducted to determine if a
more complex choice set may be a more accurateifispéon of household purchase

decisions for meat and poultry.

4.3 Multiple Choice Models of Meat and Poultry Purchases

The binary choice models presented in the previeetion, while a simplified
representation of the consumer’s choice set, aedulusnodels for revealing some of the
factors that affect the probability of making a ghase. However, the data available for this

study allow for further investigation of purchasatprns. It is not only known if a household
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bought beef in a given month, but also if that letwdd bought pork, poultry, all three meats,
or none of them. Incorporating this informationoirg multinomial choice model will allow
for any interactions among the three commoditiesraneal the probabilities of a household

purchasing each of the goods as well as combiratbthem.

4.3.1 Alternative-Specific Logit Model Derivation

A logit model is again specified for this estimatiprocedure. The model is similar in
its derivation to the binary choice model describedectior4.2.1. Adjustments are made for
multiple alternatives as well as alternative-speabnstants.

The conditional logit model with alternative-spécitonstants, is motivated by a
random utility model where thath household faced alternatives and the utility of
alternativg is:

U, =V, +&, - (4.12)

The portion of utility that is observablg, , is specified as a linear function of parameters a

follows:
an = aj + ﬁ;xn + ﬁ'jxj (413)

where a; is an alternative-specific constant term for alé¢ive j, x, is a vector of

n
characteristics describing househnldx; is a vector of characteristics specific to altéuea

j, and the corresponding vectors of estimated aoeffis arep, and g, . If the utility of

alternativej is greater than all other alternatives, then thigit be the alternative that is

chosen.

76



McFadden (1974) shows that if the error terms ef whobserved utility model are
independent and identically distributed as Typextreame value, then the probability of
householdh choosing any alternatiyerom J alternatives is:

e" (4.14)

Estimation of this model requires that one of thealternative-specific constants be

normalized to zero. For the models described betbig, is the ‘no meat or poultry was

purchased’ option. Each of the alternative-speatfimstants are subsequently interpreted
relative to this omitted option. The log likelihoddnction used in model estimation is as
follows: N I

In5(P) :;;d” nF (4.15)

where d,; is an indicator vector with value equal to onédgiuseholdn chose alternativge

and zero otherwise.

The multinomial logit model implies a proportionalbstitution pattern across
alternatives (Train, 2003). This property arisesegi due to the specification of an
independent error distribution (iid). This propemy the logit model is referred to as
independence fromirrelevant alternatives or 11A. The use of a model with the 1A property is
not restrictive so long as the relative probabibfychoosing one alternative over another is
the same, regardless of the other alternativeslad@i or the attributes of the other
alternatives. However, IIA may not always be anuaate representation of the true

substitution patterns underlying the data. In thesses, the degree to which the IIA property
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restricts choice behavior will determine the amouwft error generated by policy
counterfactuals based on the logit model.

In the current work, IIA is only evident in the esselasticities of the logit
probabilities. The elasticity formula for the prbiday of alternativej with respect to a
variable that enters the representative utilitaloérnative is:

Eix, = ~BX%i Py (4.16)
where p,; is the probability of individuah choosing alternative Sincej does not enter the

formula, a change in alternativevill affect the probabilities for all the othernt@lnatives by
the same proportion. As a result of A, the crekssticities from the multinomial logit
model are unlikely to be an accurate representatiche true cross-elasticities and are not

reported in this study.

4.3.2 Modd Specification

The multinomial conditional logit model is estimateising a choice set of eight
different alternatives. The eight purchase alteveata household faces in a given month are
as follows: 1. beef; 2. pork; 3. poultry; 4. beedaoork; 5. beef and poultry; 6. pork and
poultry; 7. beef, pork, and poultry; or 8. neithazef, pork, or poultry. Each household
chooses one and only one of these alternatives.

The specification of the multinomial logit modelllews the linear in parameters

form shown in equation (4.10), which is comprisddparameters that vary across both
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alternatives and households. Using the media irade& proxy for food safety information,

the model is specified as:

3 3
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where g, is the j" alternative specific constant, is an indicator function that is equal to 1
if commodity k Othej™ alternative and equal to 0 otherwidgjs an indicator function that

is equal to 1 if commodity Othej" alternative and equal to O otherwise, is the dh

demographic characteristic of householfbor commodityk, d indexes the total number of
demographic variables included in the modkegnd| each index the three commodities of

interest, and indexes the eight alternatives. The own-effectiméttlex parameterM , , is
the interaction of the commodity- and region-speaifiedia index variable for househaid
and the indicator functionMlI , Ol ). This variable is the value of the media index fo
commodityk if the indicator function equals 1 for commodkyand equal to O otherwise.
The cross-effect media index parametet, , is similarly defined as the interaction of the
media index variable for househatdand the indicator functionMl,, OI /). It equals the

value of the media index for commodityf the indicator function equals 1 for commodiy

and 0 otherwise. All remaining parameters are @effin sectiont.2.2.
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With the exception of the alternative-specific damss, the parameters in this model
are specified such that alternatives are ‘bundieth the commodities of beef, pork, and
poultry. For example, rather than estimating a ereoefficient for each of the eight
alternatives, one price parameter is estimatedeBwh of the three commodities. This
bundling specification alters the interpretatiortiod coefficients relative to the binary choice
model. The estimated coefficient for the commodipecific price coefficient), , can be
interpreted as the effect of the price of ¥fecommodity on the probability of choosing an
alternative that includes that commodity. The cgpomnding interpretation of the cross-price
coefficient, v, , is the effect of the price of commodityon the probability of choosing an
alternative that includes commodiky Similar interpretations are made for both the own
media index and the cross-media index variables. 83timated coefficients for the media

index, B, are interpreted as the effect of additional faadety articles pertaining to

commodity k on the probability of purchasing that commodityheTinterpretation of the

cross-media index coefficienty , is the effect of an increase in the media indéx o

commodityl on the probability of making a purchase that idelsicommoditk.

Interaction terms are specified between the foddtgavariable and the following
four demographic variables: head of household witlollege education or highdfd); head
of household aged 55 or oldége); location of the household in an urban afdebén); and
the presence of children in the househdthild). For example, the coefficient of the
interaction term between the presence of childrehthe commodity-specific regional media

index, p,, would be interpreted as the effect of additidioald safety articles pertaining to

80



commodityk on the probability of purchasing commodkyfor households with children
present, relative to households without childrereraction terms for the other demographic
variables and the regional media index variablebmsimilarly interpreted.

The model includes characteristics of the househttéit do not vary over the
alternatives in the choice set, such as income, ig@ographic location of the household, and
seasonal effects (which are specific to the tinmogerather than the household, but still do
not vary over alternatives). The model can be edtoh such that a coefficient for each of
these variables is estimated for each alternafiVes would result in estimates of seven
different coefficients for the effect of househaddome on the probably of purchasing each
of those alternatives (1 through 7) relative to matrchasing beef, pork, or poultry
(alternative 8). Two reasons to consider an alter@do this modeling strategy arise. First,
the number of estimated coefficients increasestdafi with each additional household
characteristic considered in the model. If degifeBeedom are a consideration, it may be
important to reduce the number of variables esechaSecond, and more relevant for this
study, the insight from the coefficients of theiindual alternatives may not be as intuitively
appealing as grouping the effects into beef, porkyoultry subsets. Therefore, commodity-
specific coefficients are estimated for each hoakkkharacteristic in the model. THE

commodity-specific coefficient,r{, is interpreted as the effect of tr" household

characteristic on the probability of making a pwa®h that includes commodity

Alternative-specific constantsg;, are estimated for each alternative, except

alternative 8 (no beef, pork, or poultry purchasedijch is dropped from the model for
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estimation. These parameters are not ‘bundled’ a@mmodity-specific coefficients, but
rather are alternative-specific. The constantsiaterpreted as the average effect of non-
included factors on the utility of an alternativelative to the omitted alternative of not

purchasing beef, pork, or poultry.

4.3.3 Estimation and Results

The 8-choice logit models were estimated using dtaistical software STATA.
Computer limitations were met when attempting ttineste these models using the full
dataset of 745,632 monthly household observatibmgs determined that a sample of 3,000
households from the panel is the largest sampledia be used for estimation of the 8-
choice model. Therefore, to determine the sengitiof the model results to the particular
sample used, three random samples were drawn frerfull dataset for estimation purposes.
The construction of the media index variables uswmweek lagged food safety information
requires observations from the first month of 18®®e dropped from each subsample. The
summary statistics of both the full sample andtkinee random subsamples are listed in table
4.4. Model estimation was conducted using eachhef three samples and results are
presented in tables 4.5 for comparison. Howevesgudision of the results in the following
section is limited to the estimates using the fiastdom sample.

There are 3,000 unique households representedeirraindom sample drawn for
estimation. As with the binary choice models, itdasonable to assume that some correlation

between observations from the same household mést. ekherefore, clustered robust
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standard errors are estimated using the numbernmjue households in the panel and
estimation is done using maximum pseudolikelihood.

The results of the eight-choice regional medieeindodel, using random sample 1
are listed in the third and fourth columns of tabl6. The price coefficients for beef, pork,
and poultry all have the expected negative sign amedstatistically significantly different
from zero using a 95% confidence interval. The tiegasigns of all the price coefficients
indicate that an increase in the price of any efttiree meat commodities will decrease the
likelihood of purchase, relative to purchasing neamor poultry at all. Most of the cross-
price coefficients are not statistically signifitigndifferent from zero. The two cross-price
coefficients that are statistically significant dhe effects of beef and poultry price on the
probability of purchasing pork. Both of these caméints have a positive sign, indicating that
an increase in the price of beef or poultry wiknease the probability of making a purchase
that includes pork. The positive signs indicatet tine beef and poultry are substitutes for
pork, which is a more intuitive result than the age cross-price coefficients estimated
using the binary choice models.

In general, the multinomial logit model resultslicate that changes in food safety
information, as measured by the regional mediaceg]ido not have a statistically significant
impact on the probability of purchasing beef, pakd poultry on a monthly basis. The one
exception to this is the coefficient of the intdrae of the beef media index and college
educated heads of household. These householdsahasgative response to increases in the

beef media index.
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Several of the household demographic parametertkided in the model are
statistically significantly different from zero. €households that are less likely to buy fresh
beef and pork on a monthly basis are those witkegel educated heads and those with
children present. However, households with heaés>tgand older are more likely to buy
fresh beef and pork. Households in urban areasnare likely to purchase fresh poultry,
relative to households in rural areas. The estithateefficient for the effect of total
household income is statistically significantlyfdient from zero and has a positive sign for
beef, pork, and poultry. The quadratic income pa&tem has a negative sign and is
statistically significant for beef and pork. Thepogite signs of the income parameters
indicate that an increase in total household incomile increase the probability that a
household will purchase meat and poultry in a ginemth, but that effect tapers off for beef
and pork as total household income increases. Treetehousehold size has on the
probability of purchase is positive and statisticaignificant for beef and pork, but not
poultry.

The annual and monthly parameters were includatiemrmodel to control for year-
and month-specific effects not otherwise specifirethe model. The vast majority of these
parameters are statistically significantly differefinom zero at the five percent level,
indicating that time and season effects are importeeterminants in the probability of
purchasing meat and poultry.

The parameters for regional effecGefitral, West, Northeast) vary in sign and
statistical significance across the three commeslitNone of the regional parameters for

beef were statistically significantly different frozero, which indicates that households in

84



the west, central, and northeast regional are ncemo less likely to purchase beef than
households in the southern region. Household Idcat¢he western region are less likely to
purchase pork, relative to households in the soothhegion. There is no statistically
significant difference between households in thetreé and northeastern region and those
located in the southern region. All of the regionaéfficients for poultry were statistically
significantly different from zero. Households loedtin the central region are less likely to
purchase poultry than households in the southgiomewhile households in the western and
northeastern regions are more likely to purchasstyo

The estimated parameters for a Hispanic head ofdimld indicate that these
households are not statistically different from Casian households with regard to the
probability of purchasing beef or pork. They aratistically significantly more likely to
purchase poultry than Caucasian households. Théaeets for black heads of household
are statistically significantly different from zefor beef, pork, and poultry. The signs of the
coefficients indicate that these households arellksly to buy beef and more likely to buy
pork or poultry than Caucasian households. Thenaestid parameters for Asian heads of
household are statistically significantly differeinom Caucasian households for beef and
pork, but the coefficient for poultry is not staiislly significant. Asian heads of household
are less likely to purchase beef and more likelgucchase pork than Caucasian households.
Both the beef and pork parameters for @ther race are statistically significantly different
from zero. The signs of the coefficients indicatattthese households are less likely to

purchase beef and more likely to purchase pork @aucasian households.
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The estimated coefficients for the alternativeedpe constants are all statistically
significantly different from zero at the 1 percéetel and have a positive sign, except the
parameter for the second alternative of purchapmik only. The positive signs of these
coefficients indicate that the average effect fnoom-included factors on the probability of
households purchasing any of these combinatiomseait and poultry is positive relative to

purchasing none at all.

4.3.4 Multinomial Logit Elasticities

Elasticities were calculated for price and incorffeats across the full sample as well
as food safety effects for the various demograpiicgroups. As with the binary choice
models, the elasticities are calculated using libth average and interacted effects. This
provides a unitless measure of the total food gad#fiect. The Krinsky-Robb simulation
technique is again employed to generate empiricstriloutions of the parameters and,
subsequently, the elasticities of interest.

The use of a model specification that employs hagdbf alternatives results in the

estimation of commodity-specific parameters. Thanefthe price, income, and food safety
elasticities can be calculated using a similar caodity-specific approach. The logit

elasticities are calculated for commodityith respect to the parametgy, as follows:

_ 0Py X _%Xnk (1_ Pnk) ’ (4.18)

86



Jx
where P, = Z P, » Ji is the number of alternatives that include comnyokliand p; is the
j=1

probability of household choosing alternative The elasticities reported in table 4.6 are the
means over all the households in the sample foptloe and income elasticities. The food

safety elasticities are calculated using only tleideholds included in each of the four

demographic groups considered in the model.

The own-price elasticities for beef, pork, and Ipgu are each statistically
significantly different from zero using a 95% caldnce interval. The elasticity for beef with
respect toPrice indicates that a one percent increase in the mfcbeef decreases the
probability of purchasing beef by 1.31%. Similatlye effect of a 1% increase in the price of
pork is estimated to decrease the probability atipase by 1.38%. The own-price elasticity
of poultry is larger in magnitude that the own-prielasticities for beef and pork, with an
estimated 2.44% decrease in the probability of lpase for a 1% increase in the price of
poultry. The elasticities for the probability ofnphasing beef, pork, and poultry with respect
to Income are each statistically significant and positivesign. An income increase of 1% is
estimated to increase the probability of purchasiegf, pork, and poultry by 0.14%, 0.15%,
and 0.29%, respectively.

Two of the food safety elasticities for the foumEgraphic groups are statistically
significantly different from zero at the 5 percémtel. For households with college educated
heads, there is an estimated 0.03% decrease prabability of purchasing beef from a 1%
increase in the beef food safety index. The effé@ 1% increase in the poultry food safety

index is estimated to be 0.07% decline in the podiba of purchasing poultry for
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households located in urban areas. These effebite statistically significant, are small in
magnitude as compared to the price and incometsff@dtie remaining household-specific

food safety elasticities are not statistically gigantly different from zero.

4.3.5 8-Choice Model Summary

A multinomial conditional logit model was estimatedexpand on the insight gained
from the binary choice models. By incorporatingommation from a full choice set of
different meat and poultry purchase combinatiohs, nodel allows for any interactions
between the three commodities and reveals the pildhes of a household purchasing each
of the goods as well as combinations of them.

The estimated coefficients and resulting elasésitof the 8-choice media index
model indicate that general food safety informatitwes affect the probability of monthly
household purchases of meat and poultry. Spedificdhe elasticities indicate that
households with college educated heads have a inegasponse to beef food safety
information, while households located in urban areaspond negatively to increases in
poultry food safety information. These results pidevsome evidence that there is a
heterogeneous effect on the probability of puratgdieef and poultry on a monthly basis

from food safety information across the househotussidered in this study.
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4.4 Conclusion

The objective of the models presented in this arapas to investigate if the quantity
of food safety information available to consumenpacts their purchase decisions for fresh
meat and poultry in a discrete choice frameworke Tireasure of food safety information
used in the models is a commodity- and region-$igeciedia index, which represents the
general presence of food safety information avélato the public in their regional
newspapers. The media index was modeled as intaracwith various demographic
characteristics to determine if the effect of fagafety information varies across different
groups of households.

Binary logit models were estimated to investigaie e¢ffects of the different types of
food safety information on purchase decisions. Whilese models are rather restrictive in
the specification of the choice set, they do actdanthe effects of price, income, food
safety information, and interactions between foadety information and household
demographic variables on the probability of purahgsa given commodity. Results from
estimation of the commodity-specific models suggdsit responses to food safety
information do vary across households for beef guik, while poultry purchase
probabilities are not affected.

There were a few unexpected results from the binhojce models. First, the signs
of the cross-price effects were negative, sugggstireat and poultry commodities are
compliments rather than substitutes as was expeatgdiori. Other unexpected results

included the positive signs of the pork food safprameter and elasticities for college
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educated and urban households. These results prdriypther investigation of the meat and
poultry purchase decisions in a more complex madebunting for the interactions between
purchase alternatives.

To further investigate the interactions betweerfb@ork, and poultry purchase
decisions in the presence of food safety infornrmtimultinomial conditional logit models
were estimated. The specification of the 8-choicedeh is unique in the grouping of
explanatory variables to isolate effects of the@rifood safety information, and household
characteristics into commodity-specific effectdehaction terms were included to investigate
any effects from food safety information that gpedfic to certain groups of households and
may differ from the average effect across the ergopulation of households. The results of
the 8-choice model suggest that the individualstrikely to stop purchasing beef in a given
month, when the amount of food safety informatiooreéases, are households with college
educated heads. This is also the effect for houdshio urban areas, with respect to poultry
purchases. Other types of households do not apgpdaave a measurable response to food
safety information with regard to discrete purchdseisions of beef, pork, and poultry.

Discrete choice models differ from marginal demanddels in that it is not the
guantity of meat and poultry purchased that is nexjébut instead the decision to purchase.
It seems plausible that consumers may respondfdodasafety announcement by choosing
not to buy the commodity associated with the anneorent. Results of the models estimated
in this chapter provide evidence, although smalimiagnitude, of this avoidance behavior
across heterogeneous groups of households. Howaveigdance behavior could also be

measured as continuous rather than discrete chamgeschased quantities. Therefore, the
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model specifications used in this chapter are edrforward into the next chapter where
analysis is conducted to address whether or nat fadety information affects the quantity

of meat and poultry households purchase.
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Table 4.1 Summary Statistics of the Binary Choice M odel Variables

Aver age Minimum Maximum Std. Dev.
Beef Price 3.209 0.577 12.638 0.562
Pork Price 2534 0.627 12.219 0.509
Poultry Price 1.924 0.700 8.195 0.248
Beef Ml 7.633 0.786 77.645 6.428
Pork MI 2.547 0 16.567 1.988
Poultry MI 11.378 2.000 38.310 6.054
Ed 0.393 0 1 0.488
Age 0.372 0 1 0.483
Ur ban 0.875 0 1 0.330
Child 0.296 0 1 0.456
Income 5.383 0.250 12.500 3.151
Income’ 38.910 0.062 156.250 43.477
Hsize 2.532 1 9 1.379
Y1 0.120 0 1 0.325
Y2 0.112 0 1 0.316
Y3 0.118 0 1 0.322
Y4 0.127 0 1 0.333
Y5 0.133 0 1 0.340
Y6 0.136 0 1 0.342
Y7 0.129 0 1 0.336
Y8 0.125 0 1 0.330
M1 0.083 0 1 0.276
M2 0.083 0 1 0.276
M3 0.083 0 1 0.276
M4 0.083 0 1 0.276
M5 0.083 0 1 0.276
M6 0.083 0 1 0.276
M7 0.083 0 1 0.276
M8 0.083 0 1 0.276
M9 0.083 0 1 0.276
M10 0.083 0 1 0.276
M11 0.083 0 1 0.276
M12 0.083 0 1 0.276
South 0.366 0 1 0.482
Central 0.204 0 1 0.403
West 0.217 0 1 0.412
Nor theast 0.213 0 1 0.410
Caucasian 0.766 0 1 0.423
Hispanic 0.076 0 1 0.264
Black 0.121 0 1 0.326
Asian 0.022 0 1 0.146
Other 0.016 0 1 0.126

Note: The number of observations is 745,632.

92



Table 4.2 Estimated Coefficients of Binary Choice M odels

Beef Pork Poultry
Robust Standard Robust Standard Robust Standard
Coefficient Error Coefficient Error Coefficient Error
Beef Price -1.147* 0.033 -0.147* 0.013 -0.192* 0.012
Pork Price -0.060* 0.012 -0.776* 0.028 -0.024* 0.011
Poultry Price -0.275* 0.024 -0.231* 0.022 -2.239* 0.061
Beef Ml -0.001 0.002 0.000 0.001 -0.001 0.001
Pork MI 0.011* 0.002 0.018* 0.006 0.013* 0.002
Poultry MlI -0.003* 0.001 -0.003* 0.001 0.001 0.002
Ed* Mlpeet -0.002 0.001 - - - -
Age* Mlpeet -0.002 0.001 - - - -
Child* Mlpeet -0.003* 0.001 - - - -
Ur ban* Ml peet 0.000 0.001 - - - -
Ed* Mlpork - - -0.006 0.004 -- -
Age* Mlpork - - -0.010* 0.004 - -
Child* Mlpork - - -0.009* 0.004 - --
Ur ban* Ml pork - - -0.007 0.005 - -
Ej* M|pou|try - - - - -0.002 0.001
Age* Mlpoultry - - - - 0.002 0.001
Child* M|pou|try - - - - -0.003 0.002
Ur ban* Ml pouitry - - - - -0.003 0.002
Ed -0.023 0.041 0.022 0.037 0.011 0.038
Age 0.005 0.035 0.023 0.032 -0.024 0.033
Child -0.005 0.034 -0.022 0.031 0.001 0.033
Urban 0.072 0.042 0.104* 0.039 0.194* 0.044
Income 0.161* 0.015 0.126* 0.014 0.127* 0.013
Income? -0.005* 0.001 -0.004* 0.001 -0.002* 0.001
Hsize -0.031* 0.012 0.017 0.011 -0.037* 0.011
M1 0.079* 0.018 -0.256* 0.017 0.392* 0.015
M2 0.032* 0.016 -0.342* 0.016 0.293* 0.014
M3 0.133* 0.018 -0.205* 0.016 0.315* 0.015
M4 0.025 0.016 -0.131* 0.015 0.249* 0.014
M5 0.244* 0.015 -0.333* 0.016 0.386* 0.014
M6 0.074* 0.016 -0.440* 0.016 0.261* 0.014
M7 0.084* 0.016 -0.386* 0.016 0.315* 0.015
M8 0.091* 0.015 -0.343* 0.016 0.360* 0.015
M9 0.037* 0.015 -0.330* 0.016 0.270* 0.014
M10 0.064* 0.015 -0.310* 0.015 0.225* 0.014
M11 -0.160* 0.015 -0.284* 0.016 0.200* 0.018

Note: A * denotes coefficients that are statiticaignificantly different from zero at the 5 pentdevel or better.
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Table 4.2 Estimated Coefficients of Binary Choice M odels, cont.

Poultry
Robust Standar d Robust Standar d Robust Standar d
Coefficient Error Coefficient Error Coefficient Error
Y1 0.243* 0.030 1.195* 0.035 0.696* 0.026
Y2 -0.155* 0.029 0.227* 0.022 0.095* 0.021
Y3 -0.024 0.023 0.125* 0.019 0.180* 0.018
Y4 -0.038* 0.019 0.100* 0.017 0.085* 0.016
Y5 -0.102* 0.016 -0.035* 0.014 -0.034* 0.013
Y7 0.165* 0.016 0.071* 0.015 0.156* 0.015
Y8 -0.029 0.019 -0.001 0.018 0.174* 0.019
Central 0.130 0.149 0.118 0.125 0.087 0.113
West 0.488* 0.161 0.232* 0.119 0.387* 0.111
Nor theast 0.179 0.135 0.045 0.121 0.326* 0.110
Hispanic -0.017 0.074 0.074 0.073 0.054 0.065
Black 0.020 0.101 0.063 0.095 0.031 0.081
Asian -0.145 0.109 -0.159* 0.080 -0.060 0.103
Other -0.030 0.071 0.085 0.067 -0.005 0.059
Log Pseudolikelihood -328,198.560 -323,098.210 -361,624.710
Number of Obs 681,356 722,533

Note: A * denotes coefficients that are statiticaignificantly different from zero at the 5 pentdevel or better.
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Table 4.3 Binary Choice M odel Elasticities

Standard
BHasticity Deviation 95% Confidence Inter val
BEEF MODEL
Price- Own -3.417 0.099 -3.222 -3.611
Cross Price - Pork -0.145 0.028 -0.089 -0.201
Cross Price - Poultry -0.487 0.044 -0.401 -0.574
Income 0.465 0.028 0.520 0.409
Food Safety - Ed -0.020 0.012 0.004 -0.044
Food Safety - Age -0.020 0.011 0.001 -0.042
Food Safety - Child -0.025 0.013 -0.001 -0.050
Food Safety - Ur ban -0.005 0.008 0.011 -0.021
PORK MODEL
Cross Price - Beef -0.439 0.036 -0.368 -0.510
Price- Own -1.870 0.071 -1.731 -2.009
Cross Price - Poultry -0.410 0.040 -0.332 -0.488
Income 0.335 0.023 0.381 0.289
Food Safety - Ed 0.031 0.014 0.059 0.002
Food Safety - Age 0.019 0.013 0.044 -0.007
Food Safety - Child 0.022 0.015 0.050 -0.007
Food Safety - Ur ban 0.029 0.009 0.047 0.011
POULTRY MODEL
Cross Price - Beef -0.572 0.036 -0.501 -0.642
Cross Price - Pork -0.058 0.026 -0.008 -0.109
Price- Own -3.969 0.109 -3.755 -4,182
Income 0.506 0.025 0.555 0.457
Food Safety - Ed -0.011 0.026 0.041 -0.062
Food Safety - Age 0.027 0.025 0.075 -0.021
Food Safety - Child -0.020 0.026 0.031 -0.072
Food Safety - Ur ban -0.025 0.015 0.004 -0.055
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Table 4.4 Summary Statistics of 8-Choice M odel Variables

Full Sample Random Sample 1

Awrage Minimum Maximum Std. Dev. Awrage Minimum Maximum Std. Dev.
Beef Price 3.046 0.170 8.006 0.493 3.034 0.346 7.529 0.491
Pork Price 2.480 0.055 10.795 0.476 2473 0.055 10.188 0.479
Poultry Price 1.822 0.150 6.045 0.245 1.815 0.156 4.296 0.243
Beef MI 7.633 0.786 77.645 6.428 7.650 0.786 77.645 6.446
Pork Ml 2.547 0.000 16.567 1.988 2.558 0.000 16.567 2.010
Poultry MI 11.378 2.000 38.310 6.054 11.336 2.000 38.310 6.021
Ed 0.393 0 1 0.488 0.376 0 1 0.484
Age 0.372 0 1 0.483 0.376 0 1 0.484
Child 0.296 0 1 0.456 0.288 0 1 0.453
Urban 0.875 0 1 0.330 0.873 0 1 0.333
Income 5.383 0.250 12.500 3.151 5.281 0.250 12.500 3.137
Income® 38.910 0.062 156.250 43.477 37.729 0.062 156.250 43.064
Hsize 2.532 1 9 1.379 2.527 1 9 1.359
Y1 0.120 0 1 0.325 0.120 0 1 0.325
Y2 0.112 0 1 0.316 0.114 0 1 0.318
Y3 0.118 0 1 0.322 0.118 0 1 0.323
Y4 0.127 0 1 0.333 0.130 0 1 0.337
Y5 0.133 0 1 0.340 0.131 0 1 0.338
Y6 0.136 0 1 0.342 0.134 0 1 0.341
Y7 0.129 0 1 0.336 0.130 0 1 0.336
Y8 0.125 0 1 0.330 0.122 0 1 0.328
M1 0.083 0 1 0.276 0.083 0 1 0.276
M2 0.083 0 1 0.276 0.083 0 1 0.276
M3 0.083 0 1 0.276 0.083 0 1 0.276
M4 0.083 0 1 0.276 0.083 0 1 0.276
M5 0.083 0 1 0.276 0.083 0 1 0.276
M6 0.083 0 1 0.276 0.083 0 1 0.276
M7 0.083 0 1 0.276 0.083 0 1 0.276
M8 0.083 0 1 0.276 0.083 0 1 0.276
M9 0.083 0 1 0.276 0.083 0 1 0.276
M10 0.083 0 1 0.276 0.083 0 1 0.276
M11 0.083 0 1 0.276 0.083 0 1 0.276
M12 0.083 0 1 0.276 0.083 0 1 0.276
South 0.366 0 1 0.482 0.362 0 1 0.481
Central 0.204 0 1 0.403 0.216 0 1 0.412
West 0.217 0 1 0.412 0.216 0 1 0.412
Nor theast 0.213 0 1 0.410 0.205 0 1 0.404
Caucasian 0.766 0 1 0.423 0.758 0 1 0.429
Hispanic 0.076 0 1 0.264 0.075 0 1 0.264
Black 0.121 0 1 0.326 0.123 0 1 0.328
Asian 0.022 0 1 0.146 0.026 0 1 0.159
Other 0.016 0 1 0.126 0.018 0 1 0.134
# of Obs 745,632 119,280
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Table 4.4 Summary Statistics of 8-Choice M odel Variables, cont.

Random Sample 2 Random Sample 3

Awerage Minimum Maximum Std. Dev. Average Minimum Maximum Std. Dev.
Beef Price 3.058 0.217 8.006 0.492 3.046 0.178 7.371 0.491
Pork Price 2.485 0.164 10.188 0.475 2472 0.113 8.546 0.470
Poultry Price 1.828 0.156 6.045 0.244 1.817 0.223 5.068 0.244
Beef MI 7.672 0.786 77.645 6.500 7.589 0.786 77.645 6.471
Pork Ml 2.563 0.000 16.567 2.010 2513 0.000 16.567 1.964
Poultry Ml 11.532 2.000 38.310 6.129 11.244 2.000 38.310 6.007
Ed 0.409 0 1 0.492 0.383 0 1 0.486
Age 0.379 0 1 0.485 0.369 0 1 0.483
Child 0.288 0 1 0.453 0.301 0 1 0.459
Urban 0.877 0 1 0.329 0.873 0 1 0.333
Income 5.447 0.250 12.500 3.187 5.305 0.250 12.500 3.100
Income” 39.833 0.062 156.250 44.318 37.748 0.062 156.250 42.638
Hsize 2482 1 9 1.313 2.557 1 9 1.368
Y1 0.119 0 1 0.323 0.113 0 1 0.317
Y2 0.110 0 1 0.313 0.109 0 1 0.312
Y3 0.116 0 1 0.321 0.119 0 1 0.324
Y4 0.125 0 1 0.330 0.128 0 1 0.334
Y5 0.134 0 1 0.341 0.136 0 1 0.343
Y6 0.137 0 1 0.344 0.138 0 1 0.345
Y7 0.131 0 1 0.337 0.130 0 1 0.336
Y8 0.128 0 1 0.334 0.127 0 1 0.333
M1 0.083 0 1 0.276 0.083 0 1 0.276
M2 0.083 0 1 0.276 0.083 0 1 0.276
M3 0.083 0 1 0.276 0.083 0 1 0.276
M4 0.083 0 1 0.276 0.083 0 1 0.276
M5 0.083 0 1 0.276 0.083 0 1 0.276
M6 0.083 0 1 0.276 0.083 0 1 0.276
M7 0.083 0 1 0.276 0.083 0 1 0.276
M8 0.083 0 1 0.276 0.083 0 1 0.276
M9 0.083 0 1 0.276 0.083 0 1 0.276
M10 0.083 0 1 0.276 0.083 0 1 0.276
M11 0.083 0 1 0.276 0.083 0 1 0.276
M12 0.083 0 1 0.276 0.083 0 1 0.276
South 0.390 0 1 0.488 0.342 0 1 0.474
Central 0.186 0 1 0.389 0.202 0 1 0.401
West 0.220 0 1 0.414 0.222 0 1 0.416
Nor theast 0.204 0 1 0.403 0.234 0 1 0.423
Caucasian 0.771 0 1 0.420 0.770 0 1 0.421
Hispanic 0.070 0 1 0.255 0.076 0 1 0.264
Black 0.120 0 1 0.325 0.116 0 1 0.320
Asian 0.024 0 1 0.152 0.024 0 1 0.154
Other 0.016 0 1 0.125 0.014 0 1 0.117
# of Obs 745,632 119,280
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Table 4.5 Estimated Coefficients of 8-Choice M odels

Sample1 Sample 2 Sample 3
Robust Std Robust Std Robust Std
Alter native Coefficent Error Coefficent Error Coefficent Error
Price- Own Beef -0.977* 0.078 -0.806* 0.081 -0.828* 0.072
Pork -0.848* 0.087 -0.895* 0.081 -0.838* 0.090
Poultry -2.492* 0.166 -2.202* 0.169 -2.206* 0.162
Price - Beef Pork -0.016 0.049 -0.085 0.052 -0.105* 0.048
Poultry 0.048 0.043 -0.007 0.044 0.002 0.039
Price- Pork Beef 0.131* 0.035 0.146* 0.029 0.083* 0.035
Poultry 0.086* 0.034 0.040 0.031 0.046 0.037
Price- Poultry Beef 0.083 0.072 0.028 0.073 0.075 0.073
Pork -0.080 0.077 -0.159* 0.076 -0.131 0.076
MI - Own Beef -0.002 0.004 -0.001 0.003 0.002 0.004
Pork -0.017 0.015 -0.009 0.016 -0.018 0.016
Poultry -0.009 0.008 -0.001 0.008 -0.009 0.008
MI - Beef Pork -0.001 0.001 0.001 0.001 0.002 0.001
Poultry 0.001 0.001 0.000 0.001 -0.003* 0.001
MI - Pork Beef 0.008 0.005 0.004 0.004 0.002 0.005
Poultry 0.006 0.005 0.002 0.004 0.015* 0.005
MI - Poultry Beef -0.002 0.002 -0.003* 0.002 -0.001 0.002
Pork -0.001 0.002 -0.002 0.002 -0.003* 0.002
Ed* Ml Beef -0.007* 0.002 -0.004 0.002 -0.004 0.002
Pork -0.009 0.011 0.000 0.011 0.002 0.011
Poultry 0.009 0.005 0.006 0.005 0.008 0.004
Age*MI Beef -0.001 0.002 -0.004 0.002 -0.005* 0.002
Pork 0.012 0.012 0.031* 0.013 0.009 0.012
Poultry 0.007 0.005 -0.005 0.005 0.001 0.005
Child* Ml Beef 0.002 0.003 0.000 0.003 0.001 0.003
Pork -0.002 0.012 0.015 0.013 -0.004 0.012
Poultry -0.001 0.005 -0.004 0.005 0.002 0.005
Ur ban* MI Beef 0.003 0.003 0.004 0.003 -0.001 0.003
Pork 0.016 0.014 -0.006 0.014 0.018 0.015
Poultry -0.002 0.007 0.000 0.007 0.005 0.007
Ed Beef -0.197* 0.054 -0.174* 0.053 -0.115* 0.051
Pork -0.184* 0.056 -0.205* 0.056 -0.279* 0.053
Poultry -0.131 0.069 -0.114 0.069 -0.054 0.067
Age Beef 0.124* 0.054 0.123* 0.055 0.180* 0.054
Pork 0.267* 0.054 0.194* 0.058 0.259* 0.055
Poultry -0.071 0.068 0.029 0.069 -0.016 0.069
Child Beef -0.144* 0.067 -0.176* 0.071 0.023 0.063
Pork -0.286* 0.069 -0.247* 0.068 -0.003 0.063
Poultry -0.035 0.080 0.019 0.081 -0.054 0.079
Ur ban Beef 0.016 0.077 -0.053 0.076 0.143 0.080
Pork -0.096 0.073 0.020 0.078 -0.078 0.076
Poultry 0.251* 0.098 0.133 0.097 0.089 0.097
Income Beef 0.149* 0.028 0.170* 0.028 0.111* 0.027
Pork 0.111* 0.028 0.129* 0.026 0.163* 0.026
Poultry 0.121* 0.025 0.170* 0.025 0.157* @02
Income” Beef -0.006* 0.002 -0.007* 0.002 -0.004 0.002
Pork -0.005* 0.002 -0.004* 0.002 -0.007* 0.002
Poultry -0.001 0.002 -0.004 0.002 -0.004* 0.002
Hsize Beef 0.064* 0.025 0.092* 0.026 0.008 0.024
Pork 0.075* 0.023 0.056* 0.022 0.017 0.021
Poultry 0.021 0.021 0.042 0.023 0.046* 0.021

Note: A * denotes coefficients that are statiticaignificantly different from zero at the 5 pentdevel or better.
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Table 4.5 Estimated Coefficients of 8-Choice M odels, cont.

Sample 1 Sample 2 Sample 3
Robust Std Robust Std Robust Std
Alter native Coefficent Error Coefficent Error Coefficent Error
Y1l Beef -0.375* 0.074 -0.214* 0.072 -0.188* 0.070
Pork 1.048* 0.098 0.973* 0.092 0.862* 0.098
Poultry 0.452* 0.062 0.405* 0.059 0.390* @06
Y2 Beef -0.375* 0.061 -0.213* 0.064 -0.179* 0.059
Pork 0.117* 0.051 0.043 0.052 -0.023 0.051
Poultry -0.009 0.048 -0.063 0.048 -0.079 0.047
Y3 Beef -0.192* 0.050 -0.075 0.052 -0.131* 0.048
Pork 0.091* 0.042 0.038 0.043 -0.030 0.043
Poultry 0.067 0.040 0.065 0.040 0.078* 0.040
Y4 Beef -0.106* 0.041 -0.095* 0.043 -0.055 0.041
Pork 0.156* 0.038 0.109* 0.038 0.058 0.037
Poultry 0.006 0.035 0.038 0.036 0.047 0.036
Y5 Beef -0.077* 0.035 -0.111* 0.035 -0.044 0.034
Pork 0.001 0.033 -0.025 0.031 -0.083* 0.032
Poultry -0.087* 0.031 -0.035 0.031 -0.045 0.030
Y7 Beef 0.131* 0.036 0.149* 0.038 0.135* 0.036
Pork 0.130* 0.036 0.159* 0.036 0.166* 0.035
Poultry 0.194* 0.037 0.200* 0.037 0.190* ®03
Y8 Beef -0.009 0.041 0.013 0.040 0.019 0.041
Pork 0.072 0.043 0.097* 0.041 0.151* 0.042
Poultry 0.320* 0.046 0.336* 0.045 0.275* ®04
M1 Beef 0.024 0.037 0.053 0.039 0.070 0.038
Pork -0.329* 0.036 -0.358* 0.036 -0.418* 0.036
Poultry 0.301* 0.034 0.395* 0.034 0.373* @03
M2 Beef 0.033 0.034 0.055 0.035 0.097* 0.034
Pork -0.381* 0.033 -0.366* 0.033 -0.416* 0.034
Poultry 0.303* 0.031 0.318* 0.032 0.290* a.o3
M3 Beef 0.100* 0.038 0.111* 0.040 0.149* 0.038
Pork -0.310* 0.035 -0.317* 0.036 -0.363* 0.035
Poultry 0.260* 0.033 0.317* 0.033 0.255* @03
M4 Beef 0.002 0.033 0.017 0.034 0.004 0.034
Pork -0.203* 0.032 -0.183* 0.034 -0.206* 0.034
Poultry 0.216* 0.032 0.268* 0.031 0.236* @03
M5 Beef 0.212* 0.033 0.187* 0.033 0.237* 0.034
Pork -0.373* 0.035 -0.393* 0.034 -0.417* 0.034
Poultry 0.336* 0.032 0.410* 0.031 0.358* @03
M6 Beef 0.137* 0.032 0.082* 0.034 0.153* 0.034
Pork -0.421* 0.034 -0.430* 0.035 -0.501* 0.036
Poultry 0.290* 0.032 0.350* 0.033 0.294* @03
M7 Beef 0.101* 0.035 0.099* 0.035 0.131* 0.035
Pork -0.375* 0.037 -0.368* 0.037 -0.466* 0.037
Poultry 0.302* 0.034 0.360* 0.033 0.380* @03
M8 Beef 0.114* 0.033 0.086* 0.033 0.131* 0.033
Pork -0.385* 0.036 -0.320* 0.035 -0.366* 0.036
Poultry 0.383* 0.035 0.459* 0.034 0.383* @03
M9 Beef 0.056 0.033 0.061 0.033 0.116* 0.034
Pork -0.347* 0.034 -0.291* 0.034 -0.388* 0.035
Poultry 0.298* 0.033 0.324* 0.032 0.291* @03
M10 Beef 0.077* 0.033 0.076* 0.034 0.103* 0.033
Pork -0.346* 0.034 -0.340* 0.034 -0.378* 0.033
Poultry 0.224* 0.031 0.284* 0.032 0.249* a.o3
M11 Beef -0.156* 0.032 -0.189* 0.032 -0.134* 0.033
Pork -0.287* 0.036 -0.295* 0.037 -0.339* 0.036
Poultry 0.081 0.042 0.262* 0.042 0.215* 0.041

Note: A * denotes coefficients that are statiticaignificantly different from zero at the 5 pentdevel or better.
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Table 4.5 Estimated Coefficients of 8-Choice M odels, cont.

Sample 1 Sample 2 Sample 3
Robust Std Robust Std Robust Std
Alternative Coefficent Error Coefficent Error Coefficent Error
Centra Beef -0.105 0.070 -0.074 0.069 -0.058 0.071
Pork 0.072 0.063 0.140* 0.062 0.108 0.063
Poultry -0.226* 0.061 -0.208* 0.063 -0.212* 0.062
West Beef 0.053 0.067 0.078 0.070 0.053 0.067
Pork -0.140* 0.065 0.048 0.063 -0.129* 0.061
Poultry 0.343* 0.060 0.278* 0.060 0.347* @05
Nor theast Beef -0.013 0.063 0.120 0.062 0.069 0.060
Pork -0.041 0.059 0.116 0.059 0.059 0.057
Poultry 0.143* 0.055 0.238* 0.056 0.195* @05
Hispanic Beef -0.136 0.077 -0.077 0.080 0.068 0.080
Pork -0.083 0.081 -0.110 0.078 -0.100 0.077
Poultry 0.206* 0.067 0.155* 0.074 0.018 0.074
Black Beef -0.622* 0.063 -0.547* 0.064 -0.715* 0.065
Pork 0.159* 0.068 0.144* 0.068 0.123 0.068
Poultry 0.539* 0.058 0.574* 0.058 0.477* @05
Asian Beef -0.693* 0.160 -0.180 0.128 -0.137 0.159
Pork 0.383* 0.153 0.368* 0.155 0.228 0.155
Poultry 0.209 0.111 0.141 0.137 0.070 0.128
Other Beef -0.474* 0.142 -0.444* 0.217 -0.545* 0.152
Pork 0.247* 0.123 -0.025 0.200 -0.032 0.139
Poultry 0.005 0.131 0.155 0.134 0.119 0.133
Constant Alternative 1 1.450* 0.280 0.873* 0.277 1.051* 0.274
Alternative 2 -0.031 0.298 0.278 0.289 0.330 0D.3
Alternative 3 1.892* 0.333 1.422* 0.331 1.607* 0.324
Alternative 4 2.916* 0.435 2.589* 0.429 2.807* 0.436
Alternative 5 4.431* 0.476 3.353* 0.467 3.687* 0.431
Alternative 6 2.931* 0.509 2.697* 0.464 2.918* 0.484
Alternative 7 6.554* 0.633 5.752* 0.590 6.108* 0.589
Log Pseudo-likelihood -216,716.950 -217,282.180 5,293.090

Note: A * denotes coefficients that are statiticalgnificantly different from zero at the 5 pentdevel or better.
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Table 4.6 8-Choice M odel Elasticities

Standard
Commodity Hasticity Deviation 95% Confidence Interval
Own Price Beef -1.309 0.106 -1.102 -1.517
Pork -1.376 0.139 -1.104 -1.647
Poultry -2.436 0.171 -2.101 -2.771
Income Beef 0.140 0.021 0.181 0.099
Pork 0.152 0.033 0.217 0.087
Poultry 0.293 0.027 0.346 0.241
Food Safety - Ed Beef -0.033 0.015 -0.004 -0.062
Pork -0.049 0.030 0.010 -0.108
Poultry -0.002 0.050 0.095 -0.099
Food Safety - Age Beef -0.010 0.011 0.011 -0.031
Pork -0.008 0.023 0.036 -0.052
Poultry -0.013 0.042 0.070 -0.095
Food Safety - Child Beef 0.000 0.012 0.024 -0.023
Pork -0.034 0.028 0.020 -0.088
Poultry -0.058 0.043 0.026 -0.143
Food Safety - Urban  Beef 0.003 0.007 0.017 -0.012
Pork 0.000 0.016 0.031 -0.032
Poultry -0.072 0.024 -0.025 -0.119
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5 Chapter

Demand Models of Meat and Poultry
Pur chases

5.1 Introduction

The final models employed in this analysis of faafety information on monthly
household purchases of meat and poultry is thenattn of a continuous demand system.
Unlike the discrete choice models of the previduapter, the continuous models used in this
chapter are intended to capture changes in thetiquahmeat and poultry purchases due to
changes in the amount of food safety informatioailable. The use of a system estimator
will allow for any correlation that exists betwedisturbances of the demand equations for
beef, pork, and poultry.

The discrete choice framework of the previous tdrapias employed based on the
assumption that avoidance of meat or poultry invlaée of a food safety event is rational
consumer behavior. The idea of an avoidance respdass not have to be abandoned in
order to employ a marginal model at the househelkll One possible reason for a
measurable marginal response of avoidance behavibat recalls are product specific. That

is, a recall may include ground beef, for examfdat beef roasts and steaks are not
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mentioned. The commodity-level data used in thilysis is aggregated over all fresh beef
products, so avoidance of one beef product (eaurgt beef) does not imply avoidance of all
beef products. This response would be measureddaslae in total beef purchases, rather
than a complete avoidance of all beef productse@asured by a discrete model.

The objective of the analysis presented in thigptér is to determine if food safety
information available to the public impacts the amipof meat and poultry purchased by
heterogeneous households. Two different system n@maodels are estimated: a cross-
sectional (pooled) model and a panel (random-effatiodel. The estimation results of the
two models indicate that accounting for the paiseleat of the Nielsen Homescan data has a
distinct difference on the conclusion that can baden about food safety impacts on

household purchases.

5.2 Demand System Model

The demand model specified in this chapter isveded as a seemingly unrelated
regression (SUR) tobit model. There are two reasonthe use of this particular estimator.
First, not all households buy all three of the caodities considered in this study every
month. If an ordinary least squares (OLS) estimatere used for this analysis, the resulting
coefficients would be biased toward zero with tegrée of bias increasing as the percentage
of censoring increases. The proportion of censdiongd in the monthly household purchase
data ranges from 42% to 65%, depending on the catitynoThis level of censoring

necessitates the use of a tobit estimator to ad¢cfmunboth zero and positive meat and
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poultry purchases in an unbiased manner. The see@stn a SUR tobit model was chosen
is due to the possible correlation that exists betwthe errors of the beef, pork, and poultry
models. These three commodities are likely to Hesttutes and consumer’s decisions of
which product to buy are potentially affected byaEtcteristics of the others. The use of a
system estimator such as SUR will explicitly acddian any error correlation that may exist
between the three commodities, providing more ieffic estimates than single equation
estimation. Two different versions of the SUR tahibdel are presented in this chapter. The
first is a pooled SUR tobit model where the obskows are considered to be purely cross-
sectional and the panel aspect of the househo#didatot accounted for in the model. The
second version of the SUR tobit model is a randdfaces estimator, which explicitly
accounts for households that appear more than iontee data through a component error

structure. These two models are presented in tleviog sections.

5.21 Pooled SUR Tobit
Consider a SUR tobit model with commodities (equations) ard outcomes. A
single household may provide multiple outcomes, thet panel nature of the data is not

explicitly accounted for in this model. The obsehdependent variablg, is determined by:

y'j :aj +XIJBJ +CIYJ +£|] ’ J = 11)‘] )I = 1)N y (51)
y, if y.>0

i = Lo , (5.2)
0 ify,<0
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where yIJ is the latent or unobserved dependent variab|eis the intercept term for thé
commodity, x; is a (1>< kx) vector of commodity-specific regressorg§,; is the
correspondingk, x1) vector of unknown coefficients; is a (1xk.) vector of household-
specific regressorsy; is the correspondingquC ><1) vector of unknown coefficients, and
g =[&,,...6,] ~iid N(0Z) where = is a (JxJ) symmetric positive definite matriX.
According to equation (5.2), the value of the obedrdependent variablg, , is equal to the

latent value ifyi*j is greater than zero and censored at zero otherwis

The equations in the system can be stacked ovemaoalities and rewritten as:

Y, a | %X 0 - OB, |G O - Of7y,| |&:
Yo |o| @2 |, [ O X2 oo OfIBo| [ O G o Ohwe) H&a) g (5.3)
v,) las) [0 0w x,)l] Lo 0 alln] |a
or
y:=a+Xp+Cy+eg . (5.4)

Combining the regressor matrices, andC,, equation (5.4) can be rewritten as:
yl* :\/\/i9+gi , (5.5)
where W =[1, X, C |, 6=[aBy], and I, is a (IxJ) identity matrix. The system

equations are further stacked over all householdlse dataset and written as:

18)f E(&&") = ij |, wherel; isa (J X J) identity matrix, then the SUR estimator is equivilto single
equation Tobit estimation of the individual demasgglations.
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Y. | | W g
Va || W |g. | & (5.6)
Yul W Ey
or
y =WB+e, (5.7)

wherey’is (NI x1), W is (NI xK), 8 is (Kx1), ¢ is (NI x1), and K = J +k_ +k;

is the total number of parameters to be estimated.

5.2.2 Random Effects SUR Tobit

The random effects SUR tobit model is specifiedaisimilar manner to the pooled
SUR tobit model given in equation (5.1). The diéfiece in the two models arises from the
specification of a component error structure tooact for the correlation that is likely to

exist between observations from the same househbh&lrandom effects SUR tobit model is

comprised ofJ commodities (equations) ar(d\l EF) outcomes wherd\ is the number of

households and is the total number of times all the householdseap in the dataset. The

model is specified as follows:

Vi =a; tx Bty tu g, j=1..0,i= LN 1= 1.T,, (5.8)
Yy, if y. >0

it — ! : *lt ) (5.9)
0 ify,<0
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where u; is the household- and commodity-specific randomoreterm that does not vary

over time, u, ~iid N(O,ofj ) T is the size of the panel for i household, and all other

1 M i
terms are as defined above with an additiomadlex. In an unbalanced panel dataset like the

one used in this studyl; will vary over households. The system of equatisrstacked over

J commodities and written as:

Yol (0] [Xa O -+ OB | [c O - Ofv.| [U.| | &
y‘?z T L N e B R EI W LRI (5.10)
yi;tJ a, 0O 0 - X4yl B, 0O O - ¢, u, Ey
or
y,=a+XB+Cy+u +g, , (5.11)

fori=1,..N,t=1,..T. Combining the regressor matrices, andC,, equation (5.11) can
be rewritten as:

y, =W,0+u, +g, , (5.12)
whereW, =[1; X, C |, =[aBv], I, is a(IxJ) identity matrix,u, ~iid N(0,V), and
g, ~iid N(0,Z) with E(ge)=0 for all t#s. The covariance matri¥%/ is defined as

follows:
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2
g, 0
0 o> - 0
V= 2 - (5.13)
0 0 o

The system of equations are further stacked oVéoalkseholds and time periods in the panel

and written as:

YL W, €11
YZT1 VVlTl €
. W, €
y:21 :21 u, :21
s B R A , (5.14)
Yor, W, €1,
. . u N .
y*Nl Wi LAV
_y*NTN ] _WNTN ] | Eny, |
or
y =WH+u+eg, (5.15)

wherey’is (NLJ T x1), W is (NOD T xK), 8 is (Kx1), u is (N LI T x1) with the same
N
value for thé" household over all; periods,e is (NCJ 0T x1), T=> T , andK is the total

i=1

number of demand parameters to be estimated.
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5.3 Estimation M ethodology

The SUR tobit model is a generalization of the ngguation tobit model. The
primary estimation difficulty with SUR tobit is thaas the number of equations
(commodities) increases, the model becomes mofieuwifto estimate. This is due to the
increase in the number of possible censored comtmasdiFor example, if there ame
commodities (equations), then there would be ppssible combinations of censored
commodities. Using Huang's (2001) notation, tl28 possible combinations may be

represented by the following® x 1 vector:

I

s=|5=(0,...0 S“:[LUJ S, =(+ ) |, (5.16)

r p-r

where S, is (px1), k=1,2,...,2, r is the number of censored commodities, ‘+" indisaa
positive purchase level for the commodity, and ifplies a censored observation for the
commodity in the pooled SUR tobit model. The likelod function for thé™ household in

the S, case is given by:

L5 (yw,z)=[ 2 {( o) |5

—00 00

& exp—%(yi* —vxw)' s (yi* —V\/ﬂ)} (5.17)

It is clear that as the number of censored comnesdapproache”, the dimension of
integration increases. In systems with large nusileérequations, this likelihood function

quickly becomes intractabfé.

9 Several alternative methodologies for estimatiygjeams of censored demand equations have beearfut
in the literature (e.g. Dong, Gould, and Kaiser0®Q Perali and Chavas (2000); Golan, Perloff, 8hdn
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Given the complexities of estimation when censorisigresent in a SUR model, it
may be advantageous to use a methodology that augroe ‘fills in’ the latent dependent
variables during estimation, thereby avoiding tleedto compute integrated probabilities.
This would simplify estimation to that of a standlaon-censored SUR model. Huang, Sloan,
and Adamache (1987) proposed a data augmentatithodwogy where estimation is done
via an expectation-maximization (EM) algorithm. Hawer, their methodology was limited
to a bivariate SUR tobit model. An additional liatibn of the EM algorithm methodology is
that an estimate of the information matrix is notoaatically generated. Therefore, a
bootstrapping technique would have to be implenternite provide some estimate of the
covariance matrix. Given the size of the datasedus this study, this could be a very
inefficient process. Therefore, a data augmentatiethod that does not require the use of
bootstrapping to obtain estimates of all the patamseof interest is preferable.

The EM algorithm is an estimation technique thatermmployed in a classical
framework via maximization of a likelihood functioAlternatively, the implementation of a
Bayesian analysis allows for the use of a data amgation methodology nested within a
Gibbs sampler routine for posterior simulation. Thik®bs sampler was first introduced by
Geman and Geman (1984) and a general explanatitre d¢échnique is found in Casella and
George (1992). It is a Markov Chain Monte Carlo (MIC) approach that generates random
draws of variables from complex multivariate distitions by sampling sequentially from the

full set of conditional distributions. The Gibbsngaler was shown by Percy (1992) to be

(2001)). The techniques used in these studieswalsly, suggesting that a general consensus omatitin
methodology does not exist.
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suitable for estimation of the SUR model in a Baesanalysis. Chib (1992) incorporated
the idea of data augmentation into a Gibbs sanfpteestimation of a single equation tobit
model and the approach was extended to the SURnalalel by Huang (2001).

The inference objective in Bayesian analysis isharacterize the uncertainty of any
true value, such as model parameters, with a pilityathstribution. This distribution can
then be updated with current data to get a posterabability distribution for a parameter
that has less uncertainty (Lynch, pp.50-51, 200he Gibbs sampler is widely used in
Bayesian analysis because it can be employed esaalsere sampling from the multivariate
posterior distribution is not possible, but samglfrom the conditional distribution for each

parameter is feasible.

To illustrate the technique, suppose the followjoint density f(x,x,) with
conditional densities off (x|x,) and f (x,|x,). The Gibbs sampler draws iteratively from
the conditional distributions using the most recéraw as the conditioning value. Given a
starting value ofx™, a draw is made from the conditional distributibn(ux;‘xfl) to obtain a

value of x,. Then using the most recent realization,0fa draw is taken from the conditional

distribution f(x}‘x;) to obtain a value of. A new realization ofx, can then be drawn

from f (x;+l x{) using the previous value of . This process is repeated until convergence is

reached, whereby the draws are from the target gigtributionf (., X,) .
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5.3.1 Bayesian Estimation of the Pooled SUR Tobit Model

As mentioned previously, estimation of a modelha Bayesian framework requires
summarization of a posterior probability distriluti The posterior is derived using Bayes
Theorem for probability distributions, which candiated as:

Posteriord Likelihoodx Pric

where ] means “is proportional to.” Given both a likeliltbfunction and prior distributions,
a posterior distribution for the unknown model paeters can be derived. The likelihood
function is derived from the specification of theodsel and the prior distributions are
determined using any pre-existing knowledge ofrttoelel parameters.

The pooled SUR tobit model, stacked oveldalbmmodities is specified as:

y; =Wé+g, , (5.18)
“if v >0

| = i Ui (5.19)
0 ify;=<0,

where € ~iid N(0,Z). The prior distributions of the unknown model paeters, 77(6) and

lT(Z), are specified as a multivariate normal and inv&k8shart distributions, respectively.

The probability distribution of the dependent vhleaconditional on the model parameters

and observed data for househbis:
p(y,|ow,z) = j:‘”j:” £y, oW £) dy,, ..y, , (5.20)

where f(-)is the normal probability distribution function amdrefers to the number of

censored commodities. The likelihood function cahouseholds is:
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L(y|ow,z)= - p(y;|oW.z)=p(y|oW.z) . (5.21)

1=1
Using the model likelihood function and prior distitions, the posterior is proportional to

the product of the likelihood function and the pmstributions:
p(y|e.w,z) O L(ylow,5)tr(8) (=) . (5.22)

Obtaining summary statistics such as the mean, anedand variance requires
integration of the probability density function. i$hs a difficult task because no analytical
form exists for the multivariate posterior distrilmn given in equation (5.22). A
computationally simpler method of characterizing gosterior distribution is to work with a
full posterior that includes the latent variabléerive the complete posterior conditional
distributions, and then use the Gibbs sampler ¢catively draw realizations of model
parameters as well as the latent data. Using ptiepenf probability distributions, the full
posterior can be written as follows:

p(6.%y [yW)O p(y.y [oW 3)0r(6)r(5) (5.23)
Op(yly” 8w =)(y |y W =) () tn(z)

which, wheny' is integrated out, results in the posterior expogss equation (5.22§°

With the full posterior in hand, the Gibbs sampdeoceeds by iteratively sampling
from a complete set of conditional distribution$eTiterative process of sampling from the

conditional posteriors is done in the following erd

21t can be shown that integrating the full postetbthe model parameters over the latent dataredult in a
posterior for those parameters that is unchangethéyddition of the latent data. Augmenting thstedor
with the latent data will not alter the inferendettte model parameters, but it will make the prableasier by
allowing derivation of the conditional posterioSee Koop, Poirier, and Tobias (pp.204-206, 2007)afo
example of this using a probit model.
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@ p(yle.zyw) (5.24)
@  p(zz.ew)
@)  p(fzzw),

wherez denotes a vector comprised of the observed vafidse dependent variablg, and
the sampled values of the latent dependent varighle

The first step of the Gibbs sampler is to augméet tector of censored purchases
with draws from the conditional distribution. Lef :(y;r,yi'_r) be a vector of dependent
variables for thé™ household withr denoting elements censored at zero andenoting
positive (observed) commodity purchases. The cmmdit distribution ofyi*’r is a truncated
normal distribution of the following form:

y:,r|g’z’vvi’yi,—r ~TN(—oo,0] (ui,r ’Zr) ' (525)
where y;, is a dimension(rx1) vector of strictly negative outcomes ang_ is a

((J—r)><1) dimension vector of positive purchases. For ithénousehold, the mean and
variance of the truncated normal are:

w, =W, 0+%, 37 (y,. ~W_06) (5.26)

r-r<-r,-r

zr = Zr,r +Z'r,—rZ:l Z !

r-r<r-r

where the dimension qf; , is (rx1), 2, is dimension(r xr), and the indices and + refer

r

to censored and positive elements, respectivehagigu2001). The first step in the Gibbs
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sampler drawg, for all people in the sample from the truncatechmad distribution given in
equation (5.25).

Once the first step of the Gibbs sampler is comeplet is a fully augmented vector
that can be subsequently used for drawing reatizatof the parameters of interest from the
conditional distributions for the model parametefbe posterior distributions are derived
from specifications of prior distributions, whiclorovey any known information about the
parameters of interest. The prior distributions tloe parameters of the pooled SUR tobit

model are assumed independent and of the follofainyg:
m(6) ~ N (5,,8,") (5.27)
(%)~ W, (05, R,) (5.28)
where 77(6) is aK-dimension multivariate normal distribution with are, and precision
matrix B;* and 77(X) is aJ-dimension inverse Wishart distribution with degreé freedom

0, and scaleR,. The hyperparameters of the prior distribution®,( B,*, o,, R,) are

assumed to be known by the researcher and ar® seiues that reflect any prior beliefs
about the paramete® and = . Theory provides little prior information on tharameters of

a demand system. Therefore, the hyperparameterseaite values that reflect very diffuse

prior information. The values of3,, B,*, p,, and R, are set to 0,,, J, and I,,
respectively wherd, and |, areK- andJ-dimension identity matrices. With the values of
the hyperparameters set, the full conditional desssof the model parameters are:

p(6]=W,z)~ N, (5.B") , (5.29)
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p(Z|o.wW.z)~ W, (o.R). (5.30)

The posterior distribution of@ is a K-dimension multivariate normal with mean

N 1N N -1
B, :[ W's™W j (ZV\/{Z‘lzij and covariance matrix B* = (ZV\(Z‘W j . The
i i=1 i=1

Py

posterior distribution ofX is a J-dimension inverse Wishart with degrees reedom

p,=J+N and scaleR =(1,J+3N)/(J+N), where§:ﬁZN:(zi -Wo)(z -W6) .

i=1
An outline of the steps of the Gibbs sampler fdinestion of the pooled model is
now given using the full conditional distributiodgrived above. The algorithm begins by
assigning starting values to the parameters anththet values of the dependent varidble.

The Gibbs sampler algorithm is comprised of théofeing steps:

(1) Initialize the model unknowns with starting valué$,>°,z°, where:

o _ Yi ify”.>0
Po-lify, =0,

(2) At iterationp, complete the following:

a. Draw realizations of y?|6°* ="* Wy, .~ for i=1,..N from
TN(_W]O](ui’?;l,Zf‘l), where . and Z_ are person specific as described

above and depend on parametéfs' and >°™. The inversion method is

%L The starting values for both the pooled and randtfetts SUR Tobit models are the OLS estimatehef
SUR model.
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used to draw from the truncated multivariate normdtidistion given the

most recent draws of the mean and variance of the digonitf?

b. Draw 3°|6°,z° W from IW, (0, R).
c. Draw 6°|z"*,z°,W from N, (4, B;").

(3) Repeat step (2) fop=1,...,P, whereP is large enough to obtain a sufficient

number of posterior realizations.

5.3.2 Bayesian Estimation of the Pooled SUR Tobit Model

Estimation of the random effects SUR tobit model isdemted using the same
Bayesian framework as described above for the pooledeimdhere are differences,
however, in the conditioning elements of the postatistributions and the number of steps
in the Gibbs sampler for the random effects model. Tidue to an additional unknown
model parameter for the household specific error compariehé model.

The random effects SUR tobit model, stacked ovel etimmodities is specified as:

yi*t =W, 0+u; +g, , (5.31)
Fif V.o >0

= Vi ™ i (5.32)
0 ify,<0,

22 The inversion method is comprised of two stepsDaw a random numberfrom the uniform distribution
U (0,1). (2) Calculatez = F ™ (u) , which represents a draw from the target distiitot f (x) .
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where g, ~iid N(0,Z) and u; ~iid N(0,V). The prior distribution of the unknown model
parameters/7(6), is specified as a multivariate normal distributiofise prior distributions

of the unknown parameterg(%) and 77(V), are specified as inverse Wishart distributions.

The probability distribution of the dependent variabteditional on the model parameters

and observed data for househbid time period is:

p(yelow.zu)= [ f (v oW Z u,) dyiy i, (5.33)

—00 —00

where f (+)is the normal probability distribution function amdrefers to the number of

censored commodities. The likelihood function ovehallseholds and time periods is:
N T
L(y|o.wW,z,u)= ” |‘! p(y.[6W.Zu)=p(y|eW 2 u). (5.34)
1=1 t=

Using the likelihood function and prior distributiorthe posterior is proportional to the

product of the likelihood function and the prior disttibas:
p(y|e.w,z,u)OL(y|oW 2 u)Gr(6) ar(Z) (V) . (5.35)

As with the pooled SUR tobit model, no analyticalnfioexists for the multivariate

posterior distribution given in equation (5.35), makaagnpling very difficult. To obtain the

conditional posterior distributions needed to emplwy Gibbs sampler, the posterior of the

unknown model parameters is augmented with thetlatata to get a full posterior. Using

properties of probability distributions, the full posteran be rewritten as follows:
p(6.Z,uy [y W) O p(y.y |9 W 2 u)n(6) (=) (v (5.36)

Op(yly W = u)mp(y |6 W =,u)Z2(6) o (=) tr(v)
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The conditional posterior distributions are derived gsmultivariate (univariate) normal-
inverse Wishart (gamma) conjugate prior analysis. Thbeb&isampler can now be

implemented to sample iteratively from the conditigrialthe following order:
@ p(y|e.zuwy) (5.37)
(2) p(V|z,9,Z,u,W)
@) p(uzezvw)
@)  p(Zz6.uw)
G)  p(fzz.uw),

wherez denotes a vector comprised of the observed valudeafdpendent variablg, and
the sampled values of the latent dependent varigble,

The truncated normal distribution used in the first stbthe Gibbs sample is altered
slightly for the random effects SUR tobit model. Thetrthsition must now be conditioned

on the household-specific error componentwhich enters the mean of the distribution. Let

zZ, (y;,r’yn,_r) be a vector of dependent variables for ifichousehold withr denoting

elements censored at zero amddenoting positive (observed) commodity purchases. The

*

conditional distribution ofy;, . is a truncated normal distribution of the following form:

y:t,r |‘9' Z,Ui ’Vvit Yit-r ~ TN(—oo,o] (pit,r ’zr) ' (5-38)
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where y;,, is a dimension(r x1) vector of draws andy, _, is a ((J-r)x1) dimension

vector of positive purchases. For tffehousehold, the mean and variance of the truncated

normal are:

B, =U; W

it,rg+z'r,—rzj,—r (yit,—r —u -W ; 9) (539)

PIIED T D WD Sl NN

=r,-r—r,-r

where the dimension qf,, is (rx1), £, is dimension(r xr), and the indices and -+ refer
to censored and positive elements, respectively (giu2001). The fully augmentexivector
is subsequently used for drawing realizations of thearpaters of interest from the
conditional distributions for the model parameters.

The conditional posterior distributions are derived frepecifications of prior
distributions, which are specified using any previouklyown information about the
parameters of interest. The prior distributions usedha random effects model for the
parametersd and X are unchanged from those used in the pooled modiel.pfiors are

assumed independent and of the following form:
m(6) ~ N (5,.8,") (5.40)
m(Z) ~ W, (0, R,) . (5.41)
where 77(0) is aK-dimension multivariate normal distribution with me@h and precision
matrix B;* and 77(X) is aJ-dimension inverse Wishart distribution with degrees afdoen

0, and scaleR;. The hyperparameters of the prior distributiogs,(B;*, 0,, R,) are set to
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values that reflect very diffuse prior information. Theues of 3,, B;*, p,, and R, are set
to 0, 1., J, andl,, respectively wherd, and |, areK- andJ-dimension identity matrices.

With the values of the hyperparameters set, the donditposterior densities of the model

parameters are:

p(6lz.Z.uW)~ N, (4.8") . (5.42)

p(Z|z.0.uW)~1W, (o.R). (5.43)

The posterior distribution of@ is a K-dimension multivariate normal with mean

Ti T;

-1
N
V\/n'Z‘lditj, covariance matrixg;* :(Z ZV\/“'Z'Wtj , and

i=1 t=1 i=1 t=1 i=1 t=1

N T A
,81 = (Z Z\Nn Z_J\Nitj (Z
d, =z, —-u,. The posterior distribution oE is a J-dimension inverse Wishart with degrees

of freedom p=J+NOT and scale R=(1,J+SNOT)/(J+NOT), where

(dit _Vvitg) (dit _\Nitg)’ andT = ZN:T| :

i=1

M_.—|

_ N
S=vr ).

i=1

—
1l
-

In addition to these adjustments to the posteriatridigions for & and Z, the prior

and posterior distributions of the random effects errorpmrents,u,, must be derived for
the random effects model. The prior distributions for th@recomponent,u,, and its
variance,V , are assumed independent and of the following form:

r(u) ~ N (4o, M) | (5.44)

(V) ~ W, (¥, G,) , (5.45)
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where ﬂ(u) is a univariate normal distribution with mean and precision matrisM ;* and
n1(V) is aJ-dimension inverse Wishart distribution with degrees e&diom y, and scale
G,. As with the prior distributions of and Z, the hyperparameters are assumed to be
known and are set to values that reflect very diffoger information. The values ofy,,
M;*, ¥,, and G, are set to OV, J, and | ,, respectively wheré , is aJ-dimension identity

matrix. With these values of the hyperparameters, teeefor densities are derived as:

p(uz.6.2V W)~ N(z.M?), (5.46)
T T

where yl:((Zzn —ZV\/HHJZ‘lJMf is the mean of the posterior and
t t

M/ = (TI ]<Z'1+V'1)_1 is the variance. The posterior distribution\bfis derived as follows:
p(V]z.8,Z,uW)~1W().G,), (5.47)

where ), =J+N are the degrees of freedom arG:(IJJ +§N)/(J+N), where

N

=, , .

S=+ E u’ is the scale.
i=1

The following outline of the steps of the Gibbs saengbr estimation of the random
effects model is modified from that given above for theled model. The algorithm now
includes steps for sampling from the conditional distidns for both the household-specific
error components and the variance of these errors. Itepatbthe Gibbs sampler algorithm

is comprised of the following steps:

(1) Initialize the model unknowns with starting valués,=°,z?, where
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o _ | Vi if ¥ >0
"1 if y, =0 .

(2) At iterationp, complete the following:

a. Draw realizations ofy;"

6°4, =" u W, y, ., for i=1,...N from
TN g (piﬁ’;l+2,p'l), wherep, . and X, are person specific as described

above. Use the inversion method to draw from the trexdcatultivariate
normal distribution given the most recent draws ofrttean and variance

of the distribution.

b. DrawV®|z%,6°*, 2P u"* W from IW(y,G,).
c. Draw up\zp,ep'l,zp'l,vp'l,w from N(,ul,Mf).
d. Draw Zp‘zp,ep'l,up,w from IW, (o, R).
e. Draw 6°|z°,2°,u’ W from N, (B,8B").

(3) Repeat step (2) fop=1,...,P, whereP is large enough to obtain a sufficient

number of posterior realizations.

5.3.3 Demand Model Specification
The reduced-form model estimated in this chapter isumgonditional, incomplete

demand systerff Reduced-form is used here to indicate a model thadtisntegrable. That

% A complete demand system uses the assumptional separability of preferences, which is a necgssad
sufficient condition for the existence of conditdlemands. Conditional in this case refers to aehfiar a
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is, the demand equations cannot be integrated toagkutility function that is consistent with
consumer theory. There are several functional forms a@inptete demand systems that are
based on theoretically-consistent preference orderiddditionally, if welfare calculations
are one of the goals of a study, integrability is aessary requirement. However, the current
study focuses on measuring the existence of food saftdgts on consumer purchases of
meat and poultry. Given that welfare calculationsrasea goal of this research, a reduced-
form incomplete demand system is sufficient to answerdksearch question of interest.

The choice of an incomplete demand system using tijiegsnas the dependent
variables was guided by previous research and tedhcocaplexity of model estimation.
The development of the SUR tobit in previous reseaashfbcused on dependent variables
that are estimated in levels rather than expenditurebares (Huang, 2001). The reason for
this may be recognition that a data augmentatiothoate employed on shares would be
challenging. Shares are bounded between zero andwdmeh has ramifications for the
truncated distribution from which the augmented sharesla@awn. The adding-up restriction
imposed in complete demand systems adds anothdr déxammplexity to the estimation
using expenditure shares. This restriction requirehalshares (latent and observed) to sum
to one. This leads directly to the question of whetbe not observed shares must be
recalculated after drawing the observed shares. The fuse mcomplete demand system

avoids the issue of imposing adding up on the shardsthe effects of negative shares that

commodity conditional on the assumption of a fitstge allocation of income across all the groups of
commodities a consumer chooses to purchase. Tlig otaximization problem is then a second-stage
optimization subject to a budget constraint of exjieires on the goods within the group. Demandtfer
commodities in the group of interest is, therefaréynction of the prices of the goods in the grauod total
expenditures on those goods. Weak separabilitgtisssumed here as the model includes househalchianc
rather than group expenditures. Therefore, the 8lBR demand is an unconditional demand model.
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are bounded between zero and one on parameters estifraatethe Gibbs sampler is an
empirical question and is left for future research.

The model specifications for both the panel and ranéfiects SUR tobit models
follow closely the specifications used in the binaligcrete choice models presented in
section 2 of the previous chapter. The only differenegvéen the discrete and marginal
demand models is the use of a continuous dependeible. The dependent variable for
each of the three system equations is quality adjyste capita purchases of beef, pork, and
poultry, respectively. The description of the quaditijusted quantities is given in Chapter 3.

The SUR tobit model specification includes own- anuks-effects for price and food
safety, interaction terms between the media indexsafett demographic characteristics, and
variables specific to both the household and timeopgeriThe a priori signs of these
regressors do not differ from those outlined for the disaktéce models of the previous

chapter.

5.4 Results

Due to the large size of the dataset and the amoutime needed to run these
models, a subsample of the data was used for egiimad random sample of 3,000
households was selected from the original dafdst.the observations from the panel were

used for each of the 3,000 households. This resultéd 980 observations that were used

% This is random sample 1 which was used in theivauiaite conditional logit model estimation of chexp4.
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for estimation. Summary statistics are presentedhbie ta.1 for both the full dataset and the
random sample.

Bayesian coefficients are typically the mean of thegras samples. Drawing from
the Bernstien-von Mises theorem, the posterior angtyssented in the following sections is
given a classical statistical interpretatforihe classical perspective allows for discussion of
the ‘statistical significance’ of the coefficients usiognfidence intervals. Summarizing the
upper and lower 2.5% tails of the posterior distringigives 95% confidence intervals for
each parameter. Coefficients with confidence interthed$s do not contain zero are referred to

as statistically significantly different from zero.

5.4.1 Posterior Samples and Convergence
The Gibbs sampler procedure was run for 11,000 iterafmmthe pooled SUR tobit
model and 36,000 iterations for the random effects SabR model’®?’ The number of

iterations that were run for each model must be largegmto allow for convergence to the

% The Bernstien-von Mises theorem states that asahwle size increases, the posterior distribuieromes
normal and the variance of the posterior becomesdime as the sampling variance of the maximurtioaed
estimator, implying that the mean of the postedatribution (the Bayesian coefficients) is asyntigglly
equivalent to the maximum likelihood estimate (fraip.291-293, 2003).

% Both the pooled and the random effects SUR tobidefs were estimated using MATLAB. Tests of the
accuracy of the estimation code were conducted ganerated data experiment. Model estimation of
predetermined parameter values was conducted datagrom a known distribution. The Gibbs samplasw
run for 1,000 iterations and convergence and migifidpe posterior distributions was accurate endogh
recover the known parameter values.

2" The number of total iterations run for each modigpends on the number of skips needed to sufflgient
reduce autocorrelation of the parameters and thebau of iterations it takes to reach the approerpisterior
distribution (1,000 posterior realizations was tlaeget for this study). Preliminary runs of both dets
indicated that 11,000 iterations are more than ghdar the pooled model because only two skipsnaeded
to reduce autocorrelation. However, a much lond®ircis needed to get a sufficient number of paster
realizations for the random effects model becauseger number of skips were needed.
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posterior distribution as well as sufficient mixing thghout the distribution. To ensure that
the target distribution has been reached, the firstite@@ions are dropped from the posterior
analysis. This is referred to as a burn-in period ansuees that inference is made on
posterior realizations that have reached the postegisity of interest. Further convergence
analysis of the posterior realizations of both the pdand the random effects models are
provided in Appendix A.

Although MCMC algorithms such as the Gibbs samplexdpce samples from a
posterior distribution, these samples are not indepegndéhe Markov property of the
sampler uses the previous draw from the distributioth@sasis for the next sample that is
drawn. The samples are autocorrelated, which canecthss variance estimates to be
incorrect. To account for autocorrelation between timepsas in the chain, it is common to
take evenyk" draw for inference, wherleis the lag beyond which autocorrelation no longer
affects inference. The autocorrelation function (ACF) canchlculated to determine the
appropriate number of sample to skip to have insigmfieaitocorrelation. The ACF for lag

L is as follows:

T T (% %) (X —%
ACFL=( jz‘ﬂz(f(:_(f)z ) (5.48)

where x, is the sampled value of for iterationt, T is the total number of sampled valu&s,

is the mean of the sampled values, hnsl the lag length (Lynch, pp.146-147, 2007).
The ACF was calculated for every parameter in each madgalot of the ACF for all
the parameters in the pooled model is shown in figute The parameter with the highest

level of autocorrelation determines the lag length thast be used to decrease the ACF of
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all the model parameters to 0.25 or less. For the daoledel, the lag length must be 2 to
achieve this. While this is a relatively low numhs#r skips, according to the ACF, it is

sufficient to decrease autocorrelation to an acceptaltd (Lynch, pp. 147, 2007). Figure

5.2 shows the ACF at different lag lengths for all pheameters in the random effects model.
A lag length of 35 is required for all the parameterthia model to have an ACF of 0.25 or

less.

By omitting the first 500 iterations from the pooled rabdnd keeping every other
sampled value, 5,252 posterior realizations remain ftarence. Similarly, the first 500
iterations are dropped from the random effects modebaedn every 35 sampled values is
kept for a posterior sample of 1,015 realizations. Thalt® presented in the next section are

based on these posterior sampled values for each model.

5.4.2 Pooled SUR Tobit Model Parameter Estimates

Results of the pooled SUR tobit model are presentethlae 5.2. The means,
standard deviations, and 95% confidence intervals ailated using the 5,252 posterior
realizations. The following discussion of the modelapaeters uses the means of the
posterior distributions.

The own-price coefficients for each of the three commeslitare statistically
significantly different from zero and have the expdcteegative signs. The cross-price
effects are also all statistically significantly didet from zero and are negative. The own-

effect of the media index on purchases of beef is tatisgcally significantly different from
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zero. The mean of the posterior is 0.001 and the cord@terval is evenly centered on
zero. This suggests that food safety information o dees not have a measurable average
effect on the monthly quantity of beef purchased byskbolds in the sample. The own-
effect for the pork media index is -0.043. However, tb&9confidence interval contains
zero, so this negative effect is not statisticallgndicantly different from zero. The own-
effect for poultry is -0.083 and is statistically sigo#ntly different from zero, suggesting
that food safety information affects households’ decidgmrpurchase poultry. The cross-
effects of food safety information are not statisticalgngicantly different from zero for all
the parameters except the effect of the pork media indgxoultry purchases. The positive
effect indicates that increases in the amount of pavkl &afety information have a positive
and statistically significant effect on the quantifypoultry households purchase.

The interaction terms for education and food safety aatissitally significantly
different from zero in all three equations. The signs reggative for beef and pork, but
positive for poultry. The interaction term of the porkdi@eindex and urban location of the
household is statistically significantly different fromero and positive in sign. The
interaction term of the poultry media index and thenthy variable for head of household
age 55 and older is statistically significantly diffardnom zero and positive in sign.
Although some of the interaction effects are statidjicgignificant, it is unclear if the sums
of the average and the heterogeneous effects are alsticlly significantly different from
zero. The remaining parameters accounting for the heteeoys effects of food safety are

not statistically significantly different from zero.
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The effect of a head of household having a collegecan is negative and
statistically significant for all three commodities. eTtcoefficient for households with
children is negative and statistically significamiglicating that they buy less fresh meat and
poultry relative to households without children. ®ifect of a head of household age 55 and
older is positive and statistically significant for m@ad poultry purchases. The coefficient
for urban location is positive and statistically sfgrant for poultry purchases, but not
statistically significantly different from zero for beefdapork. Higher levels of household
income increase the per capita amount of beef, pord, poultry that is purchased. This
effect declines as the level of household income ise®dor beef and pork, but is not
statistically significant for poultry.

The remaining parameters in the model account for thi@hibity that arises from
time, geographic location, and race. The majorityhefyear and month dummy variables are
statistically significantly different from zero. Geograplocation has a significant effect for
some of the commodities. Beef purchases are higheofadhnolds in the west and northeast
relative to households in the south. Beef purchatkswseholds in the central region are not
statistically significantly different from households tine south. None of the geographic
regions have a statistically significantly differenffeet for pork purchases relative to
households in the south. Purchases of poultry arerlowthe central region, but statistically
significantly higher for households in the west and st relative to households in the
south.

Several of the heterogeneous effects of household racstatistically significantly

different from zero. For beef, Hispanic households are tatisgcally significantly different
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from white households. However, black, Asian, and motrece households purchase
statistically significantly less beef than their whit®unterparts. Pork purchases are
statistically significantly lower for Hispanic housetis] but higher for each of the other
races relative to white households. The statisticGtipificant and positive signs of each race
variable in the poultry equation indicate that dlé traces considered buy more poultry

relative to white households.

5.4.3 Random Effects SUR Tobit Model Parameter Estimates

Results of the random effects SUR tobit model are predenttable 5.3. The means,
standard deviations, and 95% confidence intervals cateulated using 1,015 posterior
realizations. The following discussion of the modetapzeters refers to the means of the
posterior distributions.

The own-price coefficients for each of the three commeslitare statistically
significantly different from zero and have the expectaghtiee signs. The coefficients of the
cross-price effects are statistically significantly differscom zero with negative signs for all
but one of the parameters. There is no statisticidjgificant effect of the price of pork on
the quantity of poultry households purchase. In géntra signs and significance of these
parameters do not differ from those estimated for the douledel.

The parameters measuring the own-effect of the mediaesdor beef, pork, and
poultry are not statistically significantly different fromero for any of the commaodities. The

confidence intervals for each parameter include zerdcatidg that commodity-specific
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food safety information does not impact households’ @seldecisions for fresh meat and
poultry. One of the parameters measuring the cross-eftéctsod safety information is
statistically significantly different from zero. Increasasthe amount of pork food safety
information have a positive and statistically sigrafic effect on the quantity of poultry
households purchase. The remaining parameters areatistisally significantly different
from zero, indicating that there is no measurable crossyumlity effect from food safety
information for meat and poultry.

The food safety interaction terms for households witHegel educated heads of
household and households with children are negainkestatistically significantly different
from zero in the beef and pork equations. This effenbtsstatistically significantly different
from zero for poultry. The pork media index and head afiskbold age 55 or older
interaction term is negative and statistically siguifitly different from zero. as is the
interaction effect between the pork media index andsébolds with children. The
interaction term of the poultry media index and thendwy variable for heads of household
age 55 and older is also statistically significamlifferent from zero, but has a positive sign.
The remaining food safety interaction parameters atestadistically significantly different
from zero. As with the pooled model, the statistidgghsicance of the interaction effects
does not indicate if the sums of the average and tterdgeneous effects are also
statistically significantly different from zero.

The effect of a head of household having a collegecan is negative and
statistically significantly different from zero for beef. éfe is no statistically significant

effect of a college education on purchases of pork amdtry. The coefficient for
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households with children is negative and statidiicaignificant for each commodity,
indicating that they buy less fresh meat and pouktstive to households without children.
The effect of a head of household age 55 and oldeysigiye and statistically significant for
beef and pork purchases, but does not affect poultrghpses. The coefficient for urban
location is positive and statistically significantr fpoultry purchases, but not statistically
significantly different from zero for beef and pork. HigHewels of household income
increase the per capita amount of beef and poultryishatirchased. This effect declines as
the level of household income increases for beef,dnbi significant for poultry. The effect
of income on pork purchases is also increasing ateedsing rate. However, the parameter
for the income effect is not statistically significandifferent from zero, while the quadratic
income term is statistically significant.

The remaining parameters in the model account for theability from time,
geographic location, and race. Most of the year andimdummy variables are statistically
significantly different from zero, especially in the pakd poultry equations. Geographic
location has a statistically significant effect for baed poultry, but not pork. Beef purchases
are higher for households in the west and northeasiveekat households in the south. Beef
purchases of households in the central region arstatstically significantly different from
households in the south. Purchases of poultry arerlowie central region, but statistically
significantly higher for households in the west and st relative to households in the
south.

Several of the heterogeneous effects of household racstatistically significantly

different from zero for beef and pork. For beef, Hispanic Bbakls are not statistically
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significantly different from white households. Howevetadk, Asian, and other race
households purchase less beef than their white coanterd he statistically significant and
positive sign of the black race variable in the pgutiquation indicates that these households

buy more poultry relative to white households.

5.4.4 Eladticities
Household-level elasticities are given below for prigcespme, and food safety for

the various demographic subgroups. Elasticities seéulifor several reasons. First, although
some of the food safety media index interaction terntk thie demographic subgroups are
statistically significant, the total effect for thesdgroups (the average media effect plus the
interaction coefficient) may or may not also be statadly significantly different from zero.
Calculation of the total food safety elasticity for eaehlization of the parameter vector will
give both an average elasticity as well as the dstah deviation. This provides more
information about the statistical significance of timtal effect for food safety. Second,
elasticities provide estimates of purchase response ishanitless. This allows for a
comparison of the effects of prices and income relatifedd safety information.

The elasticities are calculated using the margefédcts rather than the parameter

estimates. The estimates of the unknown parametedefined as follows:

, (5.49)
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wherei denotes an individual household. The parameter atsreflect the changes in the
mean of the latent dependent variable for a change independent variable. The marginal

effects are:

: (5.50)

and reflect the changes in the unconditional expevtddes of the observed dependent
variable for a change in the independent variables.uEbkeof the marginal effects allows the
elasticities to be calculated using the full sampsans for the regressond/( and the mean
of the dependent variable for positive purchases ogly. The marginal effects for thieh

household anfth equation of the pooled SUR tobit model are catedlas:

(a.+xi.p.+ciy.)
—— 16, (5.51)

(=)

where % is the jth diagonal element of the covariance matrB]<,=[aj B yj]are the

m =@

parameter estimates for tfte equation, andD([)] is the standard normal cdf. The marginal
effects are modified slightly for the random effects madekflect the additional variance of
the household-specific error component. The marginal tsffiec theith household and the
jth equation of the random effects SUR tobit model al@iked as:

(aj + X, +Ci7j)

(Zn Vi )%

m =® (5.52)
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whereV; is thejth diagonal element of the household-specific error maga matrix. For
both the pooled and random effects models, the mealrgifects of thgth equationm,, are

calculated as the average over all the posterior réializsa

The own-price elasticity of théh commodity is calculated as follows:

Ejprice - mjprice D% ' (553)
j

price . . . . . _ . .
where m™™ is the own-price marginal effect for tih commodity, p; is the mean price
calculated over the full sample of households gnas the mean quantity calculated using

only the positive purchases of tftt commodity. The cross-price elasticity is caltedhas

follows:

EF = mpre Dyﬂ forj #1, (5.54)

J

where mﬁ”"e is the cross-price marginal effect for file commodity. The income elasticity is

calculated as follows:

£/ = (mjr + 20 Ginc) 0o (5.55)
Yi

where mijnC is the income marginal effect for tih commodity, m‘jncz is the income squared

marginal effect for thggh commodity, andnc is the mean household income calculated over

the full sample of households.
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The elasticity of quantity purchased with respextthe media index is similarly
calculated for each commodity and demographic sulgrThe formula for the food safety

elasticity with respect to education is as follows:

MI
EleEEd :(me +m;\/IIEEd)|:|_EdI ’ (5.56)
i
where m" is the coefficient for food safety of theéh commodity, m" ™ is the marginal

effect of the interaction term between tjfite commodity media index and the dummy
variable for a college educated head of houseleid,MI ; is the mean value of the media

index variable for thgth commodity calculated using only the college eded head of
household subgroup. The food safety elasticitiestie other demographic subgroups (age
55 and older head of household, children presetiierhousehold, and household located in
urban area) are similarly calculated.

The price, income, and food safety elasticitiestfe pooled model are presented in
table 5.5. All of the own-price elasticities aratstically different from zero using a 95%
confidence interval. The own-price elasticities greater than one for beef and poultry,
indicating that consumer response to a price chasgelatively more elastic for these
products as compared to pork. The elasticity foeflmiggests that a 10% increase in the
price of beef would cause a 14.7% decline in pgitasbeef purchases. The effect from a
10% increase in the price of pork is estimateda@lB.6% decline in purchases. The price
effect for poultry is the most elastic with an gsiied decrease of 18.5% from a 10%

increase in price. The cross-price elasticities as® statistically different from zero and
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have negative signs. These cross-price effectmalastic compared to the own-price effects
suggesting that a change in the price of anothed g the system has very limited impact
on the quantity purchased of the other goods.

The elasticities with respect to income are diatily significant for all three
commodities. For beef, a 10% increase in houseincloime increases the pounds per capita
purchased by 2.8%. The effects for pork and powteyincreases in per capita purchases of
1.7% and 2.4%, respectively.

Seven of the twelve food safety elasticities amgistically significantly different
from zero using a 95% confidence interval. Theraxtgon effect of the food safety media
index and the dummy variable for households withege educated heads is statistically
significantly different from zero for beef, porkné poultry. For households with a college
educated head, a 10% increase in the media inddetd will decrease per capita purchases
by 0.2%. The effect for these households from a lf€tease in the pork media index is a
0.3% decrease in pork purchases and a 10% increabe media index for poultry will
cause a 0.4% decrease in per capita purchases uifrypoThe effect of food safety
information on households with children presenstatistically significantly different from
zero for pork and poultry, but not beef. A 10% gwase in the pork media index will decrease
per capita purchases of pork by 0.3%, while anease in the poultry media index is
expected to decrease poultry purchases by 0.3%efféet of both the pork and poultry food
safety media indices on purchases is also statilstisignificant for households located in
urban areas. The estimated decrease for theseHuddses 0.5% for a 10% increase in the

poultry media index. However, the effect of a 1086rease in pork media index is an
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increase of 0.12% for pork purchases. The remairiowy safety elasticities are not
statistically significantly different from zero.

The elasticity results suggest that there are sgmoeips of consumers that are
influenced by the food safety information availaliehe media, especially households with
college educated heads and those with childrenseétmlds with heads age 55 and older do
not appear to react to food safety information differently than the average household in
the data sample. Although some of the food saféfgces are statistically significant for
some households, the relative magnitude of thesstieities as compared to the price and
income elasticities is small. This suggests thatfeafety information does not necessarily
have an economically significant effect on the antoaf meat and poultry household
purchase.

The price and food safety elasticities are preskimt table 5.6 for the random effects
model. As in the pooled model, all of the own-prétasticities are statistically different from
zero using a 95% confidence interval. The own-pelesticities are greater than one for beef
and pork, but relatively inelastic for pork. Theeberice elasticity indicates that a 10%
increase in the price of beef would cause a 13.8%tirtk in per capita beef purchases. The
effect from a 10% increase in the price of porkeiimated to be a 6.9% decline in
purchases. The price effect for poultry is very panable to that of beef price with an
estimated decrease of 15.1% from a 10% increageide. All but one of the cross-price
elasticities for beef, pork, and poultry are statédly significantly different from zero and
have negative signs. The cross-price elasticitypafk price on poultry purchases is not

statistically significant. As with the pooled mogd#éhe cross-price elasticities are small in
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magnitude as compared to the own-price elastic#iggyesting that a change in the price of
another good in the system has very limited immacthe quantity purchased of the other
goods.

The elasticities with respect to income are diatily significant for all three
commodities. For beef, a 10% increase in houseincloime increases the pounds per capita
purchased by 1.6%. The effects for pork and powteyincreases in per capita purchases of
0.8% and 1.7%, respectively. These effects arelainm magnitude as compared to the
cross-price effects, but are much smaller tharotte-price effects.

The food safety elasticities for households locatedirban areas are statistically
significantly different from zero for every commodimedia index. The effect of a 10%
increase in the poultry index is estimated to beéeerease of 0.4% for these households.
However, an increase in the beef and pork medi&esdis estimated to cause a 0.12%
increase in the amount of beef and pork urban Hmldegourchase. All the remaining food
safety elasticities are not significantly differeinobm zero. As in the pooled model, food
safety effects that are statistically significan¢ aelatively small in magnitude and do not
appear to be as economically significant as theegind income elasticities.

The price and food safety elasticities estimatedthis study are comparable to
elasticity estimates given in other studies. Aréitare search conducted by the U.S.
Environmental Protection Agency (pg. 3-41, 2003)icated the following ranges of own-
price elasticities for meat and poultry: -2.590-@dl50 for beef; -1.234 to -0.070 for pork; -
1.250 to -0.104 for broilers; and -0.680 to -0.¥62 turkeys. The own price elasticity

estimates from both the pooled and random effectdets for beef and pork fall within these
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ranges® The relatively high magnitude of the poultry prieffect is similar to the results
found by Piggott and Marsh (2004). They found thig-committed quantities of beef and
pork were higher than for poultry, suggesting tatltry purchases may be more sensitive to
changes in price and income than beef and porkhpses. The food safety elasticities
estimated in the Piggott and Marsh study are -GlGt4 beef, -0.0131 for pork, and -0.0250
for poultry. These elasticities measure the tofééct of food safety information on the
representative consumer. The magnitudes of thastielties are very comparable to the food

safety elasticities found in this study for eachha four demographic groups of households.

5.5 Concluson

The results of the pooled model suggest that arase in the amount of food safety
information regarding poultry negatively impacts timount of poultry purchased by
households with college educated heads, househtiicchildren present, and urban
household. Beef purchases are also negatively itagdxy beef food safety information for
households with college educated heads of househb&lpork media index negatively
impacts households with college educated headshiltien present, but positively impacts
pork purchases by urban households. There is tistatally significant effect from beef

food safety information for urban households. Htwdes with heads age 55 and older are

% The own-price elasticities for poultry fall outsithe ranges for both broilers and turkey. Howetrer use of
a poultry aggregate, which includes both chickes tamkey products, in this study may explain thiéedence
in estimated elasticities.
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also not expected to react to food safety inforaradifferently than the average household
for any of the media indices.

Although several statistically significant heterngeus food safety effects were
found using the pooled SUR tobit model, the elésti calculated from the results of the
random effects SUR tobit model indicate that foafity does not have a statistically
significant effect for the vast majority of the Is&iolds considered in the model. The only
statistically significant effects were for housedwin urban areas. These effects were
positive for beef and pork food safety informatamd negative for poultry information. For
the few food safety elasticities in the random @8eSUR tobit model there are statistically
significant, their small magnitude relative prig@sl income indicates that they are not
necessarily important economically.

The results of this study are similar to previoesaarch. Piggott and Marsh (2004)
found statistically significant food safety effedbait they were small in magnitude and short-
lived. However, their study used aggregate disappea data to measure consumption.
These data include consumption of meat and polbtitly at home and away from home. The
data employed in this study only account for foodcpased for consumption at home.
Therefore, differences in the statistical significa of food safety information between the
Piggott and Marsh study and the results presergesithay be due in part to differences in
the consumption measure employed.

Schlenker and Villas-Boas (2006) found statisticalgnificant effects at the grocery

store level, but not at the household level forchases of meat. One possible reason that
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results at the store and household levels diffédras the aggregation of product groups for
household purchases may mask the product substittitat is noticeable at the store level.
The lack of statistical significance of most of fbed safety variables in the random
effects model suggests that fitting the panel dadee precisely using a component error
structure has implications for the conclusions dralout these second-order effects. The
results of the pooled model indicate that, althosigiall in magnitude, the majority of
households do respond to food safety informatianweler, once unobserved heterogeneity
at the household level is accounted for by a corapbarror, the statistical significance of
most of these effects no longer remains and thenmate of those that do are even smaller.
The difference in conclusions that can be drawmftbe results of the two SUR tobit models

provides some justification for explicitly modelimgcomponent error structure.
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Table 5.1 Summary Statistics of Demand M odel Variables

Full Sample Random Sample
Awverage Minimum Maximum Std. Dev. Awverage Minimum Maximum Std. Dev.

Beef Price 3.209 0.577 12.638 0.562 3.196 1.227 12.638 0.551
Pork Price 2.534 0.627 12.219 0.509 2.527 0.644 11.453 0.513
Poultry Price 1.924 0.700 8.195 0.248 1.918 0.880 7.082 0.248
Beef Ml 7.633 0.786 77.645 6.428 7.650 0.786 77.645 6.446
Pork MI 2.547 0.000 16.567 1.988 2.558 0.000 16.567 2.010
Poultry Ml 11.378 2.000 38.310 6.054 11.336 2.000 38.310 6.021
Ed 0.393 0 1 0.488 0.376 0 1 0.484
Age 0.372 0 1 0.483 0.376 0 1 0.484
Ur ban 0.875 0 1 0.330 0.873 0 1 0.333
Child 0.296 0 1 0.456 0.288 0 1 0.453
Income 5.383 0.250 12.500 3.151 5.281 0.250 12.500 3.137
Income” 38.910 0.062 156.250 43.477 37.729 0.062 156.250 43.064
Y1 0.120 0 1 0.325 0.120 0 1 0.325
Y2 0.112 0 1 0.316 0.114 0 1 0.318
Y3 0.118 0 1 0.322 0.118 0 1 0.323
Y4 0.127 0 1 0.333 0.130 0 1 0.337
Y5 0.133 0 1 0.340 0.131 0 1 0.338
Y6 0.136 0 1 0.342 0.134 0 1 0.341
Y7 0.129 0 1 0.336 0.130 0 1 0.336
Y8 0.125 0 1 0.330 0.122 0 1 0.328
M1 0.083 0 1 0.276 0.083 0 1 0.276
M2 0.083 0 1 0.276 0.083 0 1 0.276
M3 0.083 0 1 0.276 0.083 0 1 0.276
M4 0.083 0 1 0.276 0.083 0 1 0.276
M5 0.083 0 1 0.276 0.083 0 1 0.276
M6 0.083 0 1 0.276 0.083 0 1 0.276
M7 0.083 0 1 0.276 0.083 0 1 0.276
M8 0.083 0 1 0.276 0.083 0 1 0.276
M9 0.083 0 1 0.276 0.083 0 1 0.276
M10 0.083 0 1 0.276 0.083 0 1 0.276
M11 0.083 0 1 0.276 0.083 0 1 0.276
M12 0.083 0 1 0.276 0.083 0 1 0.276
South 0.366 0 1 0.482 0.362 0 1 0.481
Central 0.204 0 1 0.403 0.216 0 1 0.412
West 0.217 0 1 0.412 0.216 0 1 0.412
Nor theast 0.213 0 1 0.410 0.205 0 1 0.404
Caucasian 0.766 0 1 0.423 0.758 0 1 0.429
Hispanic 0.076 0 1 0.264 0.075 0 1 0.264
Black 0.121 0 1 0.326 0.123 0 1 0.328
Asian 0.022 0 1 0.146 0.026 0 1 0.159
Other 0.016 0 1 0.126 0.018 0 1 0.134

Note: The number of observations in the full sanple45,632 and the number of observations in dheom sample
of 3,000 households is 119,280.
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Table 5.2 Bayesian Estimated Coefficients of the Pooled SUR Tobit M odel

Beef Model Pork Model Poultry Model
Standard 95% Confidence Standard 95% Confidence Standard 95% Confidence
Coefficent Deviation Inter val Coefficent Deviation Inter val Coefficent Deviation Inter val

Beef Price -8.498 0.117 -8.733 -8.263 -1.429 0.097 -1.629 -1.235 50.73 0.098 -0.930 -0.547
Pork Price -0.946 0.125 -1.193 -0.701 -6.391 0.090 -6.570 -6.212 60.20 0.101 -0.405 -0.011
Poultry Price -2.811 0.237 -3.270 -2.353 -2.571 0.189 -2.941 -2.203 285.9 0.179 -16.286  -15.585
Beef MI 0.001 0.023 -0.045 0.046 -0.002 0.007 -0.017 0.012 0.006 070.0  -0.009 0.021
Pork Ml 0.019 0.031 -0.041 0.079 -0.043 0.059 -0.158 0.074 0.063 240.0 0.015 0.109
Poultry Mi -0.004 0.011 -0.026 0.019 -0.017 0.009 -0.035 0.000 -0.083 .0230 -0.128 -0.038
Ed* Mlpeet -0.055 0.013 -0.082 -0.029 - -- - -- - -- -- --
Age* Mlpest -0.017 0.014 -0.045 0.011 - -- - -- - -- -- --
Child* Mlpeet 0.002 0.016 -0.028 0.034 - - - - - - - -
Ur ban® Mlpeef 0.019 0.020 -0.020 0.058 - - - - - - - -
Ed* Mlpork - - - - -0.130 0.035 -0.197 -0.060 - -- -- --
Age* Mlpork - - - - 0.005 0.038 -0.070 0.080 - -- -- --
Child* Mlpork - - - - -0.077 0.039 -0.154 0.000 - -- -- --
Ur ban* Mlpork - - - - 0.126 0.052 0.020 0.225 - -- -- --
Ed* Mlpoultry - - - - - - - - 0.025 0.012 0.002 0.048
Age* Mlpoultry - - - - - - - - 0.060 0.013 0.035 0.086
Child* Mlpoultry - - - - - - - - 0.002 0.014 -0.026 0.029
Ur ban* Mlpoultry - - - - - - - - 0.015 0.020 -0.023 0.054
Ed -1.681 0.137 -1.956 -1.410 -1.262 0.116 -1.495 -1.036 10.79 0.152 -1.085 -0.492
Age 1.388 0.145 1.111 1.669 1.809 0.124 1.566 2.049 0.024 0.165 0.298 0.348
Child -3.742 0.160 -4.058 -3.431 -2.126 0.132 -2.384 -1.865 2.58 0.176 -2.933 -2.239
Ur ban -0.017 0.196 -0.406 0.368 -0.297 0.167 -0.622 0.041 1.113 2330. 0.646 1.564
Income 1.394 0.052 1.288 1.494 0.827 0.042 0.745 0.911 0.732 0042 6490 0.815
Income” -0.045 0.004 -0.052 -0.038 -0.023 0.003 -0.029 -0.018 20.00 0.003 -0.008 0.003

Note: The estimated coefficients are means calculated from 5,252 posterior realizations. The 95% confidenceintervals ar e calculated using the upper and lower 2.5% tails of the
posterior distribution.
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Table 5.2 Bayesian Estimated Coefficients of the Pooled SUR Tobit M odel, cont.

Beef Model Pork Model Poultry Model
Standard 95% Confidence Standard 95% Confidence Standard 95% Confidence
Coefficent Deviation Interval Coefficent Dewviation Inter val Coefficent Deviation Interval
Y1l -0.018 0.216 -0.442 0.407 7.111 0.171 6.775 7.439 4,300 70.17 3.945 4.647
Y2 -2.499 0.180 -2.848 -2.143 0.501 0.144 0.215 0.784 -0.248 1500. -0.544 0.045
Y3 -0.660 0.166 -0.996 -0.329 0.520 0.141 0.242 0.789 0.805 400.1 0.517 1.074
Y4 -0.334 0.177 -0.685 0.012 0.984 0.142 0.710 1.266 0.104 60.14 -0.177 0.398
Y5 -0.653 0.164 -0.973 -0.332 -0.269 0.127 -0.519 -0.020 20.65 0.133 -0.911 -0.388
Y7 1.968 0.166 1.637 2.285 1.220 0.134 0.962 1.492 1.468 0.138 .2081 1.743
Y8 0.734 0.167 0.405 1.058 1.175 0.140 0.905 1.446 2.159 0.140 .8811 2427
M1 -0.322 0.220 -0.762 0.116 -2.492 0.170 -2.825 -2.150 0.999 1770 0.648 1.350
M2 -0.495 0.206 -0.904 -0.098 -2.682 0.162 -2.993 -2.366 0.920 0.165 0.603 1.248
M3 0.174 0.206 -0.211 0.574 -2.020 0.161 -2.341 -1.705 1.018 1670. 0.696 1.355
M4 -0.297 0.208 -0.706 0.102 -1.413 0.158 -1.723 -1.096 0.702 .1650 0.381 1.035
M5 1.398 0.208 0.995 1.815 -2.305 0.161 -2.615 -1.991 1.501 650.1 1.172 1.819
M6 0.536 0.208 0.133 0.937 -2.695 0.163 -3.016 -2.374 1.013 690.1 0.679 1.340
M7 0.539 0.212 0.121 0.955 -2.473 0.165 -2.800 -2.149 1.115 720.1 0.776 1.451
M8 0.694 0.210 0.286 1.101 -2.421 0.163 -2.741 -2.101 1.616 660.1 1.283 1.942
M9 0.184 0.205 -0.222 0.577 -2.466 0.164 -2.792 -2.144 1.182 1680. 0.850 1513
M10 0.121 0.203 -0.283 0.517 -2.505 0.161 -2.818 -2.199 0.786 1650. 0.471 1.114
M11 -1.633 0.215 -2.060 -1.214 -2.262 0.162 -2.587 -1.947 0.962 0.169 0.631 1.291
Central 0.236 0.136 -0.032 0.508 -0.097 0.111 -0.322 0.121 -1.373 1130. -1.591 -1.156
West 2.039 0.150 1.748 2.344 -0.262 0.127 -0.504 -0.004 2.041 250.1 1.797 2.286
Nor theast 0.718 0.127 0.473 0.969 -0.016 0.104 -0.219 0.186 0.801 50.10 0.596 1.014
Hispanic 0.177 0.157 -0.132 0.483 -0.428 0.136 -0.699 -0.164 0.560 1310. 0.301 0.811
Black -2.751 0.133 -3.012 -2.496 1.394 0.102 1.192 1.593 2.590 030.1 2.388 2.789
Asian -3.396 0.283 -3.968 -2.853 0.953 0.219 0.517 1.389 0.952 140.2 0.528 1.365
Other -2.140 0.315 -2.756 -1.529 1.249 0.248 0.786 1.752 0.491 490.2 0.003 0.982
Constant 28.373 0.584 27.216 29.549 18.513 0.459 17.614 19.423 ®3.35 0.478 22.393 24.283
Sigmag 14.882 0.041 14.800 14.964 10.310 0.038 10.234 10.385 611.37 0.036 11.305 11.446

Note: The estimated coefficients are means calculated from 5,252 posterior realizations. The 95% confidence intervals ar e calculated using the upper and lower 2.5% tails of the
posterior distribution.
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Table 5.3 Bayesian Estimated Coefficients of the Random Effects SUR Tobit M odel

Beef Model Pork Model Poultry Model
Standard 95% Confidence Standard 95% Confidence Standar d 95% Confidence
Coefficent  Deviation Interval Coefficent  Devation Interval Coefficent  Dewviation Inter val

Beef Price -7.899 0.113 -8.110 -7.676 -0.452 0.106 -0.675 -0.240 €0.60 0.097 -0.795 -0.412
Pork Price -0.493 0.117 -0.731 -0.268 -5.616 0.087 -5.788 -5.450 50.17 0.093 -0.357 0.004
Poultry Price -1.044 0.231 -1.503 -0.603 -0.692 0.197 -1.069 -0.322 983.0 0.169 -13.444  -12.761
Beef Ml 0.027 0.022 -0.018 0.071 0.000 0.007 -0.013 0.013 0.007 60.00 -0.005 0.020
Pork Ml 0.005 0.028 -0.049 0.061 0.080 0.056 -0.030 0.193 0.056 10.02 0.014 0.096
Poultry Mi 0.003 0.010 -0.018 0.022 -0.011 0.008 -0.029 0.005 -0.020 0240. -0.068 0.026
Ed* Mlpeet -0.045 0.012 -0.069 -0.021 - - - - - - - -
Age* Mlbest -0.024 0.013 -0.050 0.001 - - - - - - - -
Child* Mlpeet -0.030 0.015 -0.060 -0.001 - - - - - - - -
Ur ban* M beet 0.002 0.018 -0.037 0.038 - - - - - - - -
Ed* Mlpork - - - - -0.094 0.037 -0.167 -0.023 - - - -
Age* Mlpork - - -- - -0.106 0.037 -0.179 -0.033 - - - -
Child* Mlpork - - -- - -0.098 0.040 -0.179 -0.015 - - - -
Ur ban* Mlpork - - - - 0.014 0.049 -0.088 0.105 - - - -
Ed* Mlpoultry - - - - - - - - 0.008 0.013 -0.017 0.032
Age* Mlpoultry - - - - - - - - 0.038 0.013 0.011 0.065
Child* Mlpoultry -- -- -- - - - - - 0.005 0.015 -0.024 0.033
Ur ban* Mlpoultry -- -- -- - - - - - -0.034 0.022 -0.076 0.010
Ed -0.850 0.278 -1.384 -0.293 -0.504 0.212 -0.932 -0.083 0.021 0.231 -0.439 0.454
Age 0.895 0.217 0.465 1.329 1.112 0.194 0.734 1.479 -0.133 0.221 -0.566 0.303
Child -2.699 0.208 -3.127 -2.299 -1.413 0.194 -1.786 -1.034 .05 0.227 -2.520 -1.617
Ur ban 0.188 0.325 -0.462 0.833 -0.204 0.276 -0.751 0.315 1.215 390.3 0.536 1.877
Income 0.796 0.098 0.610 0.992 0.502 0.079 0.352 0.658 0.493 0.077 .3350 0.643
Income’ -0.023 0.006 -0.037 -0.011 -0.019 0.005 -0.031 -0.009 0.000 0.005 -0.010 0.010

Note: The estimated coefficients ar e means cal cul ated from 1,015 posterior realizations. The 95% confidence intervals ar e calculated using the upper andlower 2.5% tails

of the posterior distribution.
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Table 5.3 Bayesian Estimated Coefficients of the Random Effects SUR Tobit M odel, cont.

Beef Model Pork Model Poultry Model
Standar d 95% Confidence Standar d 95% Confidence Standar d 95% Confidence
Coefficent Deviation Inter val Coefficent Deviation Inter val Coefficent Deviation Inter val

Y1 0.265 0.223 -0.199 0.675 6.617 0.181 6.252 6.969 4.383 0.176 4.030 4727
Y2 -1.453 0.179 -1.791 -1.087 1.170 0.150 0.870 1.468 0.442 560.1 0.134 0.748
Y3 -0.081 0.170 -0.404 0.260 0.868 0.142 0.588 1.133 1.207 70.13 0.930 1.480
Y4 -0.331 0.166 -0.661 0.003 0.897 0.137 0.640 1.188 0.349 00.13 0.084 0.597
Y5 -0.713 0.146 -1.010 -0.429 -0.200 0.122 -0.435 0.045 -0452 0.124 -0.701 -0.225
Y7 1.109 0.159 0.808 1.414 0.487 0.129 0.217 0.731 0.724 0.123 4610 0.952
Y8 0.043 0.173 -0.299 0.392 0.513 0.140 0.222 0.785 1.352 0.131 1.090 1.600
M1 -0.148 0.196 -0.533 0.240 -2.269 0.167 -2.587 -1.938 0.967 .1580 0.670 1.277
M2 -0.407 0.190 -0.778 -0.048 -2.635 0.155 -2.948 -2.349 0.823 0.148 0.528 1.118
M3 0.328 0.187 -0.043 0.679 -1.812 0.147 -2.105 -1.527 0.945 1500. 0.661 1.243
M4 -0.268 0.186 -0.633 0.104 -1.326 0.147 -1.617 -1.035 0.589 .1480 0.296 0.875
M5 1.335 0.191 0.975 1.696 -2.466 0.148 -2.743 -2.174 1.298 530.1 0.998 1.591
M6 0.479 0.192 0.096 0.866 -2.863 0.154 -3.179 -2.560 0.841 510.1 0.530 1.130
M7 0.457 0.191 0.080 0.830 -2.697 0.149 -2.996 -2.407 0.909 580.1 0.594 1.211
M8 0.525 0.184 0.173 0.888 -2.703 0.151 -2.982 -2.401 1.291 510.1 1.009 1.594
M9 0.141 0.188 -0.234 0.502 -2.603 0.148 -2.893 -2.326 0.988 1490. 0.698 1.261
M10 0.143 0.187 -0.243 0.496 -2.511 0.148 -2.798 -2.230 0.687 1460. 0.402 0.985
M11 -1.335 0.190 -1.685 -0.965 -1.974 0.152 -2.266 -1.687 1529 0.145 1.261 1.809
Central 0.084 0.440 -0.776 0.966 0.184 0.350 -0.481 0.880 -1.070 360.3 -1.739 -0.444
West 1.622 0.435 0.804 2.539 -0.535 0.329 -1.158 0.102 1.992 90.32 1.39%4 2.678
Northeast 1.391 0.425 0.556 2.226 0.296 0.303 -0.330 0.882 1.284 0.293 0.704 1.879
Hispanic 0.703 0.422 -0.110 1.557 0.086 0.335 -0.548 0.733 0.596 1031 0.033 1.216
Black -2.306 0.455 -3.187 -1.344 0.502 0.347 -0.209 1.165 1.725 3290. 1.086 2.381
Asian -2.180 0.667 -3.476 -0.857 0.326 0.520 -0.783 1.297 0.428 4960. -0.579 1.392
Other -2.502 0.489 -3.478 -1.558 0.749 0.400 -0.025 1.538 0.021 3800. -0.718 0.786
Constant 22.693 0.744 21.164 24.127 10.493 0.630 9.274 11.694 17.886 0.657 16.633 19.156
Sigmag 12.363 0.034 12.296 12.433 8.695 0.032 8.632 8.756 9.480 300.0 9.421 9.538
Sigmay 9.12¢ 0.13¢ 8.85¢ 9.381 6.65¢ 0.11¢ 6.44¢ 6.87¢ 6.41¢ 0.09¢ 6.22¢ 6.602

Note: The estimated coefficients ar e means cal culated from 1,015 posterior realizations. The 95% confidence intervals ar e cal culated using the upper and lower 2.5% tails
of the posterior distribution.
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Table 5.4 Price and Food Safety Elasticities of Pooled SUR Tobit M odels

Hasticity Standar d Deviation 95% Confidence Inter val
Own-Price
Beef -1.470 0.020 -1.509 -1.430
Por k -0.856 0.012 -0.880 -0.831
Poultry -1.851 0.021 -1.892 -1.809
Cross-Price
Beef Pork -0.134 0.018 -0.168 -0.099
Poultry -0.290 0.025 -0.340 -0.242
Por k Beef -0.236 0.016 -0.267 -0.205
Poultry -0.253 0.018 -0.289 -0.217
Poultry Beef -0.143 0.019 -0.181 -0.106
Pork -0.033 0.016 -0.064 -0.003
Income
Beef 0.275 0.006 0.263 0.287
Por k 0.167 0.005 0.158 0.176
Poultry 0.239 0.006 0.228 0.250
Food Safety
College Education Beef -0.025 0.011 -0.045 -0.004
Pork -0.025 0.009 -0.042 -0.008
Poultry -0.043 0.017 -0.077 -0.010
Age55 & Older Beef -0.005 0.008 -0.021 0.010
Por k -0.005 0.007 -0.018 0.008
Poultry -0.014 0.013 -0.040 0.012
Children Present  Beef 0.002 0.015 -0.027 0.032
Pork -0.028 0.014 -0.055 -0.002
Poultry -0.093 0.027 -0.146 -0.040
Urban Residence  Beef 0.009 0.006 -0.003 0.021
Por k 0.012 0.005 0.002 0.022
Poultry -0.050 0.010 -0.069 -0.031

Note: The own- and cr oss-price elasticities ar e means cal culated from 5,252 posterior realizations. The 95% confidenceintervalsare
calculated using the upper andlower 2.5% tails of the posterior distribution.

149



Table 5.5 Price and Food Safety Elasticities of Random Effects SUR Tobit M odels

Hasticity Standar d Deviation 95% Confidence Inter val
Own-Price
Beef -1.296 0.023 -1.339 -1.251
Por k -0.688 0.014 -0.714 -0.662
Poultry -1.508 0.024 -1.554 -1.461
Cross-Price
Beef Pork -0.066 0.015 -0.097 -0.036
Poultry -0.103 0.022 -0.148 -0.059
Por k Beef -0.068 0.016 -0.099 -0.037
Poultry -0.064 0.018 -0.097 -0.029
Poultry Beef -0.116 0.018 -0.151 -0.076
Pork -0.028 0.014 -0.056 0.000
Income
Beef 0.157 0.011 0.135 0.180
Por k 0.078 0.009 0.060 0.095
Poultry 0.165 0.011 0.143 0.186
Food Safety
College Education Beef -0.008 0.009 -0.028 0.009
Pork -0.002 0.008 -0.017 0.013
Poultry -0.009 0.018 -0.046 0.024
Age55 & Older Beef 0.001 0.007 -0.012 0.015
Por k -0.003 0.006 -0.014 0.008
Poultry 0.011 0.014 -0.019 0.037
Children Present  Beef -0.001 0.013 -0.028 0.025
Pork -0.004 0.012 -0.027 0.019
Poultry -0.016 0.028 -0.072 0.038
Urban Residence  Beef 0.012 0.006 0.000 0.022
Por k 0.012 0.004 0.003 0.021
Poultry -0.040 0.009 -0.058 -0.022

Note: The own- and cr oss-price elasticities ar e means cal culated from 1,015 posterior realizations. The 95% confidenceintervals are
calculated using the upper andlower 2.5% tails of the posterior distribution.
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6 Chapter

Conclusions and Future Resear ch

6.1 Concluson

The research presented in this study had two pyimljectives. The first objective
was to determine if the effects of food safety infation varies across heterogeneous
consumers. Results from both the discrete choiceetscand the pooled SUR tobit demand
model indicate that food safety information may aopconsumer decisions to purchase meat
and poultry. However, the random effects SUR taobddel results indicate that, once the
correlation between purchases by the same hous&haidcounted for using a component
error structure, very little evidence of food sgfehpacts remain.

The second objective of this study was to develogstimation strategy that would
account for several aspects of household-level Ipdata in the same model. The model
presented in chapter 5 simultaneously incorporatesisoring, correlation between
observations from the same household, and cowaldietween the error terms of the
demand equations.

Microeconomic data is a rich source of informatmnconsumer choice, but it poses

many econometric challenges to the researchercé&hsored observations are as interesting
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as the purchase observations, especially when daenisy the effects of food safety
information on whether or not consumers choosedepkmaking purchases of meat and
poultry. This study contributes to the existingedature by analyzing the effects of food
safety information on heterogeneous householdgyusmestimation strategy that accounts
econometrically for censored panel data in a densgatem. The use of household level data
provides the opportunity to examine how the hetenegty of consumers impacts their
response to publically available food safety infatimn, which has not been previously
analyzed in a demand system framework. The SUR tobdels used in this study have
several practical advantages that will be usefulftdure analysis using household level
panel data. The models are relatively straightfodma implement, are not limited in the
number of censored equations that can be includethe demand system, and can be
modified to include a component error tefhTherefore, these models provide a good base
from which further advances in the estimation ahded systems using microeconomic data

can be made.

6.1.1 Discrete Choice Models of Meat and Poultry Purchases
The objective of the research presented in chapteas to investigate if the quantity
of food safety information available to consumenpacts their purchase decisions for fresh

meat and poultry using a discrete choice estimdt@mmework. The food safety information

29 Although the Gibbs sampler methodology is strdiyitard to implement, some models will take longer
estimate than others. In this study, the randoer&ffmodel took approximately three times longerstimate
than the pooled model. The amount of time requicegenerate a sufficient number of posterior rediins to
perform a reliable analysis is a function of sel&aetors including: functional form of the modsize of the
dataset, coding efficiency, and level of autocatieh among the model parameters, to name a few.
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index used in the models represents the level ofl feafety information available to the
public from regional newspapers. The media indeg imgeracted with various demographic
characteristics within in the model to determinthié effect of food safety information varies
across different groups of households.

Both binary and multinomial logit models were estted to investigate the effects of
the different types of food safety information amrghase decisions. Results from estimation
of the commodity-specific binary choice models sgjgthat responses to food safety
information do vary across households for beef gmuik, while poultry purchase
probabilities are not affected. There were a fewxpected results from the binary choice
models that prompted further investigation of theammand poultry purchase decisions in a
more complex multinomial choice model that accodatghe interactions between purchase
alternatives. The specification of the 8-choiceitlagodel was unique in the grouping of
explanatory variables to isolate effects of the@rifood safety information, and household
characteristics into commodity-specific effectstehaction terms were again included to
investigate any effects from food safety informatithat are specific to certain groups of
households and may differ from the average effexdss the entire population. The results of
the 8-choice model suggest that the households Ifkekt to stop purchasing beef in a given
month, when the amount of food safety informatioeréases, are those with a college
educated head of household. This avoidance behavadso present for households in urban
areas, with respect to poultry purchases. Othersdlmids do not appear to have a
measurable response to food safety information wetjard to discrete purchase decisions of

beef, pork, and poultry.
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6.1.2 Demand Models of Meat and Poultry Consumption

The results of the pooled SUR tobit model sugdest &an increase in the amount of
food safety information on poultry impacts the quitgrof poultry purchased. For households
with a college educated head of household, fooetgafiformation on all three commodities
impacts purchase decisions. Food safety informationpork and poultry affects those
households with children present, while househtdated in urban areas are only impacted
by poultry food safety information. There is notistigcally significant effect from beef or
pork food safety information for urban householdsl &ouseholds with heads age 55 and
older are also not expected to react to food safetyrmation for any of the three
commodities.

The elasticities calculated from the results of taedom effects SUR tobit model
indicate that food safety information does not havestatistically significant effect on
purchases of meat and for the vast majority of hbaseholds considered in the model.
Households located in urban areas have a statigtgignificant response which is negative
for poultry purchases, but the response is posfiivébeef and pork. A negative effect from
food safety information is an intuitive result. ithplies that people will decrease their
purchases of poultry, probably in favor of othends. However, a slightly positive response
to beef and pork food safety information is notessarily an implausible response. Many
food safety recalls are product specific, impactimdy ground beef, for example. Consumers

may still continue to buy other beef products, likests or steaks, but avoid purchasing
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ground beef. As a result, their overall purchask®€eef may not change or could even
increase slightly, while still responding ratioryalb the food safety information with regard

to ground beef. These results suggest that furtherstigation of heterogeneous household
effects using different aggregation levels of meaad poultry products is warranted.

The notable differences in results between thegqmbahd random effects SUR tobit
models suggests that the explicitly accounting floe unobserved, household-specific
component of the error structure is important. deotf very different conclusions may be
drawn regarding the effects of food safety inforimaton household purchases of meat and
poultry depending on which model is estimated. €hesults provide some justification for
employing a more computationally intensive estioratitechnique in order to avoid

inaccurately measuring food safety information @e

6.2 FutureResearch

The research presented in this dissertation prevédstrong base from which future
work may emanate. Areas of future research inciedimement of model and parameter
specification, consideration of alternative estiorat techniques, and estimation of a
structural demand model. The following discussioavjgles an outline of those directions

for future research.
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6.2.1 Modd and Variable Specification

One aspect of consumer behavior that was not etpléccounted for in this study is
the effect of decisions made in previous time mion the probability of purchase in the
current period. The effects from these past deessican be can be captured using state
dependence variables. State dependence can cdpmithreinventory and purchase habit
effects. An increase in a consumer’s propensityrdpurchase is referred to as habit
formation, while a decrease in their probabilityrepurchase may be considered variety-
seeking (Moeltner and Englin, 2004). Recent resedog Zhen and Wohlgenant (2006)
indicates that habit formation may alter the impaictood safety information on meat and
poultry demand. By explaining the variability duwedtate dependence, second-order effects
from food safety information may be more accuratégntified.

There are a variety of ways to specify a mediaxnofefood safety information. For
example, the specification of a 30-day rolling aggr using a two-week memory has an
intuitive appeal given the frequency with which Behold make meat and poultry purchases.
However, it is possible that a longer lag lengtlaalistributed lag structure would be a better
fit for the data. The most appropriate specificatad the lag structure of the media index is
an empirical question that remains to be answered.

Another issue with specification of the media indexwhich articles to include.
Currently, any article pertaining to meat or pouland food safety that is found in the
regional newspapers is used, including articlesiged on international events. If consumer
purchase decisions are not impacted by interndtiements, then the current media index

specification may be inappropriate. An alternatiwehis specification would be to use only
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those articles that focus on domestic food safegnts or issues. While there are an endless
number of specifications for the media index, eaphcification that is analyzed provides
researchers with more information on how to mod®mistmer behavior and food safety
information.

The specification of the quality-adjusted priceardmay also be revisited in future
research. The current price indices are specifithéofour geographic regions given in the
Nielsen data. However, it is reasonable to assuma¢ geographic differences due to
transportation costs, for example, would vary betwarban and rural areas as well as across
different regions of the United States. Thereftine, indices could further account for price
variability if they were expanded to include anamband non-urban version of each of the
four regional indices.

Another area for future research is to change ¢kellof aggregation on household
purchases. Results from previous studies founeréifft effects of food safety at the grocery
store versus household level (Schlenker and VBlaas, 2006). The lack of evidence of food
safety effects found in this study may be furthgpmorted or possibly refuted if alternative
aggregation levels are used to perform the analisiber outcome would be an important

contribution to the current food safety literature.

6.2.2 Alternative Estimation Techniques
As mentioned in chapter 4, employing a logit moadletiscrete choice imposes the

proportional substitution patterns due to the priypef independence from irrelevant
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alternatives (l1A). Future research that focuses on the croastelities or policy analysis
using welfare calculations will require the redida of proportional substitution to be lifted.
This can be accomplished by estimating a randonmanpeters (mixed) logit model.
Estimation of a mixed logit model may be computadity burdensome given the large
sample of data used in this study. Therefore, ¢rategy that could be employed would be
stratification of the data into various demograpibgroups. The subgroups would reflect
the current model specification and would be detieech by education and age of the head of
household, presence of children in the househaold,lacation of the household in an urban
area. Estimation of the mixed logit model woulddmducted using the subgroups and the
impacts of food safety information on purchase sleas for these specific households could

be measured.

6.2.3 Structural Demand Models

Another area for future research is specificatibra structural tobit demand model
rather than the reduced form specification usethisistudy. A structural demand model that
meets certain integrability requirements would hawederlying preferences that are
consistent with consumer theory. However, estinmtid a structural demand model is
challenging when using a data augmentation estimagchnique because cross-equation
restrictions must be imposed. For example, a complemand system that assumes weak
separability of preferences is estimated using grexpenditure shares as the dependent

variable. Shares are defined using total quantitcipased, price, and total expenditures on
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all the items included in the demand system. Thdirgdup restriction is imposed on the
shares and requires them to sum to one. If oneooe f the items in the demand system is
not purchased, then the observed share is equartoand the remaining items have shares
that sum to one. Data augmentation, however, iillthe censored observations from a
normal distribution that is truncated at zero, #grresulting in negative expenditure shares.
Imposing the adding-up restriction is further coitgiied by these negative shares as well as
the shares of the non-censored items that woul@ ha\be greater than one to satisfy the
adding-up restriction.

Future research will attempt to address this idsyieising an incomplete demand
system, which does not require an adding up résinicThere are several functional forms
that can be used to estimate an incomplete dematens and it is important to consider the
tradeoffs of the various choices. The linear-quaciiacomplete demand system (LQ-IDS)
functional form is considerably less restrictiveanth other incomplete demand system
functional forms. For example, functional formstthee linear or semi-log in quantity, price,
and income do not allow for flexibility of the ine@® and Marshallian cross-price effects
when Slutsky symmetry is imposed (von Haefen, 2008g individual income coefficients
of the LQ-IDS, however, may be positive, negatimezero and the matrix of price effects is
not necessarily symmetric (LaFrance, 1990).

Another area of future interest that results frims study is the specification of a
model of household demand that accounts more follythe economic reasons censored
observations are observed in household data. I6d¢tmld budgets are binding, then non-

purchase could be due to prices that are high éntm#eep people from buying meat and
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poultry. Decisions of how much to purchase in aegiyperiod may also be affected by the
inventory of meat and poultry that households argemtly holding. Future research will
focus on corner solution models, such as the moakeforth by Lee and Pitt (1986), that also

account for household inventory levels of meat podltry.
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Appendix A

Bayesian Estimation | ssues

A.1 Convergenceand Mixing

There are two primary concerns when implementingBayesian estimation
methodology that uses a Markov Chain Monte Carl€fC) algorithm: convergence and
mixing. The MCMC algorithm must converge to thegeoposterior density and should mix
thoroughly across the support of that density (lbynpp.132-141, 2007). Trace plots of
model parameters are useful for detecting conveém the proper density. If the MCMC
algorithm has not converged, trending will be seerthe trace plots. Trace plots for the
commaodity-specific media index and price varialdédoth the pooled and random effects
SUR tobit models are shown in figures A.1 and AlBe trace plots for each parameter
display a steady, stationary chain, indicating tb@tvergence of the algorithm has been
attained. The trace plots also appear to convesgid posterior density within about 20
iterations. Therefore, a burn in of 500 iteratie®gnore than sufficient to make certain that
posterior analysis is conducted using a convergedetn

Histograms of the model parameters are also us$efudiagnosing convergence and
mixing. The histograms shown in figures A.3 areriedia index and price parameters of the

pooled SUR tobit model. The histograms include ahlky 5,252 posterior realizations that
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are kept after omitting every other iteration tocr@se autocorrelation. Each of the
parameter histograms is very close to a normaliterghis suggests that both convergence
to the posterior distribution and mixing throughdhis distribution have been sufficiently
attained with a chain of 11,000 iterations.

The histograms for the media index and price patars®f the random effects SUR
tobit model are shown in figure A.4. Recall thatyoevery 36" posterior realization is kept
in this model to decrease autocorrelation suffityerTherefore, the number of realizations
that make up the histograms for the random effembslel is 395. These histograms are
approaching normal distributions, but are not sightly close to ensuring convergence and
mixing. Therefore, a longer chain is needed to tafident in the results from the random
effects model.

Another check of convergence for MCMC algorithm ralgdis to begin the Gibbs
sampler at different starting values. If the chainaverge to the same posterior distribution,
then the estimator is performing well. Figures Arld A.6 show overlays of trace plots for
the price parameters of the pooled and random teffedels, respectively. The starting
values for Chain 1 (green) are the Ordinary Leagtages (OLS) estimates for the model.
Chain 2 (blue) uses a starting value of 0.1 foheafcthe model parameters. The trace plots
for each model indicate that convergence to theepos distribution is robust to the

selection of starting values.
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