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Abstract

This thesis investigates how a tax and warningllah less healthy snack
food products may affect consumer behaviour whenrttposition of the tax is a
source of consumer information.

A survey that included choice experiments was @amanted in supermarkets.
Participants were asked to choose between higinéatks, some displaying a
stigmatizing warning label, and healthier snadkkultinomial logit and latent
class models exploring choice were estimated gorédictive hypothetical
market was set up.

Results show that the warning label had a negatie premium of about $4.
The effect of price, though small, becomes evenlsmas BMI increases. A fat
tax for health is not recommended because it mghhit the target population,
people were not very price sensitive, and it wdiklely be regressive. To
encourage health, it appears to be more effeatidisplay a warning label than

to apply a tax.
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Chapter 1: Introduction

1.1 Background and Problem
The purpose of this study is to explore how targébed taxes may affect

consumption decisions. A tax on a less healthy fatso know as a “fat tax,”
may discourage people from buying these productsising their price relative
to healthier substitutes. If the tax is highlgghby a warning on the label of the
product, this could potentially stigmatize the &tegl food item. Choice
experiments present participants with two or mgooms with differing
attributes. The participant is then asked to nakhoice between the two
products and it is assumed that they choose therohtat maximizes their utility.
In this study, they are used to enhance understgrafi the joint effects of price
changes induced by a fat tax and the stigma asedaath the application of the
tax, while controlling for demographics and othaelevant variables. The role of
stigma in influencing consumer choice is somethireg is not well developed in
the economic literature, but is clearly relevana teariety of policy situations.
The main hypothesis of this study is that a fathtag greater behavioural impact
with stigmatizing labels than without.

The reason the consumption of certain foods shioelldecreased is
because of the obesity epidemic. Obesity, andass array of associated non-
communicable diseases, has been increasing in Wartdrica (WHO, 2005). An
individual’'s body mass is affected by the energgytimtake from food and the
energy their body uses to perform basic functiewell as any additional energy

expenditure that might be required, e.g. physical#y. An excess amount of



calories can be easily consumed by eating foodigHagh in calories but does
not provide very much satiety. Potato chips amgiotomparable snacks would
be a good example of this, since they are gendnaily in carbohydrates and fat
and low in protein, since protein is the macrormutrimost responsible for satiety.
The reason obesity is an economic problem is becaisvery costly to the
health care system to treat the vast number oflpeuapo have health
complications as a direct result of their obesipr example, it is estimated that
the direct and indirect economic cost of obesitZanada during 2001 was $4.3
billion (Katzmarzyk and Janssen, 2004). If constiampof high calorie, low
satiety foods can be discouraged, it may leaddecaease in obesity, which
would mean less strain on the health care syst&max on these products, as well
as a stigmatizing warning label highlighting the &éad the reasons behind it, is a
potential way to decrease consumption of theseymtsd This study examines

how people respond to this strategy.

1.2 Overview

Choice modeling was chosen as way to investigageotioblem. This
approach is based on the assumption that whengaopifaced with a choice,
they choose the option that will make them happiest

Data was collected by conducting in-store survaysupermarkets across
Alberta using small portable computers. The sus\asked a series of choice
guestions as well as demographic and health questidhe choice experiments
placed the participants in a hypothetical situatdnere it is mid afternoon and

they are hungry and at a vending machine with tpimas to buy a snack. They
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were presented with an option between a healtherksfood product and a less
healthy snack food product. In each choice quedtiere was also the option to
choose “none,” which would mean the participantsehtw buy neither snack and
so would continue their day hungry. Different conaions of prices were tested
as well as the presence of two different hypotlaétiarning labels that each
highlight the tax and state that it is being imgbbecause of the product’s less
healthy nutritional content.

The survey also contained a scale that measurectadth locus of
control by presenting them with 18 statements aheatth and asking them to
what degree they agree with these statements staise measured to what extent
they believed their health was controlled by thdwese others and by chance.

Once the data was collected, it was analyzed lymashg models in
order to determine the effect different demographiad on the probability of a
product being chosen. These model estimations alsoeused to investigate how
people respond to price and warning labels andhvymioducts were preferred
over others.

A hypothetical market was set up using the resflem estimated model.
The hypothetical market simulates a store or a mgnehachine with 8 options for
a snack food. The probability of choosing eachaopt.e. market share, was
estimated. Different price and warning label scesavere simulated and the
predicted market shares calculated for each s@en&iimulations were also

conducted using different values for body massxr@Ml), so it was possible to



see how an obese person responds to price wheracedtio someone with an
average BMI.
A combination of the results from all of these gsa techniques were

used to make conclusions and appropriate polioymascendations.



Chapter 2: Literature Review
2.1 Fat Taxes and Thin Subsidies®

2.1.1 Fat taxes
There is economic evidence addressing the questioether

governments can achieve desirable dietary goatsi¢fr food price interventions.
Some recent studies suggest that fat taxes mafjdmivee in reducing unhealthy
food consumption. Schroeter, Lusk, and Tyner (2@8&ated a microeconomic
model to estimate the effects of a tax on high+toalimod. They conducted
empirical analysis by obtaining statistics for prand income elasticities and
using energy accounting to come up with weighttedgi®s. One of their

findings was that a tax on high calorie soft drimkauld cause a decrease in
weight through decreased soft drink consumptiothe©researchers who have
focused their studies on soft drinks have similéolynd that a tax on soft drinks
may effectively decrease their consumption (Gusiay2005; Tefft, 2006).

Tefft (2006) used a reduced form linear approxioratp estimate the effect of a
tax on soft drinks. He found that a tax on soiitks may result in decreased
snack food consumption and increased revenue duergased expenditure. It is
important to note that he measures expenditurbsr#tan quantities. Richards,
Patterson, and Tegene (2004) used household sadaiacn a random coefficient
(mixed) logit RCL model to test if rational addmni to food nutrients may be a
cause of obesity. They found that a rational aduhdo carbohydrates, fat,

protein and sodium exists and concluded that fe&ganay be more effective than

! Portions of this section have been previously ishbd. Cash, S. and R.D. Lacanilao “Taxing
Food to Improve Health: Economic Evidence and Argats.” Agricultural and Resource
Economics Revied6(2007):174-182.



information-based policies. Using a linear appmade almost ideal demand
system (LA/AIDS) to simulate tax effects on intaBantarossa and Mainland
(2003) found that price increases on certain fawdigs may be an effective way
to induce people to substitute harmful nutrientshkealthier ones.

Other researchers are not as hopeful. Kuchleref@gand Harris (2004)
simulated health outcomes of a fat tax by usingicgdn in weight as a measure
of health. They calculated the effects of a taxdferent levels of consumer
responsiveness to price. For each elasticity saerfaur possible tax rates
ranging from 0.4 to 30 percent were consideredeyhere able to calculate
reduction in caloric intake for each scenario, agag that nothing was
substituted for the salty snacks and that all fpothases are consumed. From
this they calculated reduction in body weight (3%@88@l per pound of body
weight). Their results show that a small tax @f & 1 percent would not
significantly affect consumption or health outcomés later work, the same
authors further estimated demand functions fortpathips, all chips and other
salty snacks. Using the resulting elasticity eates, they explored the effects of
a 1, 10 and 20 percent tax on each snack catedJdryy found that a small tax on
salty snacks would not impact diet very much anehea relatively large tax
would not appreciably affect the diet quality oé taverage consumer (Kuchler,
Tegene, and Harris, 2005).

Smed, Jensen, and Denver (2005) combined econemetdels of food
consumption behavior in socio-demographic groughk wiodels for conversion

between food consumption and nutrient intake. Tdwducted simulations of



four different scenarios: a tax on all fats, adaxsaturated fats, a tax on added
sugar, and a subsidy on fibers. These are taxastoents rather than types of
food. They found that a tax on fats would decrdasatake but increase sugar
intake while a tax on sugar would decrease sugakenbut increase fat intake.
Although these tax scenarios predict a decreaseergy intake, the authors
conclude that tax or subsidy alone could not stieeobesity problem. They
suggest combining a tax with other regulationshasinformation campaigns,
since there might be an interactive effect.

Boizot-Szantai and Etilé (2005) used data fromemé&m food expenditure
survey to model the effects of different food grquices, income, and
demographics on BMI. Their results suggest thattifiectiveness of a fat tax
may be limited in the short-run. Clark and Levdd@b06) used a generalized
addilog demand system (GADS) to estimate a dembadhcteristic system for
beef, pork and poultry. According to their estiesata tax that would increase the
price of pork would increase the consumption offfain pork and may contribute
to obesity. They suggest that policies to raiserne would be more effective at
decreasing fat consumption.

The state of Maine had a snack tax between 1992@01. Oaks (2005)
used this as a natural experiment to evaluatefteet®f a snack tax on obesity
outcomes. The design of his project is an intdedpime series comparison
group. His analysis revealed no relationship.akpied that although his study

fails to support the hypothesis that a snack tduees obesity rates, the revenues



observed from the snack tax could have been ussapjoort other programs that

may be more effective at reducing obesity.

2.1.2 Thin Subsidies
One area of research that has not been fully exgblout holds much

potential is the analysis of “thin subsidies”. Adugh such subsidies would
require government outlays (which could be potdgtfanded through fat taxes),
this money would be returned to taxpayers in tmefof lower food prices. The
goal is to promote a better diet by making heaitfued options more accessible.
In turn, lives would be saved through decreaseid@mce of diet related diseases,
lessening the burden on the health care systemexXample, Schroeter, Lusk,
and Tyner (2007) analyzed several price changeasicsnn their simulation
analysis, and found that the most effective scertardecrease weight was a
subsidy on diet soft drinks.

Cash, Sunding, and Zilberman (2005) estimated dadtih potential of thin
subsidies, using epidemiological evidence on thieasfy of fruits and vegetables
in reducing heart disease and stroke. They raualations using intake and
sociodemographic variables from the 1994-96 U.Shti@aing Study of Food
Intakes by Individuals. Health outcomes were estat by using dose-response
functions for the protective effects of vegetalaad fruits. According to their
simulation, a 1% decrease in the price of vegesadnhel fruit could be associated
with almost 10,000 prevented cases of coronaryt lsgsease and ischemic
strokes in the United States. They concludeddhhin subsidy could be an

effective way to provide health benefits, espegiadldisadvantaged consumers.



Their estimates of the cost per statistical lifeeshcompare favorably with the
costs associated with other U.S. government progiram

Asfaw (2007) used data from a 2007 household sureagucted in
Egypt, which included food expenditure. His moelgimation used mother’s
BMI as the outcome variable, which he explained &mction of different food
prices, controlling for age, male/female headedskbolds, education, family
size, urban/rural, monthly expenditure, and distaiocnearest bread shop. His
results imply that lower prices on healthier fosdsh as fruit, milk, and eggs are
associated with a lower BMI and that lower pricaseaergy-dense food items
such as sugar and oil are associated with a hiBlr These results suggest a
thin subsidy may be an effective way to decrease iBM developing country
context.

Gelbach, Klick, and Stratmann (2007) analyzed hodyveight is
affected by the price of healthful food relativeutchealthful food. They used
individual level data on obesity and demographiomfthe National Health
Interview Survey (NHIS) for the years 1982-1996 andchbined them with
regional level food price data. They created pimckces of healthful and
unhealthful foods, and used the ratio of the twthaskey regressor. They also
controlled for many demographic variables suchdagation, race, age, and
region. Their regressions show a significant, fpasrelationship between the
relative prices of healthful foods and BMI. Furntim@re, their analysis suggested
that this is a causal relationship. Although tationship was statistically

significant, the coefficients were modest. On bedg this study suggests that a



tax on unhealthful foods or a subsidy on healtfdods would cause a decrease in
bodyweight, but not an economically significant one

In the public health and dietetics literatures, & French and
colleagues have reported several experimentalestuvolving environmental
interventions (French, Jeffery, Story, and Snyde87; French, Story, Jeffery,
and Snyder, 1997; French, Jeffery, Story, Hannaal, ,e2001; Jeffery, Pirie,
Rosenthal, Gerber, et al., 1994). French, Jeffetyry, and Snyder (1997) set up
environmental interventions to determine the eff@dtpricing strategy on fruit
and vegetable purchases in school cafeterias. Maele fruit, carrots and salad
in each school cafeteria about 50 percent cheapergithe intervention period
and advertised these new prices. During the iatgron period fruit sales
increased by about four fold and carrot sales apmately doubled. Salad sales
were not significantly different. With the increalssales from lower prices, sales
revenue was not significantly reduced. This stegygests that decreasing the
price of fruits and vegetables with minimal promatimay be an effective way to
increase sales of these items to high school stsideérench, Jeffery, Story, and
Snyder, 1997). Jeffery, Pirie, Rosenthal, Geréeal. (1994) conducted a similar
experiment in the cafeteria of a university offimélding. In addition to reducing
the prices of fruits and vegetables they incredisecgelection. The results
suggest that increasing selection and decreaseprite of fruits and vegetables
may be an effective way to increase the amountuttsfand vegetables adults

purchase (Jeffery, Pirie, Rosenthal, Gerber, ei8b4).

10



French, Jeffery, Story, Hannan, et al. (2001) wsedxperimental design
to determine the effects of decreasing the pridewdfat snacks relative to
regular snacks in vending machines. Four levelsioing were examined. They
found that a 10 percent decrease in price of lavetiacks increased the
percentage of snacks sold that were low fat withoereasing sales volume,
which suggests that customers may have been subggitow-fat snacks for
regular snacks. This is a positive result fronublic health perspective.
Decreasing the price of low-fat snacks by 25 op&fent caused an increase in
sales volume, which suggests that consumers mayyirg more snacks from
the vending machine, which could imply a negatigehealth outcome. Another
possibility is that more consumers were attractethb price decrease to those
particular vending machines used in the studys difficult to evaluate the
overall efficacy of these interventions because ot known how the consumers
ate throughout the day. An interesting findinghad last study is that lower prices
on low-fat snacks were not associated with smallefits, suggesting that this
may be an inexpensive intervention (French, Jeffétgry, Hannan, et al., 2001).
Environmental interventions in a restaurant sethiage yielded similar positive

results (Horgen and Brownell, 2002).

2.1.3 Distributional Effects
A common concern is that fat taxes may be regresdiv the simplest

form of the argument, it is probably sufficientrtote that low-income consumers
spend a larger portion of their income on foodthsd any policy that broadly

raises food prices will have the greatest relatiyeact on poor households. Food
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energy price studies, such as the one conduct&idwnowski and Specter
(2004), have indicated that there is a huge gapd®et the cost per calorie of
energy-dense, nutrition-poor (EDNP) food items saglsugar and healthier food
items such as vegetables and lean meats. Fowo8iateims across a sample of 20
Edmonton supermarkets, a ten-fold difference inptthee per energy unit of fish
and poultry ($18.82 CND/1000 KCal) compared topihiee of fats, sugars and
oils ($1.42 CND/1000 KCal) was observed. Acroshvidual food items, there
was approximately a sixty-fold difference in eneoggt between turkey slices
($25.79 CND/1000 KCal) and sugar ($0.44 CND/100GaK@Cash and
Lacanilao, 2007). If one accepts that meetingdoasergy needs will come
before other nutritional concerns, this vast ddfere in food energy prices
suggests that at least for the lowest-income coaessjthere is already
considerable price pressure to buy EDNP foodghifhcontext, raising the prices
of precisely those foods that provide food enetgy@ lowest cost is very likely
to be regressive.

This premise was also examined by Leicester anddvaijer (2004),
who used data on dietary intake and household iedoom the 2000 U.K.
National Food Survey to investigate how macronatrietake varies across the
income spectrum. Their analysis suggests that aak targeting fat, sodium, and
cholesterol would have an effective tax rate of@fér the poorest consumers,
but only 0.25% for those at median income, andtths &s 0.1% for the wealthiest

households. Another study, investigating a taxabicontent in dairy products,
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similarly found that such a tax would be regressiveature (i.e., the elderly and
poor would suffer the greatest welfare losses) (@tad et al., 2007).

Other studies have indicated that policies desigoedake a healthy diet
more affordable may be most effective among thasie lmwer socioeconomic
status (Darmon, Ferguson, and Briend, 2002; Casigi8g, and Zilberman,
2005). In contrast, Gustavsen and Rickertsen (RfaQdhd that households that
consume high amounts of vegetables are more sangitivegetable price than
low-consuming households, suggesting that a thasigy on these products may

nonetheless have the greatest benefit to high-ieamnsumers.

2.2 Stigma
Stigma, as defined by Fischoff (2001), is “demaatsil byprincipled

refusal to engage in an act that would otherwisebeeptablé (Flynn, Slovic &
Kunreuther, 2001, p. 361). Someone who would ntyrbay a food product
might choose not to if the product displayed a wayhabel. This is an example
of the stigma that might be associated with wartefgls on less healthy food
products.

Stigma associated with warning labels has beenestudAn example is
the type of warning label found on cigarette pa€esagThrasher, Rousu, Anaya-
Ocampo, Myriam Reynales-Shigematsu, et al. (20@&stigated the demand for
cigarettes with a graphic warning label compared text-only warning label.
They conducted an experimental auction on adulkensan Mexico where
participants were asked to place separate bidgyanette packages. One

package contained the graphic warning label whigedther displayed the text-
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only warning label. They found that people wer#ing to pay 17% less for the
packages with the graphic warning label than tlekages with the text-only
warning label. This study shows that graphic wagnabels would likely
decrease the demand for cigarettes in Mexico.

Being seen purchasing something may induce stigrt@maertain
products. For example, people may not want tocge@ $uying the less healthy
snacks — especially if they have a warning labgpldiyed. Argo, Dahl, and
Manchanda (2005) conduct experiments to deternhimetfect that a social
presence has on purchasing behaviour. They sermraity students to a store to
buy batteries. Students who were in the presehtteae or more other people
usually bought the most expensive, name brandriegterhile those who were by
themselves often bought the cheaper, less poprtdadb This study suggests that
being seen while making a purchase may contrilmutied stigma behind buying
certain products.

The stigma associated with government programglttoa/-income
families has been studied (Stuber and Kronebu€id4;A_evinson and Rahardja,
2004). Stuber and Kronebusch (2004) attemptedfitam the low participation
rates in Temporary Assistance to Needy FamiliedNFAand adult Medicaid
programs. They interviewed patients at communéglth centers in the United
States with incomes below 300 percent of the féghengerty level and at least
one child in the household. Scales were createdder to measure stigma,
enrollment barriers, and knowledge. The questiosi® asked in an indirect way

in order to get more reliable responses. Thepdadhat there are two types of
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stigma: identity stigma, which is the concern alfbeing labeled by welfare
stereotypes,” and treatment stigma, which is canabout “poor treatment during
the application process” (Stuber and KronebuscB42f. 526). They measured
these two types of stigma separately using a quesdire. They found that
treatment stigma, perceived enrolment barriers |acidof knowledge were the
main reasons for low enrollment (Stuber and Kroisehu2004).

Levinson and Rahardja (2004) used the National §uo¥ America’s
Families (NSAF) to determine if the low enrollmeémtMedicaid could be a result
of welfare stigma. This survey contains eight goes related to welfare stigma.
They found that those who were not enrolled in Maiti answered the questions
in such a way that displays welfare stigma. Thilgsis suggests that welfare
stigma and enrollment in Medicaid are related,ibistnot enough to show
causality. In the second section of their ana)ystévinson and Rahardja (2004)
used a utility-maximizing framework. They preditte Moffitt (1983) utility
function with fixed and variable stigma for Medidaind Food Stamps.
According to this model, if there is a fixed stignparticipation rate will increase
with benefit. If there is no fixed stigma, panpation will not depend on the
benefit. They find that increases in benefitshaf programs substantially
increases participation. This means that theaefiised cost, which might be
fixed stigma. This paper demonstrated two diffeeggproaches to examining
stigma and participation: using surveys to evalpateeptions of programs and

using a utility-maximizing framework (Levinson aRéhardja, 2004). Currie and
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Grogger (2000) use a third approach. They indiyeoeasure the presence of
stigma using proxy variables (cited in Stuber amdri¢busch, 2004).

The stigma related to the discovery of hazardougtevand its cleanup has
also been studied (Messer, Schulze, Hackett, Cametal., 2006; Patunru,
Braden & Chattopadhyay, 2007; McCluskey and Rayu26€3). Messer,
Schulze, Hackett, Cameron, et al. (2006) analyzedenefits of the hazardous
waste cleanup known as Superfund. They lookeldeag¢ffect that delayed clean-
up had on property values in communities neighlgo8aperfund sites. They
developed a model that predicts the movement ia tfithe ratio of the property
values of homes close to the Superfund site cordgareomes far enough away
to avoid being negatively affected. Their psyclgatal/economic model shows
that discovery, beginning of clean up, and any ewgated to the hazardous
waste increases the fraction of homeowners andhpatéuyers who shun the
neighboring communities. They used their prediciefficients to run a
simulation with four different scenarios with vamginumber of events
(announcement, clean up, delivery, etc.) as welaaging the amount of years it
takes to clean up. Their results suggest thakgquicdeanup and fewer
stigmatizing events would reduce the loss of priypealue due to people
shunning neighboring communities.

Patunru, Braden and Chattopadhyay (2007) use@at ls¢gmentation
model to estimate the benefits of the clean-upagiihdous waste in Waukegan
Harbor, Illinois. It was declared a Superfund.sifdiey conducted a choice

experiment where residents of Waukegan Harbor agked to think back in time
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to their last house purchase and to choose bettheercurrent house and
hypothetical houses differing in certain attribytesluding pollution of the
harbor. They also asked if they thought the havms environmentally safe at
the time of purchase. They used this informatiotheir latent segmentation
model to estimate Waukegan residents’ willingnegsaty for clean-up, which is
an indication of the stigma associated with the @atunru, Braden &
Chattopadhyay, 2007).

McCluskey and Rausser (2003) used a standard tedéquilibrium
Hedonic model to analyze the economic consequerfcagymatization from a
hazardous waste site. They used a data set @2Z06bservations of homes sold
from 1979 to 1995 in Dallas County, Texas. Thesdug Geographical
Information Systems (GIS) database so the distaatweeen each house and the
hazardous waste site, airport, and mall could brutzded. They found that if
there is a recovery and the waste is cleaned ae ik just a temporary drop in
property values (temporary stigma). They found there is long-term stigma
only within a ~1.2-mile radius around the sourc¢hefhazardous waste
(McCluskey and Rausser, 2003).

The stigma surrounding fish consumption advisonben dealing with
contaminants, such as mercury in fish, has also bemlied (Shimshack, Ward &
Beatty, 2007; Jakus and Shaw, 2003). Shimshackd Vdad Beatty (2007) used
parametric and nonparametric methods to examineghgumer response to an
advisory by the Food and Drug Administration (FDAYhe United States that

recommended at-risk individuals to limit fish congation due to contamination
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with mercury. The educated and well-read at-mskviduals reduced their intake
of fish; however, some consumers that were notidensd at-risk also reduced
their consumption (Simshack, Ward, & Beatty, 200¥his could indicate a
stigma behind these fish consumption advisoriekusland Shaw (2003)
estimated a model for consumers’ endogenous rigiepgons about products
and applied it to recreational fishing. They fouhdt the perception of hazards
associated with fish consumption advisories affecteational site choice as well

as welfare (Jakus and Shaw, 2003).

2.3 Choice Experiments and Food Purchasing Behaviour
Choice experiments present the participant witataoschoices and ask

them to choose an option. Choice experiments eareby useful because it is
possible to incorporate products that do not ex#dso, attribute levels (e.qg.
price) can be varied to levels that are not obddevan the market.

There are several recent studies that use choperiexents to analyze
food purchasing behaviour. Often, these choiceexpents are hypothetical,
meaning that there is no actually product beinggbdand sold. Loureiro and
Umberger (2007) used choice experiments to analymsumers’ preferences and
willingness to pay for country-of-origin labelinfgrm traceability, and food
safety inspections when purchasing steaks in theetlStates. Each of these
attributes is represented by a label on the steadlust packaging. They also
included tenderness and price of the steak abuatis in the choice experiment.
They estimated a multinomial conditional logit mbded use ratios of the

attribute coefficient over the price coefficientastimate willingness-to-pay for
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each attribute. Their results show that consumwers willing to pay the most for
a steak with a label guaranteeing that it was ictgaeby the USDA, Food Safety
Inspection Service (Loureiro and Umberger, 2003dldberg and Roosen (2007)
compared the contingent valuation method with ahexperiments. The
contingent valuation questions were dichotomouscehguestions that asked
participants how much they were willing to pay ¥arying levels of food safety
when buying chicken breasts. Each respondent isagjaven eight choice sets.
They used a random utility model to analyze thelts®f the choice experiment.
They found that the choice experiments resultddgher values of willingness-
to-pay for attribute packages (Goldberg and Roo2ed7). Carlsson, Frykblom,
and Lagerkvist (2007) conducted a choice experiraarwedish consumers.
They analyzed consumer behaviour when buying chiekeal beef. They
included several attributes such as herd livingddamns (indoor or outdoor),
transport, slaughter, and price. The attributmtarest was the animals’ fodder.
It could be non-genetically modified, geneticallpdified, or there could be a ban
on genetically modified foods in the European uraod so it is obviously non-
genetically modified. They used a random paranmetgt model to analyze the
responses. They found that consumers preferredaeenetically modified
food and that there was no significant differenesueen their willingness to pay
for a ban on genetically modified food when compacea mandatory labeling
system where genetically modified foods are allowetdmust be labeled

(Carlsson, Frykblom, and Lagerkvist, 2007).
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Some choice experiments are nonhypothetical. Amarmdge of
nonhypothetical experiments is that the participanay be encouraged to answer
the survey truthfully, since they will actually paying for the product and taking
it home at the end of the experiment. A disadvgania that the product must
actually exist with the stated attributes. NonséRrg attribute levels may still be
included. For example, a label that does not éxistal life can be created and
displayed with a product. Also, price levels thati would not see on the market
can be tested. Lusk and Schroeter (2004) compap®nses from a hypothetical
choice experiment to that of a nonhypothetical ch@xperiment. The only
difference between the two treatments was wheltieepayment was actually
required at the end of the session or not. They beef steaks as the product in
their experiments. Five steaks with varying priaese presented at each
qguestion. This is different than most of the ottlawice experiments, which had a
choice between only two products per question.yTUsed multinomial logit
models to analyze their data. They found thattiiengness-to-pay values were
larger for the hypothetical group. This makes seasice people would generally
be more careful about their decisions when realeyasinvolved (Lusk and
Schroeter, 2004). Nayga, Woodward, and Aiew (2Q@&)a nonhypothetical
choice experiment to analyze consumers’ willingrtesgay for safer meat
through irradiation. Information about irradiatiechniques and effectiveness
were given to each participant before making thmags. The setting was made
as real as possible by having the meat availableiéaving and using real cash

for the transactions. They developed single-bodradel one and one-half

20



bounded models. They found that the cost of iathaly the meat was less than

the premium their respondents were willing to payifradiated ground beef.

2.4 Point-of-Purchase Health Information and Demand for
Food

2.4.1 Promotional Signage in Cafeterias or Vending Machines
Considering the efficacy of health promotion inatafias and on vending

machines is important because many people eatse tlypes of places on a
regular basis because of convenience. For examgtayr school or work has a
cafeteria it is more convenient to eat there flumeh break or to buy a snack
from a hallway vending machine rather than leavireggbuilding to search for
food elsewhere. This is a possible way to effetyivarget an intervention at
school-aged children to prevent childhood obesity.

Cinciripini (1984) conducted an intervention inraversity cafeteria. He
encouraged people to choose healthier food thraugheling system. All fresh
vegetables, legumes, grains, low-fat cheeses, skik) vegetable soup, fruit
juice, fresh fruit, cottage cheese, salads, aniofbakes chicken, fish, and
turkey without sauces or gravies were marked omtéeu with a green triangle.
Leaflets were handed out encouraging people tosshgoeen triangle foods for
their nutritional value and because they are lowafal low-calorie. Overall, the
labeling strategy did not seem like it had a ckféect on food choice. However,
he found that the labeling strategy increased add@isoup/fruit/low-fat dairy
consumption in obese people. It also decreasechbimeumption of red meats
among lean males and carbohydrates among femateswormal body

composition. He observed that males require coméneentives while females
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may be sensitive to both informational and incemfipproaches. This study
demonstrates that health labeling may encouragaicgroups of people to make
healthier food choices. A study by Davis and Red&882) had more promising
results. They held their study in a college doomyitcafeteria and found that
providing nutrition information on a sign and/ortnent display cards positively
influenced the students’ milk choices.

Mayer, Heins, Vogel, Morrison, et al. (1986) conigaican intervention in
a cafeteria. During the intervention phases tletyp a large poster at the
beginning of the food line. This poster identiflesv fat food as cholesterol
lowering, leading to a healthier heart. The posteluded the names of the low-
fat entrées available that day. The study desigst Baseline 1, Intervention 1,
Baseline 2, Intervention 2. Intervention 1 inceshpurchase rate of low-fat
entrées by 85% compared to Baseline 1. When regp&athowed a smaller
increase. Their results show that health inforamathay have caused an increase
in low-fat entrée sales but they mention that tmlterm efficacy of such
treatments still has to be evaluated.

Sproul (2003) conducted a test in an Army cafeteridetermine the
effect of point-of-purchase nutrition labeling orah selections. They used lunch
sales data from a computerized cash register.intaezention consisted of
labeling the healthier, target items with a redhiigng bolt encased by a blue
square as well as calorie, fat, and cholesterorimétion. Large posters saying
“It's a sure sign you're eating better” along witte lightning bolt were hung on

walls at the entrance to the serving area. Alsweek before the intervention, a
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poster and one-page flyers were stationed at ttiarexe to the dining facility.
These materials explained the upcoming prograne iftervention was
implemented after a 12-month baseline measurenegittdo Data were collected
during two 30-day postintervention periods. Thautes show no significant
difference of mean sales of targeted entrées qroption of targeted entrée to
total entrée sales between the baseline periodhentivo intervention periods.
Questionnaires were distributed during the luncbaitect demographic
information. Questions about factors affecting noeadisions and their reaction to
the promotional materials were also asked. AbO@b 6f those who filled out the
guestionnaire noticed the promotional materia®% #eported that the presence
of the promotional materials had no influence airtimeal choice and 75%
reported that the materials had no positive efbectheir attitude about nutrition.
Customer meal choice was influenced more by tagigearance, and quality than
by calorie content, fat content, and price. Thiglg shows that nutrition
information did not influence consumer behavioamArmy dining facility.

These results should not be generalized to theasiypopulation since the sample
here is not representative of the general public.

Dubbert, Johnson, Schlundt, and Montague (1984dwcted their
experiment in a cafeteria near a large medicakcenthe label for low calorie
items said “LOWER CALORIE SELECTION,” and was plddeeside the foods.
They also made a poster that said “FOR YOUR INFORNON, WE HAVE
LABELED SOME LOWER CALORIE ITEMS. . . . Watch fohése signs’ (one

of the [lower calorie] identifying labels was att@cl)” and posted it near the
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cafeteria entrance. Entrées, vegetables, andssaka@ selected for labeling.
Cash register data showed sales. The design baseline 1, label vegetables,
label vegetables and salads, label vegetablesissalad entrees; and baseline 2.”
The results show that promotional labels on lovecalvegetables and salads
increased their sales but labels on entrées didffeatt their sales. Total calories
of those interviewed were not affected by the weation. The researchers came
up with several possible explanations for the laicilecreased calories. Overall,
this study shows that labeling at the point-of-fxase can encourage people to
choose lower calorie food choices in terms of vaigies and salads.

French, Jeffery, Story, Breitlow, et al. (2001) dise experimental design
to determine the effects of pricing and promotidtow-fat snacks relative to
regular snacks in vending machines. Three levigisamotion were examined:
no signs, signs labeling low-fat snacks, and sighbsling low-fat snacks
combined with signs placed on vending machinesuaging a low-fat snack
choice. They do not describe these signs in detsil think that the signs
encouraging a low-fat snack choice probably mentia the low-fat choices are
healthier. They also tested location (workplacsatrool) and different pricing.
Total number of low-fat snacks sold, profit per imae, and sales volume did not
differ significantly by promotion level. They fodrihat the percentage of low-fat
snacks sold in the label-plus-sign conditions wgsificantly larger than the no-
label condition, indicating that the health promoatmay have caused some
people to lower their fat intake. However, it iffidult to evaluate the efficacy of

these interventions because it is not known hovctdmsumer will eat the rest of
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the day. They may eat a high-fat food later indhg to compensate for the low-
fat food choice, continue to eat low-fat foodsttoe rest of the day, or make no
additional dietary changes.

Although these studies show mixed results, it {gaapnt that promotional
signage in cafeterias and vending machines maypleg@influence people to

make healthier dietary choices.

2.4.2 Promotional Signage in Grocery Stores
Since lots of people buy much of their food fromracery store, it is

important to study the efficacy of signage promgtiealthier food choices in
grocery stores.

Kristal, Goldenhar, Muldoon, and Morton (1997) gpta supermarket
intervention. The intervention consisted of proimeal flyers with a 50 cent
coupon towards the purchase of any fruit or vedetagivomotional signage, and
consciousness raising activities such as food dstrations and nutritional
signage. Their results show no difference in the@ntage of shoppers buying
fruits or vegetables (70%) between control supeketarand those given the
intervention. They concluded that more powerftgimentions should be
implemented to make a difference. In this casedéms like nutritional signage
did not work to increase sales of fruit and vegiembut it is difficult to come to
any conclusions about the effect of informatiomalgince the intervention also
included a price incentive.

Jeffery, Pirie, Rosenthal, Gerber, et al. (1982)duwted a rigorous study

to try to influence knowledge and product salepbmt-of-purchase health
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information. Interventions took place in four suparkets with four
supermarkets acting as controls. The weekly sHI25 items were compared
over a 9-month period of time. The interventiongisted of a “display of large
posters, shelf signs, and brochures, in three wakesighout the dairy sections
of the experimental stores.” These contained ngessthat attempted to
encourage healthier choices, such as “Sherbeteseeilent low-fat dessert.”
The information was delivered in three waves, tagfor a total of 24 weeks.
After this intervention, there was no sign of knedge increase through pre- and
post-intervention surveys. Most importantly, thess no significant increase in
the sales of the healthier foods being promotesliefal other health information
interventions conducted in grocery stores also showcrease in sales of
healthier food (Ernst, Wu, Frommer, Katz, et a@8@, Olson, Bisogni, and
Thonney, 1982; Rodgers, Kessler, Portnoy, Potastkagl., 1994).

It seems like the techniques tested so far to gttéonincrease the demand
for healthier food in grocery stores through heaitbrmation interventions have
been unsuccessful. More research has to be caditectind a successful

technique.

2.2.3 Interventions in a Restaurant Setting
Food is readily available at restaurants. Manypfeeat at restaurants to

socialize or to avoid cooking and cleaning. Ifldeaformation or nutrition
information on menus can influence consumers t@sédealthier foods, this
could be an effective way to improve the healtthefgeneral public, especially

those who frequently eat food away from home.
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Kozup, Creyer, and Burton (2003) conducted thrgeaments to address
the effects of health claims and nutrition inforraaton packaged food products
and items on restaurant menus. Study 1 focusedpatkaged food product (a
microwavable frozen lasagna dinner) while Studg@ied on a restaurant menu
item (a lasagna entrée). Other than this, theitiond of the experiments were
the same (same serving size, description, ficstio@and name, etc.). They
presented just the feature item. They “used adysion or exclusion of a heart-
healthy claim) x 3 (nutrition information level \witontrol [no information],
unfavorable, or favorable conditions) between- satsj design in both Studies 1
and 2.” Favorability of conditions was determirmdpretests in the form of
surveys (favorable: lower fat content, unfavorabigher fat content). The heart-
healthy claim stated “A diet low in saturated fatlaholesterol may reduce the
risk of coronary heart disease,” also indicate@lheart-shaped symbol. They
mailed panel members packages with stimuli for $tldr 2 and a survey with
guestions of general interest. Results from Studljow a favorable influence of
the health claim on nutrition attitude. They adé@w a decrease in the perceived
risk of heart disease and stroke as a result dii¢laéth claim. Favorable nutrition
information positively affected consumer evaluasi@md reduced the perceived
risk of disease. Yet, the health claim and natniinformation did not interact to
influence consumer evaluations or perceived cregibiStudy 2 results show
that the health claim reduced perceived likelihobteart disease and stroke but
did not affect the influence of attitudes toward groduct, nutrition attitude, or

purchase intentions. Favorable nutrition informattaused a positive effect on

27



the dependent measures while unfavorable nutritifmmmation had a negative
effect. It also showed that the effect of the tiealaim depended on the presence
of nutritional information. Study 1 can be useatswer the previous question
about the effect of health information on consubredravior in grocery stores,
since this is where consumers read labels.

Study 3 by Kozup, Creyer, and Burton (2003) “wdsetwveen-subjects
experiment that used a 2 (inclusion or exclusioa béart-healthy claim) x 3
(nutrition information level with control, unfavdske, or unfavorable conditions)

x 3 (nutritional context, or the nutrient levelstbé nontarget menu items, with
control, healthy, and unhealthy conditions) design.contrast to the first two
Studies, Study 3 presented three menu items rttherjust a single entrée. Also,
rather than through mail, participants were reediaat a mall. Results show that
the health claim favorably influenced nutritionitatie and purchase intention and
decreased the perceived likelihood of heart diseadestroke. It did not affect
attitude toward the product. Favorable nutritioformation was associated with
more positive nutrition attitudes and lower percap of disease risk when
compared with unfavorable nutrition informationhelhealth claim did not
interact with the provision of nutrition informatipand this interaction did not
have a significant effect on source credibilityheTresults also support the
hypothesis that if “nutritional content of [thelednative menu items is unhealthy,
consumer evaluations of the target product wilirmere favorable and perceptions
of disease risk will be lower compared with whea tlontext is healthy.” Also,

the nutritional context in which a food is evaluhteealthy/unhealthy) moderated
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the effects of the nutrition information and théesef of the health claim on
perceived source credibility. Kozup, Creyer, anat&n (2003) conclude that
health claims can be effectively used as a promatitool in restaurants and on
packaged food products. Also, a favorable Nutndid-acts panel has stronger
effects than the health claims on purchase intaatamd product attitudes. Health
claims and favorable Nutritional Facts panels mayb effective way to promote
the purchasing and consuming of healthier food.

Horgen and Brownell (2002) conducted interventiona restaurant
setting. The target items on the menu were alingdtw-fat chicken sandwich, a
chicken salad, and a soup cup and bowl. Theyteds&ied sales of corresponding
control items that were not as healthy. The desagsisted of six periods: an
initial baseline, a price decrease interventionnéerim baseline, a health
message intervention, a combination price decraaddealth message
intervention, and a final baseline. A one-way gsial of variance (ANOVA)
showed that average daily sales did not vary bygerFurther analysis showed
that sales of target items increased during intéree periods when compared to
baseline periods. The price decrease alone was efii@ctive in promoting
chicken sandwich and chicken salad sales whiledh@bination treatment was
more effective in promoting soup cup and bowl saleseach case, price
decrease and combination interventions were mdeetafe than the health
message intervention. For the chicken sandwichchiaken salad price decrease
alone was more effective than the combination uaetion. Their results indicate

that health information may compromise the effda price intervention. They
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explain that it may be because people value taseaverything else and they
feel that if a food is made healthy it is likelathaste was sacrificed.

Burton, Creyer, Kees, and Huggins (2006) conduttedstudies. The
first study was a survey of consumers. The suagked participants to estimate
calorie, fat, saturated fat, and sodium levelsioné entrées often served in
restaurants and compared these with objective sdioen laboratory tests.
Results showed that participants underestimatedalugie content of less-
healthful items by 642 kcal on average; this isialialf of the objective value.
They underestimated the calorie content of chagsewith ranch dressing by
over 2000 kcal on average; the objective valued8010 kcal. The calorie
content of more-healthful items was underestimaistby a little bit. Also, the
nutrient levels (fat, saturated fat, and sodiumdentless consistent with the
objective levels for the less-healthful items titia@ more-healthful items.

For the second study, Burton, Creyer, Kees, andyiisg2006)
conducted an experiment. The purpose of the exjgattiwas to study the
potential public health benefits that could refdtn providing nutritional
information at restaurants. Participants were edgilackages containing one
menu stimuli and a survey of general interest. ywere asked to estimate the
likeliness of gaining weight and developing heasedse if each food item was
individually included as part of their regular didt had a 3 (nutrition
information:i. calories fat, saturated fat/trans fats, and sodevels,ii. calorie,
iii. none) x 2 (daily value information:fat, saturated fat, and sodiuim,control)

x 4 (menu item) mixed experimental design. “The&itian information and daily
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value manipulations are between-subjects factalsv@nu item is a repeated-
measure factor.” Results show that adding cakmmi nutrient information on
restaurant menus affected attitudes, intentiorgs caoices. Less-healthful items
that had their calories and nutrient contents faittirated/trans fat, sodium)
underestimated (hamburger platter and chefs shkdip decreased purchase
intention when objective nutrient information wasealed. Without the
nutritional information, the turkey, chicken, anaefs salad items had the same
perceived likelihood of heart disease but whenctiderie and nutrient
information were given there was a larger diffeeeircdisease-risk perceptions.
These studies by Burton et al. (2006) show thagwarage, people underestimate
the calorie content of less-healthful restauraatfand providing the nutrition
facts diminishes their preferences for these |lesdthful items. Since people eat
lots of food away from home, providing calorie andrient information for
entrées in restaurants could be an effective walgtnease the amount of less-
healthful food choices. This paper builds upomevipus study by Burton and
Creyer (2004), which had similar methods and resagtthe second study.

Colby, Elder, Peterson, Knisley, et al. (1987) awtdd their study in a
family-style restaurant. They tested the effedhoée different messages used to
promote food specials:

1. Emphasis on the healthiness of the specials —afreelow in fat,
sodium, and cholesterol.

2. Emphasis on flavor of the special, but also adteatthe choice
was healthful.

3. No emphasis. Just mentioned that there was a sjadigial.
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The results of this study show that customers chitsé@ealthful specials when
the message emphasized flavor and mentioned thahthice was healthful. This
may be because people care firstly about the tdstdood, and they are
especially happy when they find out a good tashogl is healthy. However,
when told only that a food is healthy, they mayuass that some taste was
sacrificed for the healthiness.

Wagner and Winett (1988) conducted their experinretwo fast food
restaurants. Their intervention included two prssteat read “Be Fit & Healthy;
Eat a low-fat SALAD as your meal or add a sidedatand included a picture of
a salad. These were placed near the cash regiSerall cards with the same
message were placed on each table. Near the eatitzey placed a banner that
said “Eat Salads.” They monitored sales throughctish register. The design
consisted of a three week baseline period, a thesk intervention period, a
second baseline period, a second intervention ghegiad a follow up phase.
Results show increased salad sales during thevérteon periods. This increase
was greater for side salads than for salad bas.s#lecost analysis showed that
fast food restaurants may be able to profit fromlthepromotion efforts. The
large increase in salad sales is good for heattbhe sncreased vegetable intake is
associated with a decreased risk of heart disease.

These studies collectively show that interventiontghe form of
nutritional information or health claims on mengsagll as promotional signage
could influence consumers to make healthier detssabout what food to buy.

When promoting a healthy food, perhaps emphasiglgio@ put on the great
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taste with the healthiness mentioned as well. &eahts can potentially profit

from these health promotion efforts.
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Chapter 3: Methods

3.1 Theory: Choice Modelling
People make choices based on a number of factdrthair preferences.

It is assumed that they are rational and will middeedecision that will maximize
their utility.

Utility (denoted adJ;) is assumed to have an observed compongnaiid
an unobserved componen)( An additive relationship between the two
components is assumed (Hensher, Rose, and Gré¥ie,[2 75).

U=V + g (3.1)

The observed component of utility can simply baespnted by a linear
expression where each variable affecting utilitynigitiplied by a weight (known
as a parameter or coefficient) based on that at&#ib marginal effect (Hensher,
Rose, and Greene, 2005, p. 76).

Vi= foi + Prif(Xe) + p2if(Xai) + Baif(Xa) + . .. + i f(Xai)  (3.2)

where
Vi is utility observed by the analyst associated whtith
alternative

Biiis the weight associated with the attribMieand alternativé

Poi is a parameter not associated with any of the gbdeand
measured attributes, called thiéernative specific constant
which represents on average the role of all thdsewed
sources of utility.

The probability that they will choose a certainioptis equal to the

probability that the utility they would obtain froomoosing that option is greater

than (or equal to) the utility they would obtairthey choose any other option.
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Each alternative can be denotedasj =1, ... Jalternatives (Heshner, Rose,

and Greene 2005, p. 82).

Proh=ProbU; 2 Uj) Oj=1,...3;i %] (3.3)
The decision of which product to buy is influend®da number of factors,
which include price, warning labels, and prefersmsmigch as taste, texture, and
appearance. It would be difficult to measure tlentioned preferences, so
product dummy variables are used as a proxy. [@iffedemographic groups

might also tend to act certain ways. The intecacbetween price and warning

label may also affect a consumer’s decision totheyproduct.

3.2 Econometric Approach

3.2.1 Multinomial Logit Model
These data were analyzed in two different wayse fifist is by using a

multinomial logit (MNL) model estimation. This &svery widely used method to
analyze choice experiment data that controls fan@tgaphics and other
variables. The MNL choice model is derived by gseguations (3.1), (3.2), and
(3.3) and making certain assumptions (known as &WlLIID conditions) about
the unobserved component of utility)( The MNL model states that “the
probability of an individual choosing alternativeut of the set ad alternatives is
equal to the ratio of the (exponential of the) obed utility index for alternative
to the sum of the exponentials of the observedyiiidices for allJ alternatives,
including theith alternative” (Hensher, Rose, and Greene, 200860

expV,

Proh= ———; j=1,...j,...,J i#] (3.4)
D expV,
=1
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3.2.2 Latent Class Model
The second econometric approach taken was usetgrt kclass model.

With all the demographics interacted with price araining label in the MNL
model it is hard to tease out the actual effegrafe and each warning label,
since the interpretation is complicated and muse &l the interactions into
account. The latent class model allows us to sepdine people into different
classes, which might differ in their responsesrtogoand the warning labels. It
might be more likely that a certain demographipebple might be in one class
than another. This allows for interpretation oivh@ach unique class is
responding to the price and warning label easen thith the MNL model
estimation because all the price and warning laheables being interacted with
several demographic variables do not have to b wéh. Latent class models
incorporate one or more discreet unobserved vasadnhd sort people into groups

based on similar behaviour or preferences (Gre20&7, p. E17-4).

g(ﬂ, ' Xit "git ) = ECIasses[ g(ﬁclassl Xit ’git )lClasg (35)
where
i =1,...,N denotes thieh group or individual.

t =1,...,T denotes thé&h period.
g = the density of the observed random variable cadd on the

arguments.
B, = the parameter vector for tité individual.

X, = Is used to denote an observed vector of indepgn@eiables.
&, = the stochastic component of the model.

Latent class models can be applied to differenésy@f econometric
models. In this case, it is applied to the MNL mlodThe number of classes can

be chosen by the analyst based on which model astimfits the data best.
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3.3 Survey Instrument

3.3.1 Survey Design
A complete paper version of the survey can be foomppendix A. The

survey instrument consists of several multiple cb@uestions, list-style
guestions, choice experiment questions, and opgedequestions. First, general
guestions about snack food purchasing behaviouasked. These are followed
by a set of eight choice experiment questionsatBurchase Simulation”
section. Next is the Multidimentional Health LoafsControl (MHLC) scale
(Wallston, Wallston, & DeVellis, 1978). This costs of 18 questions that can be
scored to give three scores which represent to witant the person feels his
health is controlled by his own actions, by cham@ee] by the influence of others.
Following this, questions about exercise and labatiing habits are asked. The
survey ends with questions about demographicsjdnal) height and weight in
order to calculate body mass index (BMI).

There are eight different versions of the survelyicl differ only in the
choice experiment section. The differences betvileewersions are outlined in
Table 3-1. With this design, every price combioatbetween healthy and less
healthy product is observed using each type ofl labevell as no label. Also,

ordering effects can be observed if necessary.
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Table 3-1 Choice experiment survey design: arrangement of prices and war ning labels.

Version 1 Version 2 Version 3 Version 4 Version 5 Version 6 Version 7 Version 8

H L H L H L H L H L L H L H L
Q1] $1.00| $2.00| $1.00| $1.00| $2.00| $1.00| $1.50| $1.00| $1.00| $2.00 % $2.00| $1.00 $1.5O
Q2 | $1.00| $0.50| $1.50| $2.00| $1.00| $1.50| $0.50| $0.50| $1.00| $0.50 Z% $1.00| $1.50 $O.5O
Q3] $2.00| $2.00| $2.00| $0.50| $1.50| $1.50| $0.50| $1.00| $2.00| $2.00 Z,{j;;,; $1.50| $1.50 $O.50
Q4 | $1.50| $0.50| $0.50| $1.50| $0.50| $2.00| $2.00| $1.50| $1.50| $0.50 /4{/4({/% $0.50| $2.00| $2.00 /
Q5 | $1.00| $1.00| $1.00| $2.00 $1.5o $1.00| $1.00 ;/////%/ﬁ $1.50| $1.00| $2.00
Q6 | $1.50| $2.00| $1.00| $0.50 $O.50 $1.50| $2.00 % $0.50| $0.50| $1.00
Q7 | $2.00| $0.50| $2.00| $2.00 $O.5O $2.00| $0.50 é/é//,//}//}/i $0.50| $1.00 $1.5O
Q8 | $0.50| $1.50| $1.50| $0.50| $2.00 %1 50| $0.50| 52 0| $0.50| $1.50 5050 $2.00| $1.50| $0.50/ 52 00

Numbers are prices.

H = healthier product, = less healthy produd = question

Diagonal pattern shading denotes the presencermigalabel 1 (red light warning label).
Solid shading denotes the presence of warnirg kcigarette package style warning label).



3.3.2 Mod_Survey
Mod_survey, Version 3.2.4 was used to create releict versions of the

survey. It uses XML-based tag notation. Mod_swurgdree software that runs
on a Linux platform (Palmius, 2008). The eightsiens of the survey were
coded into mod_survey. A randomization code wasred on the opening page
of the survey, so when the participant clicks amlthk to continue they proceed
to a random version of the survey. When a paditigompletes the survey, their
responses are sent to database and stored sbdhatde retrieved later. The
complete code for a version of the survey can bhadan Appendix B and sample

screenshots from the actual survey can be fougpendix C.

3.4 Data Collection

3.4.1 Focus Groups and Pretests
Two focus groups were conducted, in which participavere asked what

factors they consider when buying snack foodsordter to recruit participants for
the focus groups, posters were posted around tlersity campus advertising
the focus group with a $20 supermarket gift carthasncentive. Participants
filled out a sample survey to see how they respdndehe choice experiment
guestions and were asked about their reactioretavdrning labels. The pretests
were held on September 18 and October 18, 200@.silitvey was revised
according to information gathered at the pretests.

Originally, three different kinds of warning label®re being tested.
After several discussions about these warning $alitelvas decided that one of

these warning label designs should not be investiyaThis was a warning that
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was a subscript at the bottom of the nutritionddabel. More often than not, it
went unnoticed; however, when pointed out, mospfgesaid this warning label
would probably affect their next purchases. Sihcg experiment is about
immediate purchasing behaviour, it was decidedtthatwarning label was not
appropriate for this project. Most people weremupve of the other two
warning labels and said that they might try to dymioducts that had these
warning labels and agreed that this could be attée way to discourage
consumption of these foods. Some people saidhbsgtalready knew that these
products were less healthy and that warning lalveldd not really affect their
consumption, since when they are buying junk fabey know that it is not good
for them already. The two warning labels that weresen to be tested are shown
in Figure 3-1. In the actual survey, the circleha first warning label is red like a
stoplight. This label is similar to some labelattare being used in the United
Kingdom (Food Standards Agency, 2009). The wordhRMING” in the second
warning label is displayed in red letters in theuatsurvey. This warning label is
similar to the warning labels on cigarette packagdsese warning labels are
completely made up. They are fictional and doawtially have anything to do

with Health Canada; this is clearly stated on #st page of the survey.

40



. 2o ) WARNING

Excessive consumption

This product is of this product may lead
high in fat. It has to obesity and associated
been taxed due to health problems.

its less healthy

nutritional content. This product has been taxed due to
its less healthy nutritional content.
Health Canada

Health Canada

Figure 3-1 Made-up warning labelsthat aretested in the survey. (a) Left, red light style
warning label. (b) Right, cigar ette package style warning label.

In order to validate the survey instrument, three&campus pretests were
conducted — on January 28, February 7, and Mar2B@. These were carried
out in undergraduate classes where the studenthbagption to not participate.
Classes ranged in size form 20 to 80. The infonatollected in these pretests
was used to figure out which price levels shouldiged and to give us some
insight on how students were responding to the ingrabels.

An in-store pretest was conducted on June 17, 2808l survey with 60
respondents was conducted at a Save On Foods ioriEdm The surveys were
coded into mod_survey on a main laptop and fivellemalamshell” computers
(described below) were linked to its network. Paeticipants sat down at one of
the five clamshells and answered the questionb®internet Explorer. The
purpose of this pretest was to make sure all thigpetent was working properly
and to be able to gather some data for a prelipiaaalysis to make sure
everything was working okay. This pretest providedhe interesting preliminary

results. One of these results is that BMI wascdiffig price and warning label
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sensitivity. Based on this pretest, a final adnesit to the price levels were made

before beginning the final data collection.

Figure 3-2 Clamshell computer.

Clamshell computers are small, touch-screen coenputA stylus is used
to touch the screen to navigate. Using severtiede is a convenient way to
collect data because they are light and compadtingahem very portable.

Also, they can be used to fill out surveys usingiod_survey program so data
do not have to be entered manually. The touchesanature of these computers
makes them easy to use for most people. The clllastsed in this study were

purchased with a grant received by Vic Adamowicnfithe Canada Foundation

for Innovation.
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3.4.2 Final Data Collection
For the actual data collection, surveys were cotetliat eight

supermarkets across Alberta, Canada. The clamsshkete brought into the
supermarkets and set up on a table. A large bdahateread “University of
Alberta Snack Food Survey” was displayed along wimall poster advertising
a $10 gift card for filling out a 10-20 minute sayv This data collection method
was repeated in eight different supermarkets iy dotl August, 2008.

Detailed descriptions of each location can be faarntable 3-2. The
author and a research assistant were presentsiesl| one recruiting while the
other helped participants with the survey. Theest@elected were supermarkets
that are targeted to the general public (i.e. ngh lend, organic, or ethnic
supermarkets). Permission to conduct the stu@gaah store was obtained by
speaking to the store manager over the phone. d#&tion lasted 6 hours in
each location from 11:00 am to 5:00 pm or untikG@veys were filled out —

whichever came first. These surveys were condumedeekdays.
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Table 3-2 Data collection locations.

L ocation Supermarket Population of Number of
City/Town participants

St. Albert Save On Foods 58 501 50
Lacombe Co-Op 11 562 52
Brooks IGA 13 581 50
Medicine Hat Co-Op 60 496 50
Lethbridge IGA 83 960 58
Edmonton Save On Foods 752 412 60
(Kingsway)

Edmonton Save On Foods 752 412 50
(Namao)

Spruce Grove IGA 19 496 41

a. 2008 municipal census. Source: http://www.stédbea/
b. 2007 municipal census. Source: http://www.lacerod/
c. Source: http://www.brooks.ca

d. Source: http://www.medicinehat.ca
e. 2008 municipal census. Source: http://www.lettd®.ca/
f. 2008 municipal census. Source: http://www.edroorda/
g. 2006. Source: http://www.sprucegrove.org/
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Chapter 4. Analysis and Results

4.1 Descriptive Results
This survey was targeted towards people who bagegres. Since data

were collected only during daytime hours on weekd#ye sample consisted of
people who were most likely to be at a groceryestdrthat time. There were 364
people surveyed. The descriptive statistics ferfthal set of data were calculated

using SPSS 14.0 (SPSS 14.0, 2005). The results deble 4-1.

Table 4-1 Selected Descriptive Statistics

M ean Min M ax Std. Dev
FEMALE .79 0 1 .408
AGE 48.028 18 81 14.046
HOUSE 2.78 1 7 1.288
CHILDREN | .71 0 5 1.049
SCHOOL 13.882 0 19.0 2.6593
INCOME 62608.069 5000.00] 105000.00 31820.683
BMI 26.451 15.96 47.19 4.899

78 percent of the sample is female. H@USE variable is how many
people live in the participant’s household &tdl LDREN is how many people
under the age of 18 years live in the householie SCHOOL variable is
approximately how many years of school the parictghas taken starting from
Grade 1. If the respondent indicated that theyel@mpleted grad school, they
were assigned 19 years of school as an estinB€OME is reported as annual
household income. It was split into categories asiced in a multiple choice
guestion. The midpoint of their corresponding gatg was used in the analysis
as their income, unless they chose the highestriramategory ($100 000 or

more). In this case, an estimate of $105 000 wesd as their incomeBM| was
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calculated based on self-reported height and weiging the formula
weight(kg)/heighfiim?). For a complete list of descriptive statistiosia
correlations, see the Appendix D.

A quick summary of the choice experiment resultg,taking any
attributes or demographic variables into accouant, lwe found in Table 4-2. The
values reported in the right column are marketeshé&he market is considered to
be all products chosen and the “none” option). é&@mple, a value of 0.05 for
Cheetos means that 5 percent of the choices madetavbuy Cheetos. Choosing
to buy neither product is considered a choice ennttarket. The healthier
products are chosen much more than the less hgalbdycts. The “none” option

is chosen about 22 percent of the time.

Table 4-2 Summary of products chosen.

Product Number of Market share
timeschosen | from all data
Cheetos 151 0.051854
£ Lays 225 0.077266
¥ <G| Doritos 192 0.065934
[GRN]
— <| Dutch Crunch | 168 0.057692
= Rold Gold 341 0.117102
(D)
= Baked Lays 419 0.143887
< | Sunchips 429 0.147321
T Baked Doritos | 349 0.119849
None 638 0.219093
Total 2912 1

Before getting into any econometric models, possible to do a quick
analysis of the effect of each warning label byrigla look at the data for the less
healthy products. For each label scenario, i.avauning label, the red light style

warning label, and the cigarette package style ingriabel, the proportion that
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each product is chosen can be calculated by diyithia number of times it is
chosen by the number of times it is an option. |§4db3 reports these
proportions. The significance level of each wagrebel for each product is
reported in parentheses. These are calculatedtimgaging a logit regression for
each product with a dummy variable for choosing gmaduct as the dependant
variable and with a dummy variable for each warnaigel and a constant as the
right hand side variables. The significance ofheaarning label dummy variable
is reported as the significance of its correspoggiroduct and warning label in
Table 4-3, so they represent how significantlyet#ht the proportion chosen
with the warning label is different from the propon chosen without. The
results show that smaller proportions of each pcodiere chosen when they
displayed a red light warning label than when theye unlabelled. The cigarette
package style warning label has a surprising effempposite to what may be
expected. For all products except for Doritoshkigproportions were chosen
when they displayed the cigarette package styl@wagiabel than when they
were unlabeled. From this preliminary analysisegms that the red light style
warning labels are effective at decreasing consiampibut people are more likely
to buy a product if it has the cigarette style viagriabel. The different wording
of the warning labels might be the reason for difference. The cigarette
package style warning label says “excessive” comsiom leads to obesity and
problems, so people might justify buying a modeeat®unt of these products.
The red light style warning label highlights thglnifat content of the product.

People might respond more to this information tteathe warnings about
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diseases on the cigarette style warning label® €eftects of these warning labels
will be further explored with econometric modelglammulations later in this

chapter.

Table 4-3 Proportion of each less healthy product chosen with and without war ning labels
(Significance in parentheses).

Product No warning Warning label 1 (red | Warning label 2
label light) (cigar ette package)
Cheetos 0.1709 0.1523 0.2910
(0..605) (0.006)
Lays 0.3333 0.2400 0.3731
(0.030) (0.402)
Doritos 0.3688 0.1711 0.3068
(0.000) (0.189)
Dutch 0.2284 0.1921 0.2765
Crunch (0.356) (0.271)

4.2 MNL Model Estimation Results
All MNL models were estimated using LIMDEP (Greg8608). Results

from a simple model are shown in Table 4-4. Tliehand side is a dummy
variable for if the product was chosen. The exgiary variables are price,
dummy variables for the presence of each type ofhiwvg label, an interaction
term between price and each warning label, and duwanables for each
product except for Baked Doritos, which is the refiee group. A base model
(alternative specific constants only) is estimatedrder to calculate model
significance. The base model has a log likelihfuoittion of -3107.153. The
overall model significance can be tested by conmgattie estimated model’s log
likelihood functionwith the log likelihood of the base model usindL4.

(Hensher, Rose, and Greene 2005, p. 330).
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'2(|—|-base modet™ I—|—estimated mod}l

2
~ X (number of new parameters estimated in the estimatlel) (4- 1)

Based on the -2LL test, the null hypothesis thatdpecified model is not
better than the comparison model is rejected; thdahis significant at the 5%
level. Apseudo-Rcan be calculated using the following formula (isteer,
Rose, and Green 2005, p. 337):

R = 1 — LLesimated moddl-L Base model (4.2)

In this case, thpseudo-R= 0.0649..

Table 4-4 Simple MNL model estimation results.

Variable Coefficient Standard PlIZ|>z]
Error

PRI CE -.2062 .0834 .0134
WARNING1 -.8116 .2394 .0007
WARNING2 .0925 .2100 .6597
PW1 .2433 .1625 1343
PW2 .0763 1415 .5898
CHEETOS -.8000 .1469 .0000
LAYS -.2113 1423 1375
DORITOS -.3646 1301 .0051
DUTCH -.6784 1462 .0000
ROLD -.1756 1246 .1588
BLAYS 2113 1278 .0622
SUNCHIPS 4148 1137 .0003
ASCC -1.031 .1690 .0000
Log likelihood function -2905319

Dependant variabléZHOI CE

The coefficient on price is negative and significas expected. Also as
expected, the coefficient on the red light styleng label is negative and
significant. The cigarette package style warnatgel does not show a significant

effect. There appears to be no significant coieffits on the interaction terms
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between price and each warning label. People lgast likely to choose Cheetos
and Dutch Crunch. Sunchips and Baked Lays werentist preferred.

The simple model does not control for demographit health variables.
In order to include these variables in the modgihesdion, they are interacted
with price or one of the warning label dummy vakésh For each demographic
or health variable, three interaction terms weeatad: the interaction with price,
the dummy variable for the first warning label, ahd dummy variable for the
second warning label. A model including every dgraphic and health variable
interaction was run and all variables with insigraht coefficients were left out
of the model estimation. The final result is shawiTable 4-6 and the variable
descriptions are found in Table 4-5. The -2LL wsthis model shows that this
model does have overall significance. Using (4t®pseudo-Rof this model is
0.1763. Theseudo-Ris directly related to thB? of a linear regression model
(cited by Hensher, Rose, and Greene 2005, p. 388his case, thpseudo-R of
0.1763 can be mapped to Bhof approximately 0.45. This value is estimated

just by observing the graph on page 228 of Henstase, and Greene (2005).
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Table 4-5 Variable descriptions.

Variable

CHOICE = 1 if product is chosen, 0 otherwise

PRICE price of product ($)

WARNING1 = 1 if red light style warning label is presenptBerwise

WARNING2 =1 if cigarette package style warning label issprd, O
otherwise

PW1 price and warningl interaction term

PW2 price and warning2 interaction term

CHEETOS = 1 if product is Cheetos, 0 otherwise

LAYS =1 if product is Lays, O otherwise

DORITOS = 1 if product is Doritos, 0 otherwise

DUTCH = 1 if product is Dutch Crunch, 0 otherwise

ROLD =1 if product is Rold Gold pretzels, 0 otherwise

BLAYS = 1 if product is Baked Lays, 0 otherwise

SUNCHIPS = 1 if product is Sunchips, 0 otherwise

BMI*PRICE BMI and price interaction term

INCOME*PRICE | income and price interaction term

AGE*PRICE age and price interaction term

CHANCE*W1 chance score (MHLC scale) and warningl interaction
term

EDU*W1 education (years) and warningl interaction term

EDU*W?2 education (years) and warning2 interaction term

FEMALE*PRICE

female (=1 if female, O otherwise) and price intéin
term

LABELR*W1 label reader (=1 if read label always or more oftean
not, 0 otherwise) and warningl interaction term
LABELR*W2 label reader (=1 if read label always or more oftean
not, 0 otherwise) and warning2 interaction term
ASCC alternative specific constant
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Table 4-6 MNL model estimation results.

Variable Coefficient Standard Error | P[|Z]>Z]
PRICE 0.605176 0.233578 0.0096
WARNING1 0.383624 0.561189 0.4942
WARNING2 1.951363 0.4532 0.0000
PW1 0.268902 0.178324 0.1316
PW2 0.047553 0.152211 0.7547
CHEETOS -0.90823 0.157797 0.000
LAYS -0.26364 0.152659 0.0842
DORITOS -0.37948 0.138995 0.0063
DUTCH -0.71819 0.155753 0.000
ROLD -0.1712 0.132768 0.1972
BLAYS 0.228036 0.135865 0.0933
SUNCHIPS 0.419365 0.121562 0.0006
BMI*PRICE 0.019258 0.006591 0.0035
INCOME*PRICE | -0.02886 0.010012 0.0039
AGE*PRICE -0.01999 0.002358 0.000
CHANCE*W1 0.031632 0.013662 0.0206
EDU*W1 -0.08222 0.02689 0.0022
EDU*W2 -0.09328 0.028239 0.001
FEMALE*PRICE | -0.23536 0.080815 0.0036
LABELR*W1 -0.67431 0.182857 0.0002
LABELR*W?2 -0.73471 0.158905 0.000
ASCC -1.04886 0.180481 0.000
Log likelihood function -2559.329

Dependant variabléZHOI CE

In this expanded mod&RI CE, WARNING1, andPW?2 turn out to have
insignificant coefficients. However, since prigedavarning labels are interacted
with demographics and health questions in the mibdehard to interpret their
effect. This is because their total effect incliday interaction terms that they
are included in. The MNL model estimation revealportant interactions

between various demographic or health variablespaicd or warning labels.

4.2.1 Body Mass Index and Price
As shown in the MNL model estimation, the inteimcterm between

BMI and price BMI*PRICE, is positive and significant. This predicts that

people with higher BMIs are less sensitive to pri¢dey are more likely to

52



choose the higher priced items. There was nofgigni interaction between
BMI and warning labels. This could pose a potémtiablem, since those with
high BMIs would be the target population for a wagnlabel intervention with
the goal of discouraging unhealthy eating hab#scording to this model, those
with lower BMIs will be more likely to avoid highgriced items, so if a tax on
junk food was implemented it would more stronglieaf those who are less
likely to actually need to decrease their junk f@eetsumption to maintain their

weight and health.

4.2.2 Household Income and Price
The coefficient ot NCOME* PRI CE is negative, so the households with

higher incomes are more sensitive to price. Téssilt is counterintuitive since it
is expected that those with lower income would Hags money so they would be
more careful with the money they do have, and tbezeanore sensitive than
price. However, the data shows that those witrelawcome households are less
sensitive to price and more likely to buy the higheced snacks. It is not
possible from the analysis to explain why thishis tase, but a possible
explanation is that lower income households areentikely to buy a cheap snack
food product even if its price is a bit more expeashan usual while higher
income households might not see that snack as segesince they can substitute
it with different snacks that are at a much higbréce level, such as cheese and
specialty crackers. Studies have reported thaeroalorie dense foods tend to be
cheaper than foods with lower caloric density (Casth Lacanilao, 2007,

Drewnowski and Specter, 2004). Lower income hoolsishmay be more likely
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to buy cheap snacks because they do not cost nmacthay are high in calories;
they can be considered an inferior good. Thisltasiggests that the tax would
be regressive, since the higher income househalbseegpond more to price
interventions by decreasing how much snack fooey tiuy. Lower income
households would not respond as much to the pnmease and would end up

paying more of the tax.

4.2.3 Age and Price
Since the coefficient oAGE* PRI CE is positive, the model is predicting

that older people are more sensitive to price.s Tould be because older people
are more likely to be careful with their money vejlounger people might be

more likely to buy what they want despite a smetedifference.

4.2.4 MHLC Scale
The MHLC scale was used in order to measure tteneihat each

participant believes his or her health is contblbg their own choices and
actions. Attitudes and beliefs as well as feeliofyself-control are important
psychological influences on food choice (Drapef®0 Those who score high in
the “internal” category believe that they are imizol of their health, so they are
expected to react more to warning labels. Those sgore high in the “chance”
or “powerful others” believe that their health stekmined by chance or by the
actions of others (family, friends, health caref@ssionals), so they are expected
to react less to warning labels.

To make sure that the scale was working for thepsana test of internal

validity was run using SPSS (SPSS 14.0, 2005).nl@éxch’s alpha values for
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internal, chance, and powerful others were .825),.@nd .752 respectively.
These are favorable values that do not show arlylgmes with the internal
validity of the scales for the sample.

Surprisingly, the variables for the internal anavpdul others categories
are not significant in this model estimation. Apected CHANCE*WL1 is
positive. Those who have a higher chance scotbe@MHLC scale are more
likely to choose products that display the redtligfiyle warning label. They may
be more likely to believe that their level of h&akill be determined independent
of whether or not they eat something unhealthycesthey believe so much of

their health is determined by chance.

4.2.5 Education and Warning Labels
Since the interaction terms between educatioreactl warning label

(EDU*W1 andEDU*W?2) are both negative, the MNL model estimation répor
that the people with higher education were morelyiko avoid products
displaying one of the warning labels. Accordin@@per (2005), psychological
influences, including knowledge, can be one ofrttaén contributors to food
choice. Knowledge affects attitude, which affdmsaviour. In this case, those
with higher educations have more knowledge aboailtlneso their attitudes may
be generally more accepting of a healthy lifestyfiéerefore, a warning label

pointing out that a food is less healthy may disage their decision to buy it.
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4.2.6 Gender and Price
The negative coefficient dREMALE* PRICE indicates that females are

more sensitive to price and so are more likelynoose cheaper products and

avoid the more expensive products.

4.2.7 Label Readers and Warning Labels
As expected, there are negative coefficients ferniteractions between

the label reader dummy variable and each warnipgl Bummy variable. Those
who read Nutrition Facts labels on their product®fe often than not” or
“almost always” (as worded in the survey) are nlikedy to avoid products with
warning labels than those who read Nutrition Féadigls “rarely” or “never”.

This is likely because people who read NutritiontBdabels regularly are more
concerned with their health, so they will be aféetby the message on the
warning label. Also, there is a better chanceonfi@one actually noticing a
warning label if they usually take the time to Idok and read the Nutrition Facts

label.

4.2.8 Alternative Specific Constant

The alternative specific consta®tSCC) represents the utility of choosing
the “none” option. The higher this number is, there likely the “none” option is
chosen. The “none” option is predicted to be chasleen the utility of choosing

either option is less than alternative specificstant.
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4.2.9 Urban vs. Rural

A dummy variablelJRBAN, was created by assigning a 1 to surveys
conducted in Edmonton and surrounding areas anotlaedwise. Although the
dummy variable turned out significant, includingnitthe regression caused
several of the other demographic variables to fbs# significance. A logit
regression predictinggRBAN as a function of the other demographic variables
suggests that includindRBAN in the MNL regression is causing
multicollinearity. The logit regression shows tBM I, INCOME,, SCHOOL,
CHANCE, andLABELR all significantly explailJRBAN (Table 4-7). For this
reasonlJRBAN is left out of the MNL model estimation. It is @resting that
those who live in and around Edmonton read lalelsigch more than those who
live in the smaller cities and towns. The reasamo why those in the bigger city
read labels more often can not be directly obsefiad this analysis. A possible
explanation is that there is lots of media beirgirdbuted all over the urban areas
in the form of free newspapers and magazines. ithutis becoming a hot topic
in the media and those who live in big cities mayntore likely to be exposed to
the media, so they may be more conscious of haatiimore likely to read

nutrition labels on their food.
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Table 4-7 Logit regression.

Coefficient P[|1Z]>Z]

BMI .024 .000
INCOME 113 .000
SCHOOL .030 .001
FEMALE .009 .879
AGE -.003 120
CHANCE .019 .000
LABELR 447 .000
Constant -2.366 .000
-2LL 10 608.170

Cox & Snell R Square 0.045

Nagelkerke R Square 0.060

Dependant variableJRBAN

4.2.10 Sequencing
The experimental design was set up in such a watyntlade it possible to

determine whether people responded differentlyaowng labels if they were
presented in the first half of the survey or theosel half of the survey. This
could be used to detect any learning that mightiodaring the survey process.
For example, by the last half of the survey peopés know which products they
like and stop paying as much attention to pricevaming labels.

In order to test for sequencing, dummy variablegHe last five questions
were created. They were then interacted with mrokeach warning label. None
of these interaction terms turned out significartha 5 percent level of

significance, so the data do not show evidencégoificant sequencing.

4.2.11 Grams of Fat
Although the nutrition facts panel is providedsinhot included in the

main analysis. The product dummy variables ard ts¢ake all the differences
between the products into account, including thetritional facts. However, it
may be that people look at how many grams of fatetlare per serving and take
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that into account when making a decision on whatlpet to buy. In order to test
this, the product dummy variables are replaced wilariable for how many
grams of fat are in a product is used in the med#emation.

The coefficient on the variable for grams of fat dot turn out significant
in any of the model specifications. Therefore,higpothesis that people look
base their decisions on how many grams of fat thexger serving is rejected for
this sample. This suggests that people are agtiaalking at brands and that their
choices are not related to how much fat is in @pcd Their decisions might be

based on brand loyalty or on their taste prefer&nce

4.2.12 Price Premium of Warning Label
Willingness to pay can be calculated if the vdeadf interest and the

price variable are both significant (Hensher, Rasel Greene, 2005, p. 359). In
order to calculate the price premium for the retitlistyle warning label, the
simple MNL model estimation or the MNL model esttioa shown in Table 4-8
(used for the hypothetical market in the next sejtcan be used. Following
along same lines as Hensher, Rose, and Greene)(200%price premium for the
cigarette package warning label can be calculaiethfs data by taking the
negativeWARNING2 divided by the coefficient dPRICE in the appropriate
MNL model estimations (where both are significant).

For the simple MNL estimation and for the MNL moedstimation shown
in Table 4-8, the price premium for the red ligtyles warning label is calculated
as -$3.94 and -$4.36 respectively. This is a megatice premium, so a product

is worth about $4 more to a person if it has nonivay label when compared to a
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product that has one. This seems like a big vialuesince people had small price
sensitivity, a big price premium is needed in ordeactually make a noticeable
difference in behaviour. Adding a warning labehatproduct has the same effect
on consumer behaviour as raising its price by aBdutThis is a huge price
increase for such a cheap product, so this showggneatly effective the red
light style warning label is at reducing consumptwehen compared to raising
price.
4.2.13 Price thresholds

There is a possibility that price thresholds exReople might only
respond to price if it is within a certain rangecompletely be deterred from
buying a product at a certain price. If the effeicprice on choice is not linear, it
would not be accurately expressed with a singldicoous variable. In order to
test if price thresholds might exist, dummy varesbior the price levels used in
the choice experiment were used in the regressistsad oPRICE. The
dummy variables were not significant in any of specifications tested, so price

thresholds are not observed in this data.
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4.3 Hypothetical market results

4.3.1 Setting up the Hypothetical Market
A hypothetical market of all eight products usedhis study was set up

on an Excel spreadsheet in order to simulate wbatdvhappen given different
scenarios (Microsoft® OfficeExcel, 2003). By changgprices, marginal effects
and elasticities for each product can be calculafddo, simulations can be set
up so that reactions to warning labels can be @bderSituations involving
people with different BMIs or household incomes barsimulated and the
difference in their product choice can be calculate

For the purposes of the simulation, the MNL matedwn earlier was
simplified. Fewer interaction terms were usediheoeffects of price and each
warning label were not as complicated. The modetidfor the hypothetical

market is shown in Table 4-8.
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Table 4-8 MNL model estimation used for the hypothetical market.

Variable Coefficient Standard Error | P[|Z]>Z]
PRICE -0.32715 0.196097 0.0953
WARNING1 -1.42553 0.329569 0.0000
WARNING2 0.114695* 0.221183 0.6041
PW1 0.280674* 0.172416 0.1035
PW2 0.074054* 0.149058 0.6193
CHEETOS -0.8671 0.155212 0.0000
LAYS -0.25104 0.150172 0.0946
DORITOS -0.38111 0.137139 0.0055
DUTCH -0.72685 0.15397 0.0000
ROLD -0.16474* 0.13096 0.2084
BLAYS 0.225294 0.133976 0.0926
SUNCHIPS 0.426291 0.119401 0.0004
BMI*PRICE 0.010223 0.006205 0.0995
CHANCE*W1 0.040864 0.012791 0.0014
INCOME*PRICE | -0.02488 0.009561 0.0093
ASC -1.00363 0.177598 0.0000
Log likelihood function -2652.075

*These coefficients are not significant at the 18%l so in the hypothetical market zeros are usebldir
place.

The MNL model used for the hypothetical marketuded the same
variables as the simple MNL model shown in Table #ut the interaction terms
betweerPRICE andBMI as well a3 NCOME were included. The interaction
term between CHANCE and WARNING1 was also includ&éde MNL equation
(3.4) is used to calculate the market share of pamtiuct. The setup of the
spreadsheet can be found in the Appendix E.

Initially, the hypothetical market is set up likee@nding machine where
each product costs $1.25 and there are no labélamrage BMI (26.451),
income ($62 608.069) and chance score (15.93)sa@ in the simulation. With
this set-up, the probability of choice values, market shares, of each product,
are calculated as reported in the first columnwhhbers in Table 4-9. These are

reported as decimals so, for example, a 5 percartehshare would be reported
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as 0.05, and the total of all probability valued v 1. Figure 4-1a (left) shows

the difference between the initial market share thechew market share given the

interventions simulated in the last three columihable 4-9.

Table 4-9 Probability of choice (market shares) of each product given different price and
war ning label scenarios.

Product Initial Warning Increased | Increased
mar ket labelson less | price of price by $1
share (no healthy less and war ning
labels, products healthy labelson less
original products healthy
price) by $1 products
Cheetos 0.055089 0.030494 0.047358 0.025493
o | Lays 0.102005 0.056463 0.08768 0.047204
"= Doritos 0.089563 0.049576 0.076986 0.041447
$ 8 | Dutch
- < Crunch 0.063384 0.035085 0.054483 0.029332
Rold Gold 0.131113 0.157417 0.139386 0.162765
@ Baked Lays | 0.164244 0.197195 0.174608 0.203895
= Sunchips 0.200808 0.241095 0.213479 0.249286
S Baked
- Doritos 0.131113 0.157417 0.139386 0.162765
None 0.062681 0.075257 0.066637 0.077814
Total 1 1 1 1
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4.3.2 Effect of Warning Label on Choice
The effect of adding a warning label to the lesslthg products is shown

in Table 4-9. The red light style warning labeuged for this simulation, since
the cigarette style warning label’s coefficienhd significant. The share of each
less healthy product is lowered drastically (bywthmne half) while the share of
each healthier product is increased. For exanipdeshare of Lays decreases
from 10.20 percent to 5.65 percent while the sbaaked Lays increases from
16.42 percent to 19.72 percent. The white baFsgare 4-1a show the difference
between the initial probabilities and the probaiedi after a warning label is

applied to the less healthy products.

4.3.3 Effect of Price on Choice
The effect of increasing the price of the less thggbroducts by $1 is also

simulated. Increasing the price by $1 is quiteastic increase in price, since the
initial value is only $1.25, so raising it to $2.85an 80 percent increase in price.
Even though this is a very large price changestiaes are not affected nearly as
much as when the warning labels were applied.ekample, the share of Lays
goes from 10.20 percent to 8.77 percent while bizeesof Baked Lays goes from
16.42 percent to 17.46 percent. The lighter giarg In Figure 4-1a show the
difference between the market shares in the irstatle and the market shares
after a price intervention. These bars are mudlenthan the white bars
representing the change after the warning labehrention.

The combined effect of increasing price by $1 atdireg a warning label

to the less healthy products is also simulatedrapdrted in Table 4-9.
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Increasing price and adding a warning label astrae time discouraged
consumption of the less healthy products the mudteacouraged consumption
of the healthier products the most. Although stam#ously increasing price and
adding a warning label was more effective thanegitly itself, there does not
seem to be a synergistic effect from doing thethatsame time.

With the interventions, people are still choosiadtly snacks. The share
of people choosing “none” is barely increased leyittterventions. It should be
noted that each coefficient used in the simulascssociated with its own
confidence interval, so the small changes in maskates due to price might not

be significant.

4.3.4 High BMI Simulation
To simulate how a person with a higher BMI wowddpond to warning

labels and price changes, the same scenario asaeépo Table 4-9 is repeated
except instead of using the average BMI, a BMI®isBused. A BMI of 35 is
considered obese. The results of this simulatierrgported in Table 4-10. The
changes from the initial state given the diffenemte and warning label scenarios

are shown in Figure 4.1b (right).
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Table 4-10 Probability of choice (market shares) of each product for different priceand
war ning label scenariosfor an obese individual (BM1=35) .

Product Initial Warning | Increased | Increased
market labelson | price of price by $1
share(no | less less and warning
labels, healthy | healthy labelson less
original products | products healthy
price) by $1 products

- Cheetos 0.055449| 0.030733 0.050792 0.027682

nE Lays 0.102671 | 0.056906 0.094048 0.051256

¢ & | Doritos 0.090148 | 0.049965 0.082577 0.045005

— <= | Dutch Crunch 0.063798| 0.03536 0.05844 0.03185

o Rold Gold 0.131969| 0.158653 0.136997 0.161947

£ Baked Lays 0.165316/ 0.198743 0.171614 0.20287

S Sunchips 0.202119| 0.242988 0.209819 0.248033

L Baked Doritos | 0.131969| 0.1586%3 0.136997 0.161947

None 0.056561| 0.067998 0.058716 0.06941
Total 1 1 1 1

The simulation predicted that people who have a BM35 would not be

very sensitive to price at all. A huge increasprice from $1.25 to $2.25 only

ever affected the probability of choosing somettbgdess than 1 percent. Given

that each of these is an estimate based on cegffscwithin a certain confidence

interval, it is likely that none of these small olgas are significantly different

than zero. The warning label remained effectieerdasing the probabilities of

choosing the less healthy options by almost onkedmal increasing the

probability of choosing the healthier options bfgwa percent. When a warning

label is present, increasing the price of the lessdthy products by $1 further

decreased their market shares by less than 1 pesceinis likely that this

additional decrease in market shares is not stailst significant.
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Figure 4-2 Differencein probability of choosing each product after an increasein price of
less healthy products by $1 at different BM| levels.

Figure 4-2 shows how people are predicted to ree&tprice increase of
less healthy products by $1 at three different BwEls. Generally, people in
this study did not respond very much to price. &fiect of price becomes even
smaller as BMI becomes larger. This result is wvergortant for policy makers.
This simulation predicts that a price increasehefless healthy products by $1
would affect the probabilities of choosing any prodby less than 1 percent for a
person with a BMI of 35. Since decreasing consuonptf high calorie foods
would benefit the high BMI people the most, increggprice does not seem like a
good strategy, since it will not really affect cangption. However, a warning

label saying that the less healthy product is tax®tiwhy would be an effective
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way for people of all BMI levels to decrease tlensumption of these products.
Given the current analysis, it is not possibledtednine what components of the
warning label are stigmatizing. It could be thevrmation that the product is
high in fat, the warning that the product has lesalthy nutritional content, the

information about the tax, or a combination of thes

4.3.5 Marginal Effects and Elasticities
The simulation framework is used to calculate nreabeffects and

elasticities. The model estimation described ibl&&-8 was used for these
simulations and the average BMI, chance scorejranuine are used.

The marginal effect is the change in probabilitg doia 1 unit change in a
variable of interest. In this case, the varialilenterest is price. The marginal
effect is calculated by observing the probabiliaés given price, increasing the
price by $1, observing the new probabilities, aaldrtg the difference. The price
range in this study is from $0.5 to $2, so the podht is $1.25. To center the
price change on this mid point, each product st&r0.75. For the simulation,
there are no warning labels and the average BMirrame are used. The
results of this simulation are in Table 4-11. Pebabilities when price is
increased by $1 are calculated by raising the midhe product of interest and
leaving all other products at $0.75. A raise ilc@of $1 lowered the probability
of buying that product by anywhere from about Icpat to 3 percent. Sunchips
and Baked lays were the most affected. This isrg small change in

probabilities, since a $1 change in price is a i#agtic change.
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Table 4-11 Calculating mar ginal effects using the ssmulation framework.

Product Initial Probability Direct
probabilities | when price mar ginal
(price=$.75) | increased by effect
$1
Cheetos 0.05544 0.045307 -0.01013
Lays 0.102653 0.084664 -0.01799
Doritos 0.090133 0.074157 -0.01598
Dutch Crunch | 0.063787 0.052213 -0.01157
Rold Gold 0.131946 0.10945 -0.0225
Baked Lays | 0.165288 0.138011 -0.02728
Sunchips 0.202085 0.169972 -0.03211
Baked Doritos | 0.131946 0.10945 -0.0225

An elasticity is the percent change in probabtlitie to a one percent
increase in the variable of interest. To calculatedirect price elasticity of each
product, a simulation similar to the one used fargmal effects was set up, but
the initial price of each product was $1.25. Theeof a less healthy product
was then raised by 1 percent to $1.2625, and tiepdrcentage change in
probability was calculated. This was repeatecefarh product.

The elasticities are reported in the last coluhable 4-12. These are
calculated for the average BMI and income and witivearning labels. The own
price elasticity of each product ranges from -02¢8-0.2048. As expected, the
elasticities are negative, since a higher pricema@alower probability of getting
chosen. Also, as expected, the absolute valugsdlasticities are less than one.
An elasticity less than one is considered to btasti, i.e. the price changes a lot
but the demand changes very little. This is exgeftom most food products,
since they are generally inexpensive, some peae ktrong taste preferences,
and because people need food to live. These sesmgiiee with the simulations

from Table 4-9, in which a large change in priog ot affect the market shares

70



very much; therefore, the products are price inelag axing inelastic goods may
be a good strategy to generate revenue, but dtiamefficient way to give

disincentive to the consumption of that good.

Table 4-12 Calculating elagticities using the simulation framework.

Product Initial Probability Elasticity
probabilities | when price (Per cent
(price=$1.25) | increased by 1 | changein
per cent probability)
Cheetos 0.055089 0.054951 -0.2505
Lays 0.102005 0.101762 -0.23822
Doritos 0.089563 0.089347 -0.24117
Dutch Crunch| 0.063384 0.063226 -0.24927
Rold Gold 0.131113 0.13081 -0.2311
Baked Lays | 0.164244 0.163879 -0.22223
Sunchips 0.200808 0.200382 -0.21214
Baked 0.13081
Doritos 0.131113 -0.2311

4.4 Latent class model estimation results
A latent class model estimation based on MNL edus order to get an

interpretation for the price variable, the warniagel variables, and the
interactions between them while taking demographit health variables into
account. Models with 2, 3, and 4 classes werenastid using LIMDEP 9.0
(Greene, 2008). Comparing the standard measukKCoBIC, and HQIC did
not show that any model estimations was clearhyb#tst, and any differences
were small. For example, the HQIC suggested ttehtodel estimation with 3
classes was probably the best fit while the AlCgasged the model estimation
with 4 classes was favourable. The model estimatith 3 classes was chosen

as the final model because the several coefficierttse class probability
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estimates show the most significance in this medgmation, and each class was
unique in their product preferences, they way ttesponded to price, and the
way they responded to warning labels. Their ytpidrameter estimates are in

Table 4-13 and their class probability estimatesraported in Table 4-14.

Table 4-13 L atent class model utility parameter estimation results. Dependant variable:
CHOICE

Class

Class 1 Class 2 Class 3
Variables | Coeff. S.E. Coeff. SE. Coeff. S.E.
ASCC -2.62528 0.50856** -3.60972 0.30764%* 0.48252]L @25
PRICE -0.17227 0.24100 -0.28239 0.14133F* -0.37206 0.1685
WARN1 -1.41022 0.51090** -0.5491 0.38944 -0.36149 0.31556
WARN2 -0.01329 0.50399 0.011653 0.28490 0.100851 0.31977
PW1 1.08474 0.36324** -0.47403 0.284271 -0.1125% 0.2269
PW2 0.461743 0.34936 -0.07524 0.19730 -0.238719 0.24864
CHEETOS | -0.49152 0.37056 -1.52673 0.21544r* -0.59308 0.8109
LAYS -0.36472 0.36712 -0.77524 0.19051r* 0.696612 0.8358
DORITOS | -0.03250 0.31593 -0.68981 0.156661* -0.11206 0.2084

DUTCH
CRUNCH | -0.54409 | 0.35524 -0.89348| 0.19061}* -0.8584p  0.25382
ROLD

GOLD -1.18705 0.39334** -0.48811 0.18658%1* 0.54571p (A26**
BAKED

LAYS -0.31488 0.36254 0.1235779  0.20089 0.796396  0.15644*
SUN

CHIPS -0.32753 0.30853 0.757509  0.18780f* 0.86446 0.13712
CLASS .232 391 377

PROBA-

BILITIES

Note: Significance levels of 0.05 and 0.1 are dethdty two and one asteriskg %, ),
respectively.
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Table 4-14 L atent class model class probability estimates.

Variables Class1 Class 2

Coeff. SE. Coeff. S.E.
Constant 1.79938 1.393805 0.808081 0.90779
FEMALE -1.03004 0.432631**| -0.62244| 0.366003%
BMI 0.059949 0.033491* -0.00065| 0.000615
EDUCATION | -0.223520 | 0.079727** -0.0191883 0.059511

Note: Significance levels of 0.05 and 0.1 are detdty two and one
asterisks % *x, %), respectively.

A matrix predicting class membership probabilifi@seach participant
was created. Each person’s predicted class wasl ndthe participants were
separated into three groups by which class theynawst likely to be in. Mean
and standard deviation statistics of each of tigeseps are show in Table 4-15.
The statistics separated by predicted class raiaftire results of the class
probability estimates and give further insight ithie differences between the
classes. Class 3 contains the most females whiles@ has the least. Class 2
and 3 have an average BMI of about 26. Class hlmgher average BMI at

27.9.
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Table 4-15 M ean statistics by predicted most likely class (standard deviation in parenthesis).

Class 1 (n=78) Class 2 (n=144) Class 3
(n=142)
0.65 0.78 0.87
FEMALE (0.479) (0.412) (0.342)
4414 46.74 51.45
AGE (14.171) (13.617) (13.775)
2.95 2.92 2.53
HOUSE (1.485) (1.276) (1.156)
0.95 0.78 51
CHILDREN (1.268) (1.074) (.848)
12.532 14.198 14.303
EDUCATION (3.128) (2.228) (2.568)
56 756.76 61 888.89 66 449.28
INCOME (34 891.539) (31 610.188) (30 074.135)
0.60 a7 0.83
LABELR (0.493) (.422) (0.376)
27.856 25.906 26.179
BMI (6.277) (4.586) (4.143)

The three distinct classes have different tastéepences, react to price
and warning labels in their own way, and are mauefudifferent demographic
groups.

4.4.1 Class 1 — “Warning Label Avoiders”

This class avoids Rold Gold; the coefficients brother product dummy
variables are not significant. Males are morelyike be in this class than the
other two. Also, people with higher BMIs are mbkely to be in this class, as
well as those with lower educations. Members o thass very strongly avoid
products displaying the red light style warningdbbThey are not sensitive to
price on its own, which is expected since the MNadel estimates that males
and people with higher BMIs are less sensitivertoepthan females or people
with lower BMIs. However, the presence of a wagiebel appears to cause

them to prefer higher priced products. This isrtetintuitive since they are more
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likely to choose higher priced products than lopeced products if a warning
label is present. There must be some confoundanghbies that are not taken into

account by this model estimation and it is causimg surprising result.

4.4.2 Class 2 — “Unhealthy Snack Avoiders”
This class consists of people who avoid choosirddhs healthy options,

despite price and whether or not a warning labptésent. Compared to the
reference group (Class 3), females are less likebe in this class. These people
are directly sensitive to price. Members of th&ss do not care about the
warning label directly, but they associate somé aostigma with it. The
interaction term between price and the warningll@®@/1) is negative and
significant, so they are more sensitive to priddé stop light style warning label
is present. For this class only, the fat tax itsak greater behavioural impact

when there is a stigmatizing label present.

4.4.3 Class 3 — “Price Sensitive Class”
Class 3 is unique because they are the only diasstrongly prefers

Lays, and also the only class that prefers RoldlGadhey also prefer Baked Lays
and Sunchips and they strongly avoid Dutch Crumzh@heetos. These people
can be considered to like the simple, classic shaakh as regular chips or
pretzels. Group membership in this class is m&edy if they are females. This
group is sensitive to price; they are more likelghoose cheaper products,
holding all the other right hand side variableshi@ model constant. Their
elasticites compared to the average were simuatddare shown in Table 4-16.

They are about twice as price sensitive as theagegperson in the sample. They
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do not respond directly to the red light style waglabel and there is no
interaction between price and warning label, sgotlesence of the warning label
does not affect their purchasing decision. Theythe only class with a positive
alternative specific constant; they are more likelghoose the “none” option

than the other two classes.

Table 4-16 Elagticities of Class 3 compar ed to aver age elasticities.

Product Average Elasticity Elasticity of Class 3
Cheetos -0.2505 -0.4456

Lays -0.23822 -0.39717

Doritos -0.24117 -0.43071

Dutch Crunch | -0.24927 -0.44989

Rold Gold -0.2311 -0.40654

Baked Lays -0.22223 -0.39015

Sunchips -0.21214 -0.38495

Baked Doritos | -0.2311 -0.43071
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Chapter 5: Conclusions

5.1 Summary of Results
Some people will respond to a tax on junk foodedéntly than others. It

is useful to policy makers to know which demogragioups a fat tax would
actually affect. The MNL model estimation rest®w that a lower BMI is
associated with higher price sensitivity, so adatwould be more effective at
decreasing consumption of junk food for those bi@ate a lower BMI. Thisis a
worrisome finding, since this is not the demograghat should be targeted with
the fat tax in order to be the most effective airdasing the strain on the health
care system. The people with lower BMIs will resganost to a price change,
but they already have low risks of the diseasesceest®d with obesity, so further
decreasing their consumption of junk food might matke a significant difference
to their risk. It is more important to try to gbe people with higher BMIs to
decrease their consumption of junk food because awmall decrease in weight
can significantly decrease their risk of diseassk@Eand Krauss, 1998). On the
other hand, it is not completely pointless to disege those with healthy BMIs to
avoid junk food because this can help prevent them becoming overweight or
obese in the future. The hypothetical market tesiow that even people with
average BMIs do not respond very much to pricegglen a tax on junk food
would not be an effective way to decrease consumpf those less healthy
products.

Another issue is the interaction between inconte@aice. People who

live in households with higher income are more gimesto price for this group of
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products, so they would have more of a responadgda. They would be more
likely to decrease their purchases of the taxel jand. The lower income
people are less sensitive to price, so they are filaly to purchase the junk food
that is taxed. In this way, the tax would be regiee since, more often than not,
the lower income people would be the ones payinditegressive tax is not
favorable.

The MNL model estimation provides limited littlesight as to how
people would respond to a warning label and theraation it would have with
price. It shows that more educated people ancethd® regularly read Nutrition
Facts labels would avoid products displaying a waytabel. A latent class
model is estimated in order to obtain a better tstdading of how a labeling
campaign might be received. It is apparent thatrdd light style warning label
was much more effective than the cigarette packade warning label. One of
the three classes clearly avoid products displathegvarning label. The
hypothetical market results show that the markateshof the less healthy
products were decreased approximately in half Wiighwarning label present.

This study fails to reject the hypothesis thatdxtwould have a greater
behavioural impact with stigmatizing labels presémillingness-to-pay
calculations using MNL estimations showed thatgtesence of the red light
style warning label had an equivalent effect ordpd choice as a price increase
of about $4. The simulations show that the presefi@ stigmatizing warning
label causes people to avoid choosing less hepittducts while the tax alone

has a very small impact on their behaviour. Inseéke people are directly
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avoiding the warning label. While this is the césemost people, the LCM
shows that a group of people, Class 2 (see 4#2)ond more to a fat tax when a
stigmatizing warning label is present. They arecieectly avoiding the warning
label, but they respond more to price if it is @r@s

Another important result from this study is thae type of warning label
matters. The model estimations show that peop&lad the red light style
warning label but did not respond, or reacted ima@expected way, to the

cigarette package style warning label.

5.2 Discussion

5.2.1 Strengths
Using a survey for data collection allows researshe ask specific

demographic and health questions of interest.tdreglata collection is a good
way to find the target group — the grocery shoppéthe household. Also,
setting up the survey on several clam shell conmpwibows for efficient data
collection, since five people were able to fill dné survey at a time. The MNL
model estimation is a great way to analyze whiahafgraphic groups are
sensitive to price or warning labels. It alsoakal incorporation of the “none”
option into the model estimation as the alternasecific constant. The
hypothetical market made it possible to simulatalpct choice probabilities
given several different scenarios. The latentsciasdel estimation was an
interesting way to allow interpretation of the grignd warning label variables, as

well as the interaction between the two, for dégfgrclasses within the sample
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without being confounded by their interaction tenmth demographic and health

variables.

5.2.2 Weaknesses
There is always sample bias when conducting valyrgurveys, since

only those who agree to take the survey will atyuake it, and some groups of
people might be more likely to agree to take aesyor to respond to the $10 gift
card incentive. Since these surveys were condultiedg daytime hours on
weekdays, the people who are more likely to be gimgpat these times make up
much of the sample. This could result in an ovepdang of certain demographic
groups that may not be representative of the ptipalaf interest. Also, since
the purchase simulation is hypothetical, peoplehtnigt act realistically. Since
no money is actually involved, some people mighbig price. This might affect
the results by underestimating the effect thatephias on consumers. Another
issue is that they might choose the healthier prtsdoecause they figure out that
the survey is a health survey based on these walalrels, so they pay special
attention to the unfamiliar warning labels beingtéel. This could result in an
exaggerated response to the warning labels. Idifesaa warning label might
lose some of its effect after it becomes familiar.

The population of interest for this study consddtpeople who buy snack
food. The study is conducted in grocery storesclvmay not be the best place
to get at this population because those who anepshg at grocery stores are
often buying food to be prepared at home for futmesumption. The people

who are buying snacks are more likely to be at ienthachines or convenience
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stores. There is a potential disconnect betweessupermarket setting and the
vending machine scenario. The ideal person ferghidy is someone who buys
shacks often, and this person is more likely téooed searching for snacks by a
vending machine rather than a supermarket.

Another limitation of this study is that it is tidult to see if people are
looking at various nutritional attributes. The gwot dummy variables mask any
effects of individual attributes. Taste is anibtite that is not measured easily,
but it strongly affects food purchasing decisions.

Wansink (2004) identifies several environmentatdes that influence
food consumption. These include lighting, tempaetodor, and noise. The
stated choice exercise in this study ignores tfileances that such factors may

have.

5.2.3 Possible Extensions
Actual market experiments would be an interestiag to get non-

hypothetical responses to prices and warning lab&lgossible way to do this is
to stock vending machines with the products ang&amwith the prices and
warning labels and observe sales. The downsitleifs that it would be
difficult to get any demographic information frotretcustomers.

There are typically vending machines at schootscafeterias where
children, who often have some spending money, calkertheir own decisions
and buy the food products they want. Since preeemf obesity is important,

and obesity in youth is a growing problem, it wobklvaluable to conduct
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similar studies targeted at children to see how tkeepond to price and which
warning labels might be effective for them.

It might also be beneficial to conduct a natiomlevsurvey. People living
in different provinces will likely respond to prichanges and warning labels in

different ways.

5.3 Policy Implications
Policies can be used to help decrease consumgtiessohealthy junk

food, which should result in a healthier populatao less strain on the health
care system. The way people respond to price,imgfabels, and the interaction
between the two is significant to policy makersisistudy gives insight as to
what can be expected from a fat tax as well as vdaaition can be expected from
a warning label pointing out the fat tax.

A tax on less healthy food products would not beffective way to
decrease their consumption so it is not recommefatetiis purpose. A tax
would be able to generate revenue, since consumeptithese products is not
really affected by price. The problem with usinfpgtax to generate revenue is
that it may be regressive. The lower income familvho already spend much of
their income on food might end up paying most ef tix.

A red light style warning label, which points dbat the less healthy food
is taxed and why, would be an effective way to alisage the consumption of
these products. It is more important to tell pedpht the product is taxed than to

actually tax it. Anincrease in price is not evestessary; a label stating that the
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food is taxed because it is less healthy is endogmgnificantly discourage
people from buying that product.

Perhaps the most effective thing to do would badd a stigmatizing label
to the targeted products and then add on a veril tarar even no tax at all.
This way, the labels would decrease how much cfelpgoducts are consumed
while a regressive tax is avoided. This may beféttive way to decrease the
financial strain on the health care system by eraming healthier food choices
without administering a tax that would be paid oYy lower income
households.

These policy recommendations differ from those wtipport a fat tax,
such as Jacobson and Brownell (2000), who recomnaexml soft drinks, candy,
chewing gum, or snack foods in order to raise raedn fund health promotion
programs. The problem with their recommendatiathas these health promotion
programs will be funded by taxes collected mogtyrf low income households,
since this study predicts that a fat tax woulddmgressive. It may be more
effective to promote health in a way that doesimablve taxing food. Boizot-
Szantai and Etilé (2005) recognize that a fat tamld/not influence health very
much and recommend policy targeted at energy exjpeas and nutritional

knowledge instead.
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Appendix A: Example Paper Version of the Survey

Introduction
Thank you for agreeing to take part in this pretest

The purpose of this study is to analyze consumaeur when purchasing snack food.
This pretest serves to help us improve the quastion

As you go through the survey, we ask that you ansaeh question.
Section 1: Usual Snack food purchases

1. What types of snack food products do you usualjy?iBiease check all that
apply

1 Potato chips
1 Corn chips
1 Cheese puffs
) Pretzels
"] Popcorn
1 Chocolate bars
1 Cookies/Crackers
1 Candy (jelly beans, lollipops, etc.)
] lce-cream
1 Others
Please specify

2. How often do you buy snack food products (liste@irestion 1) that you consume
within an hour or purchasé?ease check one only

1 5 or more times per week
12 -4 times per week

13 - 4 times per month

11 -2 times per month

1 Less than 1 time a month
"] Never

3. How often do you buy snack food products (liste@irestions 1) for later
consumptionPlease check one only

15 or more times per week
12 -4 times per week

13 -4 times per month

11 -2 times per month

1 Less than 1 time per month
"] Never
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Section 2: Purchase Smulation

For each question, imagine that it is mid-afternaod you are hungry. You are stuck away

from home but you have a short break. You havedéedhat you would like a shack to
keep you going a few more hours until supper. Yaxehvalked to a nearby vending
machine with the sole purpose of buying a snack..

Please examine each possible choice and choosmptioe that closely reflects your real

decision. Keep in mind that, in a real-life sitoatiyou are paying for the product that you
choose. Suppose they are the only two optiond,ysmichoose the “none” option you are

choosing to leave with nothing and to continue yaay without food until supper.

Please answer each question. Each question islependent scenario.

Question 1
Features Option A Option B Option C
Brand and Baked! Lay’'s Cheetos® Puffs
Product Original Potato Crisps Cheese Flavoured Snack
Price $1.25 for 60 g bag. $1.75 for 60 g bag.
Nutrition Facts | |Nutrition Facts Nutrition Facts
Valeur nutritive Valeur nutritive
Per 1 package (60 g) Per 1 package (60 g)
pour 1 paquet (60 gj pour 1 paquet (60 g)
Amount % Daily Value Amount % Daily Value
Teneur % valeur quatidi Tenewr % valeur
Calories f Calories 240 Calories / Calories 350
Fat/ Lipides 3 g 5% Fat{Lipides 279 3%
Saturated f saturés 1 g 1% Saturated f satures 4 g 290,
+Trans /trans 0 g + Trans ftrans 0 g
Cholesterol/ Chalesterol 0mg 0% Cholesterol | Cholesterol 4 mg 2 %
Sodium | Sodium 320 mg 13% Sodium / Sedium 520 mg 22%
Carbohydrate [ Glucides 45 g 17 % Carbohydrate { Glucides 31 g 10%
Fibre / Fibres 2 g 4% Fibre /Fibres 1g 4%
Sugars fSucres 4 g Sugars | Sucres 2 g
Protein | Protéines 4 g Protein{ Protéines 4 g None
Vitamin A 7 Vitamine A 0% Vilernin A ! Vilaning A 8% ’
Vitarrin C J Vitarmine C 8% Vitamin C/ Vitamine C 0%
Calciurn J Calcium 8% Calcium / Calcium 3%
iron/ Fer B o [ron/ Fer 5%
- Thiarmine / Thiamine 3%
Riboflavin / Riboflavine 8%
Miacin / Miacine 5%
Folate / Folate 24 %

| would choose:
(Please mark
only one

box)~>
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Question 2

Features Option A Option B Option C
Brand and Cheetos® Puffs Rold Gold® Pretzels
Product Cheese Flavoured Snack
Price $1.25 for 60 g bag. $1.75 for 60 g bag.
Nutrition Facts | Nutrition Facts Nutrition Facts
Valeur nutritive Valeur nutritive
Per 1 package (60 g) Per 1 package (60 @)
pour 1 paguet (50 g) pour 1 paguet (80 g)
Amount % Daily Value Amount % Draily Value
Teneur % valeur quetidienne Teneur % valeur qu otidi
Calories | Calories 250 Calories | Calories 220
Fat/Lipides 22 ¢ i 37% Fat/Lipides 1 g 2%
Saturated / saturés 4 g 229, Saturated / saturés 0.3 g 1%
+ Trans /trans 0 g + Trans / frans 0 g °
Cholesterolf Cholestérol4mg 2% Cholesteral | Cholestérol 0 mg 0 %
Sodlum / Sodlum 520 mg 2% || | Sodium[Sodium 1190 mg___ 49%
Carbohydrate / Glucides 31 g 13;’;" Carbohydrate | Glucides 43 g 16 %
g'fgf:r’s ﬁ'@fg;% ; o Fibre / Fibres 2 g 1%
- N Sugars f Sucres 2
Protein! Protéines 4 g Protgin | Protéines % g None.
Vitamin A/ Vitamine A &% m— -
Vitamin C / Yitamine C 0% gwtam\n é'; tffl_taml_ne é g Oﬁa
Calciumn / Calciurm 3% Itarmin itaning 2
ifon/ Fer 5 o Calcium / Calcium 2%
n L
Thiamine / Thiamine 50 || Llron/Fer 17 %
Riboflavin / Riboflavine 8%
Niacin / Miacine 5%
Folate / Folats 24 %

| would choose:

(Please mark
only one
box)>
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Question 3

Features Option A Option B Option C
Brand and Doritos® Tortilla chips Baked! Doritos® Tortilla
Product Nacho Cheese Flavor chips, Nacho Cheese Flavg
Price $1.50 for 60 g bag. $1.25 for 60 g bag.
Nutrition Facts | | Nutrition Facts Nutrition Facts
Valeur nutritive Valeur nutritive
Per 1 packags (60 g) Per 1 packags (60 g)
pour 1 paquet {60 gj pour 1 paquet {60 gj
Amournt % Daily Value Amournt % Daily Value
Teneur % wvaleur quotici Teneur % wvaleur quotici
Calories | Calories 310 Calories | Calories 260
Fat/Lipides 16 g 24% Fat/Lipides 7 g 1%
Saturated / saturés 2 g 1% Saturated / saturés 19 6%
+ Trans /trans 0.2 g + Trans /trans 0 g
Cholesterol i Cholestérol 0 mg 0% Cholesterol i Cholestérol 5 mg 2%
Sodium | Sodium 430 mg 18 % Sodium | Sodium 470 mg 20%
Carbohydrate [ Glucides 35 g  13% Carbohydrate [ Glucides 46 g  16%
Fibre /Fibres 2 g 1% Fibre /Fibres 4 g 15%
Sugars / Sucres 19 Sugars /Sucres 2 g None
Protein | Protéines 4 g Protein | Protéines 5 g *
Vitamin A/ Vitamine A 1% Vitamin A/ Vitamine A 7%
Vitamin C/ Vitamine C 1% Vitamin C/ Vitamine C 0%
Calcium / Calcium 7% Calcium / Calcium 10%
Iron/ Fer 4% Iron/ Fer 12%

| would choose:
(Please mark
only one

box)>
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Question 4

Features Option A Option B Option C
Brand and Sunchips® Multigrain Dutch Crunch® Kettle
Product Snack Cooked Chips, Mesquite
Harvest Cheddar Flavourl BBQ
Price $1.75 for 60 g bag. $1.75 for 60 g bag.
Nutrition Facts | | Nutrition Facts Nutrition Facts
Valeur nutritive Valeur nutritive
Per 1 package (60 g) Per 1 package (60 g}
pour 1 paquet (60 q) pour 1 paquet (60 g)
Amount % Daily Value Amount % Daily Value
Tenewr % waleur quotidienne Teneur % waleur quotidienne
Calories | Calories 290 Calories | Calories 290
Fat/Lipides 13 g 19%| | Fat/Lipides 14 ¢ 21%
Saturated / saturés 1.5 g 89 Saturated / saturés 1.5 g 8%
+ Trans ftrans 0 g + Trans ftrans 0 g
Cholesterol I Cholestérol 0 mg  0%| | Cholesterol/ Cholestérol 0mg 0%
Sodium { Sodium 420 mg 18%/| | Sodium | Sodium 600 g 25 %
Carbohydrate { Glucides 40 g 13%| | Carbohydrate | Glucides 33 g  13%
Fibre fFibres 3 g 14% Fibre /Fibres 2 g 1%
Sugars [ Sucres 4 g Sugars ] Sucres 3 g None.
Protein | Proteines 5 g Protein [ Protéines 3 g
Vitamin A/ Vitaming A 0% | Vitarnin A ¢ Vitamine A 1%
VYitamin C/ Yitamine C 0%| | Vitamin C / Vitamine C 15 %
Calcium / Calcium 2% | Calcium / Calcium 3%
Iron/ Fer 8%)| | fron/ Fer &%
Vitamin E / Vitamine E 19 %

| would choose:
(Please mark
only one

box)>
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Question 5

Features Option A Option B Option C
Brand and Baked! Doritos® Tortilla | Lay's® Potato Chips
Product chips, Nacho Cheese Classic
Flavor
Price $1.25 for 60 g bag. $1.25 for 60 g bag.
Nutrition Facts | | Nutrition Facts Nutrition Facts
Valeur nutritive Valeur nutritive
Fer 1 package (60 g) Fer 1 package (60 g)
pour 1 paquet (60 g) pour 1 paquet (60 g)
Amount % Diaily Value| | Amount % Diaily Value|
Teneur % waleur quotidil Teneur % waleur quotidil
Calories | Calories 260 Calories | Calories 340
Fat/Lipides 7 g 11%| | Fat/Lipides 22 g 34 %
Saturated f satures 1 g 6% Saturated f satures 2 g 129
+ Trans /trans 0 g + Trans /trans 0.2 g
Cholesterol | Cholestérol 5 mg 2% | Cholesterol/ CholestérolOmg 0%
Sodium /! Sodium 470 mg 20%| | Sodium [ Sodium 400 mg 17 %
Carbohydrate [ Glucides 46 g 16 % | Carbohydrate { Glucides 319  10% N
Fibre / Fibres 4 g 15 % Fibre / Fibres 19 5% one.
Sugars fSucres 2 g Sugars fSucres 0 g
Protein | Protéines 5 g Protein | Protéines 4 g
Vitamin A/ Vitamine A T | Vitamin A Vitamine A 0 %
Vitamin C / Vitamine C 0% | Vitamin C/ Vitaming C 24 %
Calcium / Calcium 109 | Calcium / Calcium 2%
Iron/ Fer 12 %

| would choose:
(Please mark
only one

box)~>
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Question 6

Features Option A Option B Option C
Brand and| Dutch Crunch® Kettle Cooke( Baked! Lay’s
Product | Chips, Mesquite BBQ Original Potato Crisps
Price $1.75 for 60 g bag. $1.50 for 60 g bag.
’;'Ut“tlon Nutrition Facts Nutrition Facts
acts e H'H
Valeur nutritive Valeur nutritive
Per 1 package (60 g) Per 1 package (B0 q)
pour 1 paguet (60 g) pour 1 paquet (B0 o)
Amount ¥ Daily Value Amount % Daily Value
Teneur % valeur quotidi Tenewur % valeur quatidi
Calories | Calories 290 Calories [ Calories 240
Fat/Lipides 14 g 21% Fat/Lipides 3 g 5%
Saturated /saturés 15 g 8% Saturated [ saturés 1 g 4%
+Trans /trans 0 g ° + Trans f rans 0 g °
Cholesterol | Cholestérol0mg 0% Cholesterol/ CholestérolUmg 0%
Sodium | Sodium 600 mg 25 % Sodium/ Sodium 320 mg 13%
Carbohydrate / Glucides 38 g 13% Carbohydrate | Glucides 49 g  17%
Fibre /Fibres 2 g 1% Fibre fFibres 3 g 14%
Sugars / Sucres 3 g Sugars f Sucres 4 g None.
Protein | Protéines 3 g Protein | Protéines 4 g
Yitamin A/ Witamine A 1% Vitamin A/ Vitaming A 0%
Vitamin C § Vitamine C 15 % Vitamin C / Vitamine C 8%
Calcium / Calcium 3% Calcium / Calcium 5%
lron f Fer 2% Iron/ Fer 5%
Witamin E [ Witamine E
| would
choose:
(Please
mark only
one
box)~>
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Question 7

of this product may lead

Features Option A Option B Option C
Brand and Sunchips® Multigrain Lay's® Potato Chips
Product Snack Classic
Harvest Cheddar Flavour
Price $1.75 for 60 g bag. $1.50 for 60 g bag.
Nutrition Facts | |Nutrition Facts Nutrition Facts
Valeur nutritive Valeur nutritive
Per 1 package (60 g) Per 1 package (60 g}
pour 1 paguet {60 g) pour 1 paguet (60 qg)
Amournt % Daily Value Amourit % Daily Value
Teneur % waleur qu ofidi Teneur % valeur quotidi
Calories | Calories 290 Calories | Calories 340
Fat/Lipides 13 g 19 % Fat/Lipides 22 g 34 %
Saturated f saturés 1.5 g Saturated / satures 2 g
+ Trans ftrans 0 g 8% + Trans /trans 0 2 g 12%
Cholesterol | Cholestérol 0mg 0% Cholesterol{ Cholestérol0mg 0%
Sodium { Sedium 420 mg 18% Sodium | Sodium 400 mg 17 % None_
Carbohydrate | Glucides 40 g 13% Carbohydrate | Glucides 31 g  10%
Fibre /Fibres 3 g 14% Fibre / Fibres 19 5%
Sugars / Sucres 4 g Sugars f Sucres O g
Protein / Proteines 5 g Protein / Proteines 4 g
Vitamin A/ Vitaming A 0% Vitamin A/ Vitamine A 0%
Witamin C / Vitamine C 0% Vitamin C/ Vitamine C 29 %
Calcium f Calcium 2% Calcium / Calcium 2%
Ironf Fer 8% Iron i Fer 5 %

| would choose:
(Please mark
only one

box)>
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Question 8

Features Option A Option B Option C
Brand and Rold Gold® Pretzels Doritos® Tortilla chips
Product Nacho Cheese Flavor
Price $1.50 for 60 g bag. $1.50 for 60 g bag.
Nutrition Facts | | Nutrition Facts Nutrition Facts
Valeur nutritive Valeur nutritive
Per 1 package (60 g) Per 1 package (60 g)
pour 1 paquet (60 g) pour 1 paquet (60 g)
Amount % Daily Value Amount % Daily Value
Teneur % wvaleur quotidienne Teneur % wvaleur quotidienne
Calories | Calories 230 Calories | Calories 310
Fat/Lipides 19 2%| | Fat/Lipides 16 g 24%
Saturated / saturés 0.3 g 11% Saturated / satures 2 g 11%
+ Trans ftrans 0 g + Trans ftrans 0.2 g
Cholesterol | Cholestérol 0 mg 0 %)| | Cholesteroli Cholesterol 0mg 0%
Sodium  Sodium 1190 mg 49 %| | Sodium [ Sodium 430 mg 18 %)
Carbohydrate | Glucides 49 9 16 %| | Carbohydrate / Glucides 26 g 13%
Fibre / Fibres 2 g 1% Fibre /Fibres 3 g 1%
Sugars fSuc_res 2q Sugars fSuc_res 149 None_
Protein [ Protéines 5 g Protein [ Protéines 4 g
Vitamin A/ Vitamine A 0 %| | Vitamin A/ Vitamine A 1%
Vitamin Z/ Yitaming C 0 %| | Vitamin C/ Vitaming C 1%
Calcium / Calcium 2 %| | Calcium { Calcium 7%
Iron / Fer 17 %) o

| would choose:
(Please mark
only one

box)>
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Section 3: Health Questions

Each item below is a belief statement about youttioa¢ condition with which you may
agree or disagree. Beside each statement is avecigle ranges from strongly disagree
(1) to strongly agree (6). For each item we woikKe you to circle the number that
represents the extent to which you agree or disagith that statement. The more you
agree with a statement, the higher will be the nemybu circle. The more you disagree
with a statement, the lower will be the number goale. Please make sure that you
answelEVERY ITEM and that you circlONLY ONE number per item. This is a
measure of your personal beliefs; obviously, tlaeeeno right or wrong answers.

1=STRONGLY DISAGREHSD) 4=SLIGHTLY AGREE(A)
2=MODERATELY DISAGREE(MD) 5=MODERATELY AGREE(MA)
3=SLIGHTLY DISAGREE(D) 6=STRONGLY AGREESA)

SD MD D A MA |SA

If | get sick, it is my own behavior which deterraghow

: 1 2 34 5 6
soon | get well again.

N

No matter what | do, if | am going to get sick,illgetsick. | 1| 2| 34/ 5 | 6

Having regular contact with my physician is thethveay for
me to avoid illness.

1 2 34 5 6
Most things that affect my health happen to mednydent. | 1| 2| 34/ 5 | 6
6

A W

Whenever | don't feel well, | should consult a noadly

5. . . 1 2 34 5
trained professional.

6 |l am in control of my health. 1 2 &/ 5 |6

7 My family has a lot to do with my becoming sickstaying 1.2 3la 5 6
healthy.

8 When | get sick, | am to blame. 1 2 8 5 |6

9 Luck pla_ys a big part in determining how soon llwgicover 1.2 3la 5 6
from an illness.

10 |Health professionals control my health. 1 |2/1435 |6

11 My good health is largely a matter of good fortune. 1 2134 5|6

12 The main thing which affects my health is what lselydo. = 1| 2| 34| 5 | 6

13|If | take care of myself, | can avoid illness. 1 2134 5|6
Whenever | recover from an iliness, it's usuallgéaese other

14 people (for example, doctors, nurses, family, ii®rhave (1 | 2 (3|14 5 | 6
been taking good care of me.

15 No matter what | do, | 'm likely to get sick. 1 2 |34 5|6

16 |If it's meant to be, | will stay healthy. 1 2 |85 6

17 If | take the right actions, | can stay healthy. 1 2 |34 5|6

18 geggrdlng my health, | can only do what my doottistme 112 32 5 6

100



Section 4. More Health Questions
1. On average, how often do you exerciB¥gase check one only

1 5 or more times per week
13 -4 times per week
11 -2 times per week
1 Less than 1 time per week

2. What type(s) of exercise do you do most frequerfygase check all that
apply

"1 Walking for exercise
1 Gardening/yard work
"1 Swimming

1 Bicycling/skateboarding/rollerblading

1 Dance

1 Home exercises/calisthenics (e.g. push-ups, sif-eig.)
1 Competitive sports, please specify
1 Jogging or running

"1 Exercise class/aerobics

1 Skiing/snowboarding
1 Weight-training

1 Other, please specify

3. How often do you read nutrition labels before pasihg a food product?
Please check oneonly

1 Almost always

"] More often than not
1 Rarely

0 Never

4. Have you been advised by a health care professiored watching your
diet?

1Yes
Please specify (e.g. limit sodium, increase filte.)

[0 No
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Section 5: Demographic I nformation

The purpose of this section is to find out morewthyou. Please remember that
your answers will be kept strictly confidential aymur name will not be linked to
your answers in any way.

1. Are you male or female?

(] Male
(] Female

2. What is your age?

years

3. How many people, including yourself, live in yowusehold?

4. How many people under the age of 18 years liveour ynousehold?

5. What is the highest level of education that youeheempletedPlease
check one only

1 Never attended school

1 Grade school (grades 1 to 9)

1 Some high school

1 High school graduate

1 Post secondary trade or technical school cenédidagree
) Some university or college

1 College diploma/degree

1 University undergraduate degree

1 Some post graduate university study

) Post graduate university degree (e.g., MastePhdDd.)
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6. Which of the following best describes your emplopingtatusPlease

check one only

1 Working full- or part-time
Please specify occupation

1 Full- or part-time student
Please specify program/major

1 Do unpaid work from home/ homemaker
| Between jobs

1 Self-employed

1 Retired

7. What is your total household income before taxésRg: Consider them
part of your household if you eat meals togetHelieqise check one only

] Less that $10 000
1$10 000 - $19 999
1 $20 000 - $29 999
1 $30 000 - $39 999
1 $40 000 - $49 999
1 $50 000 - $59 999
1 $60 000 - $69 999
1 $70 000 - $79 999
1 $80 000 - $89 999
1 $90 000 - $99 999
71 $100 000 or more

8. What is your heightPleasefill in one of the boxes

feet and inchesr

centimetre

$S

9. What is your weightPleasefill in one of the boxes

ounds or kilograms
p - g
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Thank you for your participation.

To compensate you for the time you spent answering this survey, we would
liketo giveyou a gift certificate. Toreceiveyour gift, please inform one of us
that you have completed the survey.

Please note that the war ning labels seen in this survey were created by the
resear chersand are not endorsed by Health Canada in any way.

Please feel freeto provide uswith any comments you may havein the space
below.
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Appendix B: Example Mod_Survey Code

i ndex. survey
<SURVEY TITLE="Snacks">

<CUSTOM ESCAPED="no">
<H1>Snack food survey</H1>

<img align="centre" src="pics/junk food.JPG">

<h3><b>Section 1: Introduction and consent</b></h3 >
<P>Welcome and thank you for taking part in this r esearch!</P>
This is part of a study conducted by the Universit y of Alberta
in

Edmonton, Alberta. This study is funded by {[}br{] } Social
Sciences and Humanities Research Council of Canada, Research
Development Initiative (SSHRC-RDI) {[}br{]} program and
Agricultural and Agri-Food Canada's Agricultural Po licy Research

Network in Consumer and {[}br{]} Market Demand.

<p> In this survey, we are interested in knowing a bout your
snhack food purchasing behaviour.</P>

<p><b>We ask that you complete all parts of the su rvey.</b> If
you

have any questions, please feel free to contact u s.<br>Our
contact information is given on your information sh eet.</P>
</CUSTOM>

<ROUTE CONTINUE="consent.survey"/>
</SURVEY>

consent . survey

<SURVEY TITLE="Snack food questionnaire">

<CUSTOM ESCAPED="no">
<H2>Consent</H2>
<h3>Researchers:</h3>

<img align="centre" src="pics/consent.jpg">
<br><br>

</CUSTOM>

<CHOICE NAME="consent1" CAPTION="Do you understand that you have
been asked to participate in a survey on snacks?">

<CHOICEELEMENT VALUE="1" CAPTION="Yes" />

<CHOICEELEMENT VALUE="2" CAPTION="No" />

</CHOICE>
<CHOICE NAME="consent2" CAPTION="Do you understand the benefits
and risks involved in taking part in this research study?">
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<CHOICEELEMENT VALUE="1" CAPTION="Yes" />
<CHOICEELEMENT VALUE="2" CAPTION="No" />
</CHOICE>

<CHOICE NAME="consent3" CAPTION="Have you read and received a
copy of the Information Sheet?">

<CHOICEELEMENT VALUE="1" CAPTION="Yes" />

<CHOICEELEMENT VALUE="2" CAPTION="No" />

</CHOICE>
<CHOICE NAME="consent4" CAPTION="Do you understand that you can
choose to not participate in this study or you can choose to

withdraw at any point during the questionnaire?">
<CHOICEELEMENT VALUE="1" CAPTION="Yes" />
<CHOICEELEMENT VALUE="2" CAPTION="No" />

</CHOICE>

<CHOICE NAME="consent5" CAPTION="Do you understand that the
information that you provide will be kept in strict confidence
and that there will be no link between your respons es and your

name/address?">
<CHOICEELEMENT VALUE="1" CAPTION="Yes" />
<CHOICEELEMENT VALUE="2" CAPTION="No" />

</CHOICE>
<CHOICE NAME="consent6" CAPTION="Do you give us (th e researchers)
permission to use the data that you provided for th € purposes

specified in the information sheet?">
<CHOICEELEMENT VALUE="1" CAPTION="Yes" />
<CHOICEELEMENT VALUE="2" CAPTION="No" />

</CHOICE>

<CHOICE NAME="consent7" CAPTION="Do you give us per mission to
share the data that you provided with the researche rs listed on
this consent form? ">

<CHOICEELEMENT VALUE="1" CAPTION="Yes" />
<CHOICEELEMENT VALUE="2" CAPTION="No" />
</CHOICE>
<CHOICE NAME="consent8" MUSTANSWER="yes" CAPTION="]  agree to take
part in this study.">
<CHOICEELEMENT VALUE="1" CAPTION="Yes" />
<CHOICEELEMENT VALUE="2" CAPTION="No" />
</CHOICE>
<ROUTE CONTINUE="2.survey"/>

</SURVEY>
2.sruvey
<SURVEY TITLE="Snack food questionnaire">

<CUSTOM ESCAPED="no">
<h3>Section 1: Usual snack food purchases</h3></CUS TOM>
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<CHOICE NAME="snacks" CAPTION="1. What types of sha
products do you buy regularly? Please select all th

apply" MULTI="yes" OTHERFIELD="0Other, please specif
<CHOICEELEMENT VALUE="1" CAPTION="Potato chips" />
<CHOICEELEMENT VALUE="2" CAPTION="Corn chips" />
<CHOICEELEMENT VALUE="3" CAPTION="Cheese puffs" />
<CHOICEELEMENT VALUE="4" CAPTION="Pretzels" />
<CHOICEELEMENT VALUE="5" CAPTION="Popcorn" />
<CHOICEELEMENT VALUE="6" CAPTION="Chocolate bars" /
<CHOICEELEMENT VALUE="7" CAPTION="Cookies/Crackers"
<CHOICEELEMENT VALUE="8" CAPTION="Candy (jelly bean
etc.)" />

<CHOICEELEMENT VALUE="9" CAPTION="Ice Cream" />
</CHOICE>

<CHOICE NAME="often" MUSTANSWER="yes" CAPTION="2. H
you buy snack food products (listed in Question 1)

intend to consume

within an hour of purchase?">

<CHOICEELEMENT VALUE="1" CAPTION="5 or more times p
<CHOICEELEMENT VALUE="2" CAPTION="2 - 4 times per w
<CHOICEELEMENT VALUE="3" CAPTION="3 - 4 times per m
<CHOICEELEMENT VALUE="4" CAPTION="1 - 2 times per m
<CHOICEELEMENT VALUE="5" CAPTION="less than 1 time
</CHOICE>

<CHOICE NAME="later" MUSTANSWER="yes" CAPTION="3. H
you buy snack food products (listed in Question 1)
consumption?">

<CHOICEELEMENT VALUE="1" CAPTION="5 or more times p
<CHOICEELEMENT VALUE="2" CAPTION="2 - 4 times per w
<CHOICEELEMENT VALUE="3" CAPTION="3 - 4 times per m
<CHOICEELEMENT VALUE="4" CAPTION="1 - 2 times per m
<CHOICEELEMENT VALUE="5" CAPTION="less than 1 time
</CHOICE>

<DATETIME NAME="time" />

<ROUTE CONTINUE="choice.survey"/>
</SURVEY>

choi ce. survey

<SURVEY TITLE="Snack food questionnaire">
<CUSTOM ESCAPED="no">

<h3>Section 2: Purchase Simulation</h3>

For each question, imagine that it is mid-afternoon
hungry. You are stuck away from home but {[}br{]} y
short

break. You have decided that you would like a snack
going

a few more hours {[}br{]} until supper. You have wa
nearby

vending machine with the sole purpose of buying a s
<br><br>
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Please examine each possible choice and choose one
closely reflects your real decision. Keep in {[}br{

in a real-life situation, you are paying for the pr
choose. Suppose there are only {[}br{]} two options
choose the "none" option you are choosing to leave
and to continue your {[}br{]} day without food unti
<br><br>

Please answer each question. Each question is an in
scenario.

</CUSTOM>

<ROUTE CONTINUE="choicel-1.survey"/>
</SURVEY>

choi cel-1. survey

<SURVEY TITLE="Snack food questionnaire">
<CUSTOM ESCAPED="no">

<img align="centre" src="pics/1-1.jpg">

</CUSTOM>

<ROUTE CONTINUE="choice2.survey"/>

<CUSTOM ESCAPED="no">

<br><br><br>

</CUSTOM>

<CHOICE MUSTANSWER="yes" NAME="choicell" CAPTION="|
choose">

<CHOICEELEMENT VALUE="1" CAPTION="Option A" />
<CHOICEELEMENT VALUE="2" CAPTION="Option B" />
<CHOICEELEMENT VALUE="3" CAPTION="Option C (none)"
</CHOICE>

<ROUTE CONTINUE="choicel-2.survey"/>

</SURVEY>

choi cel- 2. survey

<SURVEY TITLE="Snack food questionnaire">
<CUSTOM ESCAPED="no">

<img align="centre" src="pics/1-2.jpg">

</CUSTOM>

<ROUTE CONTINUE="choice2.survey"/>

<CUSTOM ESCAPED="no">

<br><br><br>
</CUSTOM>
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<CHOICE NAME="choice12" CAPTION="1 would choose">
<CHOICEELEMENT VALUE="1" CAPTION="Option A" />
<CHOICEELEMENT VALUE="2" CAPTION="Option B" />
<CHOICEELEMENT VALUE="3" CAPTION="Option C (none)" />
</CHOICE>

<ROUTE CONTINUE="choicel-3.survey"/>

</SURVEY>

choi cel- 3. survey

<SURVEY TITLE="Snack food questionnaire">

<CUSTOM ESCAPED="no">

<img align="centre" src="pics/1-3.jpg">

</CUSTOM>

<ROUTE CONTINUE="choice2.survey"/>

<CUSTOM ESCAPED="no">

<br><br><br>

</CUSTOM>

<CHOICE NAME="choice13" CAPTION="1 would choose">
<CHOICEELEMENT VALUE="1" CAPTION="Option A" />
<CHOICEELEMENT VALUE="2" CAPTION="Option B" />
<CHOICEELEMENT VALUE="3" CAPTION="Option C (none)" />
</CHOICE>

<ROUTE CONTINUE="choicel-4.survey"/>

</SURVEY>

choi cel-4. survey

<SURVEY TITLE="Snack food questionnaire">

<CUSTOM ESCAPED="no">

<img align="centre" src="pics/1-4.jpg">

</CUSTOM>

<ROUTE CONTINUE="choice2.survey"/>

<CUSTOM ESCAPED="no">

<br><br><br>

</CUSTOM>

<CHOICE NAME="choice14" CAPTION="1 would choose">
<CHOICEELEMENT VALUE="1" CAPTION="Option A" />
<CHOICEELEMENT VALUE="2" CAPTION="Option B" />
<CHOICEELEMENT VALUE="3" CAPTION="Option C (none)" />

</CHOICE>
<ROUTE CONTINUE="choicel-5.survey"/>
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</SURVEY>

choi cel-5. survey

<SURVEY TITLE="Snack food questionnaire">

<CUSTOM ESCAPED="no">

<img align="centre" src="pics/1-5.jpg">

</CUSTOM>

<ROUTE CONTINUE="choice2.survey"/>

<CUSTOM ESCAPED="no">

<br><br><br>

</CUSTOM>

<CHOICE MUSTANSWER="yes" NAME="choicel5" CAPTION="|
choose">

<CHOICEELEMENT VALUE="1" CAPTION="Option A" />
<CHOICEELEMENT VALUE="2" CAPTION="Option B" />
<CHOICEELEMENT VALUE="3" CAPTION="Option C (none)"
</CHOICE>

<ROUTE CONTINUE="choicel-6.survey"/>

</SURVEY>

choi cel-6. survey

<SURVEY TITLE="Snack food questionnaire">

<CUSTOM ESCAPED="no">

<img align="centre" src="pics/1-6.jpg">

</CUSTOM>

<ROUTE CONTINUE="choice2.survey"/>

<CUSTOM ESCAPED="no">

<br><br><br>

</CUSTOM>

<CHOICE MUSTANSWER="yes" NAME="choicel6" CAPTION="|
choose">

<CHOICEELEMENT VALUE="1" CAPTION="Option A" />
<CHOICEELEMENT VALUE="2" CAPTION="Option B" />
<CHOICEELEMENT VALUE="3" CAPTION="Option C (none)"
</CHOICE>

<ROUTE CONTINUE="choicel-7.survey"/>

</SURVEY>

choi cel-7. survey

<SURVEY TITLE="Snack food questionnaire">
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<CUSTOM ESCAPED="no">

<img align="centre" src="pics/1-7.jpg">

</CUSTOM>

<ROUTE CONTINUE="choice2.survey"/>

<CUSTOM ESCAPED="no">

<br><br><br>

</CUSTOM>

<CHOICE MUSTANSWER="yes" NAME="choicel7" CAPTION="|
choose">

<CHOICEELEMENT VALUE="1" CAPTION="Option A" />
<CHOICEELEMENT VALUE="2" CAPTION="Option B" />
<CHOICEELEMENT VALUE="3" CAPTION="Option C (none)"
</CHOICE>

<ROUTE CONTINUE="choicel-8.survey"/>

</SURVEY>

choi cel-8. survey

<SURVEY TITLE="Snack food questionnaire">

<CUSTOM ESCAPED="no">

<img align="centre" src="pics/1-8.jpg">

</CUSTOM>

<ROUTE CONTINUE="choice2.survey"/>

<CUSTOM ESCAPED="no">

<br><br><br>

</CUSTOM>

<CHOICE NAME="choice18" CAPTION="1 would choose">
<CHOICEELEMENT VALUE="1" CAPTION="Option A" />
<CHOICEELEMENT VALUE="2" CAPTION="Option B" />
<CHOICEELEMENT VALUE="3" CAPTION="Option C (none)"
</CHOICE>

<ROUTE CONTINUE="3.survey"/>

</SURVEY>

3. survey

<SURVEY TITLE="Snack food questionnaire">
<CUSTOM ESCAPED="no">

<h3>Section 3: Health Questions</h3>
</CUSTOM>

<CUSTOM ESCAPED="no">
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<p>Instructions: Each item below is a belief statem
medical condition with which you may agree {[}br{]}
disagree. Beside each statement is a scale which ra
strongly

disagree (1) to strongly agree (6). {[}br{]} For ea
would

like you to select the number that represents the e
you agree or {[}br{]} disagree with that statement.
agree with a statement, the higher will be the numb
{[}br{]} circle. The more you disagree with a state
lower will be the number you circle. Please make su
that you answer EVERY ITEM and that you circle ONLY
per item. This is a measure of your {[}br{]} person
obviously, there are no right or wrong answers.

</p>

<img align="centre" src="pics/MHLCscale.JPG">

</CUSTOM>

<MATRIX MUSTANSWER="yes" NAME="mhlIc" BORDER="yes">

<MATRIXCOLUMN VALUE="1" CAPTION="1" />
<MATRIXCOLUMN VALUE="2" CAPTION="2" />
<MATRIXCOLUMN VALUE="3" CAPTION="3" />
<MATRIXCOLUMN VALUE="4" CAPTION="4" />
<MATRIXCOLUMN VALUE="5" CAPTION="5" />
<MATRIXCOLUMN VALUE="6" CAPTION="6" />
<MATRIXROW CAPTION="1. If | get sick, it is my own
which determines how soon | get well again." />
<MATRIXROW CAPTION="2. No matter what | do, if | am
sick, | will get sick." />

<MATRIXROW CAPTION="3. Having regular contact with
is the best way for me to avoid illness." />

<MATRIXROW CAPTION="4. Most things that affect my h
to me by accident." />

<MATRIXROW CAPTION="5. Whenever | don't feel well,
consult a medically trained professional.” />
<MATRIXROW CAPTION="6. | am in control of my health
<MATRIXROW CAPTION="7. My family has a lot to do wi
sick or staying healthy." />

<MATRIXROW CAPTION="8. When | get sick, | am to bla
<MATRIXROW CAPTION="9. Luck plays a big part in det
soon | will recover from an iliness." />

<MATRIXROW CAPTION="10. Health professionals contro
/>

<MATRIXROW CAPTION="11. My good health is largely a
good fortune." />

<MATRIXROW CAPTION="12. The main thing which affect
what | myself do." />

<MATRIXROW CAPTION="13. If | take care of myself, |
illness." />

<MATRIXROW CAPTION="14. Whenever | recover from an

usually because other people (for example, doctors,
family, friends) have been taking good care of me."
<MATRIXROW CAPTION="15. No matter what | do, | 'm |
sick." />

<MATRIXROW CAPTION="16. If it's meant to be, | will
healthy." />
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<MATRIXROW CAPTION="17. If | take the right actions
healthy." />

<MATRIXROW CAPTION="18. Regarding my health, | can
my doctor tells me to do." />

</IMATRIX>

<ROUTE CONTINUE="4.survey"/>

</SURVEY>

4. survey

<SURVEY TITLE="Snack food questionnaire">

<CHOICE MUSTANSWER="yes" NAME="exercise" CAPTION="0
often do you exercise?">

<CHOICEELEMENT VALUE="1" CAPTION="5 or more times p
<CHOICEELEMENT VALUE="2" CAPTION="3 - 4 times per w
<CHOICEELEMENT VALUE="3" CAPTION="1 - 2 times per w
<CHOICEELEMENT VALUE="4" CAPTION="less than 1 time
</CHOICE>

<ROUTE CONTINUE="5.survey"/>

</SURVEY>

5.survey

<SURVEY TITLE="Snack food questionnaire">

<CHOICE NAME="extype" CAPTION="What type(s) of exer
most frequently? Please check all that apply” MULTI
OTHERFIELD="Other, please specify:">

<CHOICEELEMENT VALUE="1" CAPTION="Walking for exerc
<CHOICEELEMENT VALUE="2" CAPTION="Gardening/yard wo
<CHOICEELEMENT VALUE="3" CAPTION="Swimming" />
<CHOICEELEMENT VALUE="4"
CAPTION="Bicycling/skateboarding/rollerblading" />
<CHOICEELEMENT VALUE="5" CAPTION="Dance" />
<CHOICEELEMENT VALUE="6" CAPTION="Home exercises/ca
(e.g. push-ups, sit ups, etc.)" />

<CHOICEELEMENT VALUE="7" CAPTION="Competitive sport
<CHOICEELEMENT VALUE="8" CAPTION="Jogging or runnin
<CHOICEELEMENT VALUE="9" CAPTION="Exercise class/ae
<CHOICEELEMENT VALUE="10" CAPTION="Skiing/snowboard
<CHOICEELEMENT VALUE="11" CAPTION="Weight-training"
</CHOICE>

<ROUTE CONTINUE="6.survey"/>

</SURVEY>

6. survey
<SURVEY TITLE="Snack food questionnaire">

<CHOICE MUSTANSWER="yes" NAME="labels" CAPTION="How
read nutrition labels before purchasing a food prod
<CHOICEELEMENT VALUE="1" CAPTION="Almost always" />
<CHOICEELEMENT VALUE="2" CAPTION="More often than n
<CHOICEELEMENT VALUE="3" CAPTION="Rarely" />
<CHOICEELEMENT VALUE="4" CAPTION="Never" />
</CHOICE>

<ROUTE CONTINUE="7.survey"/>
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</SURVEY>
7.survey
<SURVEY TITLE="Snack food questionnaire">

<CHOICE MUSTANSWER="yes" NAME="diet" CAPTION="Have
advised by a health care professional to be watchin
OTHERFIELD="Yes, please specify (e.g. limit sodium,

fibre, etc.):">

<CHOICEELEMENT VALUE="2" CAPTION="No" />

</CHOICE>

<ROUTE CONTINUE="8.survey"/>

</SURVEY>

8. survey
<SURVEY TITLE="Snack food questionnaire">

<CUSTOM ESCAPED="no">

<h3>Seciton 4: Demographics</h3>

<p>The purpose of this section is to find out more
Please remember that your answers will be kept <br>
confidential and your name will not be linked to yo
any way.</p>

</CUSTOM>

<CHOICE MUSTANSWER="yes" NAME="gender" CAPTION="Are
female?">

<CHOICEELEMENT VALUE="0" CAPTION="male" />
<CHOICEELEMENT VALUE="1" CAPTION="female" />
</CHOICE>

<ROUTE CONTINUE="9.survey"/>
</SURVEY>

9. survey

<SURVEY TITLE="Snack food questionnaire">

<TEXT MUSTANSWER="yes" NAME="age" CAPTION="What is
NUMERICAL="yes" />

<ROUTE CONTINUE="10.survey"/>
</SURVEY>

10. survey

<SURVEY TITLE="Snack food questionnaire">

you been
g your diet?"
increase

about you.
strictly
ur answers in

you male or

your age?"

<TEXT MUSTANSWER="yes" NAME="house" CAPTION="How ma ny people,

including yourself, live in your household?" NUMERI

<ROUTE CONTINUE="11.survey"/>
</SURVEY>

11. survey
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<SURVEY TITLE="Snack food questionnaire">

<TEXT MUSTANSWER="yes" NAME="children" CAPTION="How
under the age of 18 years live in your household?"
NUMERICAL="yes"

/>

<ROUTE CONTINUE="12.survey"/>
</SURVEY>

12. survey

<SURVEY TITLE="Snack food questionnaire">

many people

<CHOICE MUSTANSWER="yes" NAME="school" CAPTION="Wha tis the

highest level of education that you have completed?
<CHOICEELEMENT VALUE="1" CAPTION="Never attended sc
<CHOICEELEMENT VALUE="2" CAPTION="Grade school (gra
/>

<CHOICEELEMENT VALUE="3" CAPTION="Some high school"
<CHOICEELEMENT VALUE="4" CAPTION="High school gradu
<CHOICEELEMENT VALUE="5" CAPTION="Post secondary tr
technical school certificate/degree" />

<CHOICEELEMENT VALUE="6" CAPTION="Some university o
<CHOICEELEMENT VALUE="7" CAPTION="College diploma/d
<CHOICEELEMENT VALUE="8" CAPTION="University underg
degree" />

<CHOICEELEMENT VALUE="9" CAPTION="Some post graduat
study" />

<CHOICEELEMENT VALUE="10" CAPTION="Post graduate un
degree (e.g., Masters or Ph.D.)" />

</CHOICE>

<ROUTE CONTINUE="13.survey"/>
</SURVEY>

13. survey

<SURVEY TITLE="Snack food questionnaire">

">
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/>

ate" />

ade or

r college" />
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iversity

<CHOICE MUSTANSWER="yes" NAME="school" CAPTION="Wha tis the

highest level of education that you have completed?
<CHOICEELEMENT VALUE="1" CAPTION="Never attended sc
<CHOICEELEMENT VALUE="2" CAPTION="Grade school (gra
/>

<CHOICEELEMENT VALUE="3" CAPTION="Some high school"
<CHOICEELEMENT VALUE="4" CAPTION="High school gradu
<CHOICEELEMENT VALUE="5" CAPTION="Post secondary tr
technical school certificate/degree" />

<CHOICEELEMENT VALUE="6" CAPTION="Some university o
<CHOICEELEMENT VALUE="7" CAPTION="College diploma/d
<CHOICEELEMENT VALUE="8" CAPTION="University underg
degree" />

<CHOICEELEMENT VALUE="9" CAPTION="Some post graduat
study" />

<CHOICEELEMENT VALUE="10" CAPTION="Post graduate un
degree (e.g., Masters or Ph.D.)" />
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</CHOICE>

<ROUTE CONTINUE="13.survey"/>
</SURVEY>

14. survey
<SURVEY TITLE="Snack food questionnaire">

<CHOICE NAME="income" CAPTION="What is your total h
income before taxes? (Note: Consider other resident

your "household" if you eat meals together.)">
<CHOICEELEMENT VALUE="1" CAPTION="Less than $10 000
<CHOICEELEMENT VALUE="2" CAPTION="$10 000 - $19 999
<CHOICEELEMENT VALUE="3" CAPTION="$20 000 - $29 999
<CHOICEELEMENT VALUE="4" CAPTION="$30 000 - $39 999
<CHOICEELEMENT VALUE="5" CAPTION="$40 000 - $49 999
<CHOICEELEMENT VALUE="6" CAPTION="$50 000 - $59 999
<CHOICEELEMENT VALUE="7" CAPTION="$60 000 - $69 999
<CHOICEELEMENT VALUE="8" CAPTION="$70 000 - $79 999
<CHOICEELEMENT VALUE="9" CAPTION="$80 000 - $89 999
<CHOICEELEMENT VALUE="10" CAPTION="$90 000 - $99 99
<CHOICEELEMENT VALUE="11" CAPTION="$100 000 or more
</CHOICE>

<ROUTE CONTINUE="15.survey"/>
</SURVEY>

15. survey
<SURVEY TITLE="Snack food questionnaire">

<TEXT MUSTANSWER="yes" NAME="height" CAPTION="What
height?" />

<CHOICE NAME=hunits MUSTANSWER="yes" CAPTION="Pleas
of measurement” MULTI="no">

<CHOICEELEMENT VALUE="1" CAPTION="feet/inches" />
<CHOICEELEMENT VALUE="2" CAPTION="metres/centimetre

</CHOICE>

<ROUTE CONTINUE="16.survey"/>
</SURVEY>

16. survey
<SURVEY TITLE="Snack food questionnaire">
<TEXT NAME="weight" CAPTION="What is your weight?"

<CHOICE NAME="wunits" CAPTION="Please select unit o
MULTI="no" >

<CHOICEELEMENT VALUE="1" CAPTION="pounds" />
<CHOICEELEMENT VALUE="2" CAPTION="kilograms" />
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</CHOICE>

<ROUTE CONTINUE="17.survey"/>
</SURVEY>

17. survey

<SURVEY TITLE="Snack food questionnaire">
<CUSTOM ESCAPED="no">

<h3>Thank you for your participation.</h3>

<p>To compensate you for the time you spent answeri ng this
survey, we

would like to give you a gift <br>certificate. To r eceive your
gift,

please inform one of us that you have completed the survey.</p>
Please note that the warning labels seen in this su rvey were
created

by the researchers and not endorsed by <br>Health C anada in any

way.<br><br>

Please feel free to provide us with any comments yo u may have in
the space below.
</CUSTOM>

<MEMO NAME="comment"/>

<SEQUENCE SELFINCLUDE="yes">
<FILE FILENAME="consent.survey"/>
<FILE FILENAME="2.survey"/>

<FILE FILENAME="choicel-1.survey"/>
<FILE FILENAME="choicel-2.survey"/>
<FILE FILENAME="choicel-3.survey"/>
<FILE FILENAME="choicel-4.survey"/>
<FILE FILENAME="choicel-5.survey"/>
<FILE FILENAME="choicel-6.survey"/>
<FILE FILENAME="choicel-7.survey"/>
<FILE FILENAME="choicel-8.survey"/>
<FILE FILENAME="3.survey"/>

<FILE FILENAME="4.survey"/>

<FILE FILENAME="5.survey"/>

<FILE FILENAME="6.survey"/>

<FILE FILENAME="7.survey"/>

<FILE FILENAME="8.survey"/>

<FILE FILENAME="9.survey"/>

<FILE FILENAME="10.survey"/>

<FILE FILENAME="11.survey"/>

<FILE FILENAME="12.survey"/>

<FILE FILENAME="13.survey"/>

<FILE FILENAME="14.survey"/>

<FILE FILENAME="15.survey"/>

<FILE FILENAME="16.survey"/>

<FILE FILENAME="17.survey"/>
</SEQUENCE>

</SURVEY>
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Appendix C: Example Screen Shots of Electronic

Survey

Fealtures Option A Option B Option C
Brand and Bakedl Lay's Cheetos® Puffs
Product Onginal Potato Crisps Cheese Flavoured Snacks
Price $1.25 for 60 g bag, $1.75 for 60 g bag.
HNumtion Facts — { | Nutrition Facts Nutrition Facts
Valeur nutritive Valeur nutritive
Par 1 package (60 g) Per 1 package (60g)
pour 1 paguet (60 g) pour 1 paquet (60 g) |
Temown s vabsun lIlI-: Tonween s vabeen quctidinnan |
Calories | Calories 240 Calories | Calories 350
Fat/Lipides 2 g 5% FatlLipides 27 g T |
Saturated / saturés 19 Saturated / saluris 4 g |
‘Tmn-;fua}nstm 4% + Trans | trans 0 g 2%
Cholesterol | Cholestérol 0 ma 0% Cholesterol | Cholesterol dmg 2% |
Sodium | Sodium 220 mg 13% Sodium [ Sodium 520 mg 22% |
Carbohydrate | Glucides 45 17% | | | Carboly IGlucldes 219 10% || prons
Fibre fFibres 3 g 14% Fibre | Fibes 19 4% | 2
Sugars [ Sucresd g Sugars | Sucres 29 |
Protein | Proteines 4 g Protein | Proteines 4 o
Vitamin A 1 Vitarmne A (Y Vitarmin A | Vitamins A 8%|
Vitamin C / Vitamine C % Vitamin C/ Vitamine % i
Caleium J/ Calcium % Catowmn | Calcium %:
Iron { Fer % Iron/ Fet %
Thiaming / Thiamine % |
Fibofiawin | Ribollzane 3% |
Mhacin | Niaane % |
Folate f Folata 24%|
I would choose
() Option &
() Oprion B
(3 Option C (none)

Figure C-1 Screenshot of choice experiment question with no warning label.
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Features Option A Option B Option C
Brand and Lay's® Potato Chips Rold Gold® Pretzels
Product Classic
Price $1.75 for 60 g bag. $1.00 for 60 g bag.
Nutaton Facts | | Nutrition Facts Nutrition Facts
Valeur nutritive Valeur nutritive
Per 1 package (60 g) Par 1 package (60 g)
pour 1 paguet (B0 g) pour 1 paguet (60 g}
Tosmen b wlu-. il ifee Tenaun o ot e rwr
Calories | Calories 340 alories | Calories 230 o
FatiLipides 22 3% FatiLipides 1 2%
Saturated f satunds 2 9 12% Satursted / saturds 03 g 1%
+ Trans /rans 0.2 g + Trans { rans 0
Cholesterol | Cholestérol 0 mg 0% Cholesterol | Cholesterol 0 mg 0%
Sodium | Sedium 400 mg 1T % Sodium I Sodium 1190 mg 49%
Carbohy IGlucldes 315 10% c IGlucides 499 16% Mone.
Fibee /Fitvos 1g 5% Fibre Fibres 2 g 1%
_Sugars [ Sucres 0Q Sugars | Sucres 29
Protein | Proteines 4 o Protein | Proteines & g
Vitamin A I Vitaming A 0 % Vitarmin A 1 Vitsrrins A )%
Vitamin C | Vitamine C 24 % Vitamn C / Vitamsng © 0%
Caicum / Calcium 2% Calcium ¢ Calcium 2%
iron! Fer & i, \ron f Fer 17%
This product is.
high in fat. it has.
nutriional content.

| would choose

) Option
() Option
O Option

A
B
C (none)

Figure C-2 Screenshot of choice experiment question with red light style war ning label.
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Appendix D: List of Descriptive Statistics

Table D-1 Variable Descriptions.

-

Variable Description

INTERNAL | MHLC score representing how strongly a person feées he or
she is in control of her own health. Range: 6 to 36

CHANCE MHLC score representing how strongly a person fées his or
her health is a result of chance or fortune.

OTHERS MHLC score representing how strongly a person fées his or
her health is controlled by the influence of otheople (e.qg.
family, friends, and health care professionals).

EXERCISE | A score to represent exercise intensity. Scoreddas the
same scoring system as in the CCHS 2.2.

DIET =1 if the person has been advised by a healthprafessional
to be watching his or her diet, O otherwise.

FEMALE =1 if female, O if male.

AGE Age in years.

HOUSE How many people live in household.

CHILDREN | How many people under the age of 18 live in houkkho

SCHOOL How many years of education completed, startinGriade 1.

INCOME Household income before taxes.

BMI Body mass index: weight / (height) units: kg for weight, m fo
height.

URBAN =1 if location of data collection is in an urbaea (Edmonton
and surrounding areas), 0 otherwise.

SAVEON =1 if the location of the data collection is ilfave On Foods
supermarket, 0 otherwise.

LABEL =1 if the person reads Nutrition Facts labels anabways or
more often than not, O if rarely or never.
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Table D-2 Descri

ptive Statistics.

N Minimum | Maximum | Mean Std.
Deviation
INTERNAL | 364 6 36 26.637 6.338
CHANCE 364 6 36 15.937 6.205
OTHERS 364 6 36 17.371 6.459
EXERCISE | 361 .0 39.5 10.595 6.660
DIET 364 0 1 .33 A71
FEMALE 364 0 1 .79 408
AGE 361 18 81 48.028 14.046
HOUSE 362 1 7 2.78 1.288
CHILDREN | 364 0 5 71 1.049
SCHOOL 364 .0 19.0 13.882 2.6593
INCOME 347 5000.00 105000.000 62608.069 31820.
BMI 348 15.96 47.19 26.451 4.899
URBAN 364 0 1 A7 499
SAVEON 364 0 1 37 482
LABEL 364 0 1 .76 428
Valid N
(listwise) | 520
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Table D-3 Correlations (continued on next page).

INTERNAL CHANCE POWERFU EXERCISE DIET
L

INTERNAL | Pearson

Correlation 1 -0.15491 0.019864 0.025973 -0.01483

Sig. 4.69E-48| 0.063373 0.015617 0.165627
CHANCE Pearson

Correlation -0.15491 1 0.52607 0.105Q03 0.028804

Sig. 4.69E-48 0 1.1E-22 0.007095
POWERFUL | Pearson

Correlation | 0.019864 0.52607 L 0.004085 0.208699

Sig. 0.063373 0 0.7037Y 1.42E-86
EXERCISE Pearson

Correlation | 0.025973 0.10503 0.004085 1 -0.07625

Sig. 0.015617 1.1E-22 0.70377 1.19E-[12
DIET Pearson

Correlation -0.01483 0.028804 0.208699 -0.07625 1

Sig. 0.165627 0.007095 1.42E-86 1.19E-12
EEMALE Pearson

Correlation | 0.069074 -0.08984 -0.09004 -0.126B7 -0.06289

Sig. 1.03E-10 4.01E-17 3.42E-17 2.01E-B2 4.04E+09
AGE Pearson

Correlation -0.06989 -0.1009¢4 0.085485 -0.204B8  0.300R259

Sig. 7.42E-11 4.41E-21 1.58E-15 1.06E-81 5.5E-180
HOUSE Pearson

Correlation -0.07397 0.207592 0.077131 0.167969 -0.15679

Sig. 5.08E-12 3.38E-84 6.06E-13 1.47E-b5 2.48E}+48
CHILDREN | Pearson

Correlation -0.04961 0.212419 0.087933 0.162227 -0.10058

Sig. 3.5E-06 1.09E-89 1.79E-16 3.55E-52 4 35E21
SCHOOL Pearson

Correlation | 0.122381 -0.15803 -0.15582 -0.008p5 -0.06104

Sig. 1.66E-30 5.81E-5( 1.32E-48 0.420728 1.13E+-08
INCOME Pearson

Correlation 0.107521 -0.15228 -0.20317 0.030136 -0.1449

Sig. 7.63E-23 2.19E-44 2.62E-78 0.0061[71 2.6E+40
BMI Pearson

Correlation -0.01691 -0.01921 0.041952 -0.153p3 0.307184

Sig. 0.122183 0.079199 0.000126 7.44E445 5.5E-[182
URBAN Pearson

Correlation | 0.000563 -0.02419 -0.09724 0.013349 0.040183

Sig. 0.958015 0.023757 8.32E-20 0.214045 0.0000.37
SAVEON Pearson

Correlation 0.007724 0.002265 -0.05971 0.034543 0.017606

Sig. 0.470409 0.832376 2.34E-08 0.0003  0.099872
LABELR Pearson

Correlation 0.046662 -0.06263 -0.05103 0.058151 0.085(169

Sig. 1.28E-05 4.67E-09 1.82E-06 6.07E-P8 1.54Er15
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Table D-3 Correlations (continued on next page).
FEMALE AGE HOUSE CHILDREN | SCHOOL

INTERNAL | Pearson
Correlation| 0.069074| -0.06989  -0.07397  -0.04951  0.122381
2

Sig. 1.03E-10| 7.42E-11  5.08E-1 3.5E-06  1.66E{30

CHANCE Pearson
Correlation -0.08984 -0.1009¢4 0.207592 0.212419 -0.15803

Sig. 4.01E-17| 4.41E-2]1 3.38E-85 1.09E-89 5.81E}50

POWERFUL | Pearson _
Correlation -0.09004 0.08548% 0.07713

Sig. 3.42E-17| 1.58E-1§ 6.06E-1

1
3
EXSERCISE | Pearson
Correlation| -0.12687| -0.2043§ 0.167969 0.162227  -0.00865
5

0.087953 -0.15p82
1.79E-16  1.32Er48

Sig. 2.01E-32 1.06E-81 1.47E-5 3.55E-b2 0.420728
DIET Pearson

Correlation -0.06289 0.300259 -0.15579 -0.100p8 -0.06104

Sig. 4.04E-09 5.5E-18( 2.48E-48 4.35E-21 1.13E+08
FEMALE Pearson

Correlation 1 0.140533 -0.1042Y -0.18087 0.12109

Sig. 1.84E-39 1.96E-22 3.87E-65 6.76E-B0
AGE Pearson

Correlation| 0.140533 1 -0.39745 -0.39313 0.010044

Sig. 1.84E-39 0 0 0.349878
HOUSE Pearson

Correlation -0.10427 -0.39744 1 0.74784 -0.105B5

Sig. 1.96E-22 0 0 7.17E-28
CHILDREN | Pearson

Correlation -0.18087 -0.39313 0.74784 1 -0.138b1

Sig. 3.87E-65 0 0 1.12E-38
SCHOOL Pearson

Correlation 0.12109 0.010044 -0.10535 -0.138b1 1

Sig. 6.76E-30 0.349878 7.17E-23 1.12E-38

INCOME Pearson

Correlation| 0.077677)  -0.05022  0.14508  -0.00406  0.236687

Sig. 1.26E-12| 4.84E-0¢ 3.52E-40 0.650619 2.2E-106
BMI Pearson

Correlation -0.04679| 0.134478 0.057874 0.027791 -0.05665

Sig. 1.89E-05 1.02E-34 1.31E-07 0.011088 2.21E-07
URBAN Pearson

Correlation| 0.026448| 0.025027 -0.0845  -0.110p1  0.090653

Sig. 0.013434| 0.019828 3.05E-15 6.21E25 2.086-17
SAVEON Pearson

Correlation|  -0.05096| -0.02234 -0.08169 -0.13y6  0.150943

Sig. 1.88E-06] 0.037423 2.43E-14 3.43E-88 1.1E445

LABELR Pearson
Correlation 0.163158 0.22108 -0.0714

Sig. 3.51E-53| 2.15E-94 2.65E-1]

-0.124p6  0.122477
1.34E-B1 1.5E;30

N

[E=Y
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Table D-3 Correlations (continued).

INCOME BMI URBAN SAVEON LABELR

INTERNAL | Pearson

Correlation | 0.107521 -0.01691 0.000563 0.007724 0.046p62

Sig. 7.63E-23| 0.122183 0.958015 0.470409 1.28H-05
CHANCE Pearson

Correlation | -0.15228 -0.01921 -0.02419 0.002265 -0.06263

Sig. 2.19E-44| 0.079199 0.023757 0.832376 4.67H-09
POWERFUL | Pearson

Correlation | -0.20317| 0.041952 -0.09724 -0.059171 -0.05103

Sig. 2.62E-78| 0.000126 8.32E-20 2.34E-D8 1.82E-06
EXERCISE Pearson

Correlation | 0.030136 -0.15353 0.013349 0.034543 0.058[151

Sig. 0.006171| 7.44E-4% 0.214045 0.00113 6.07E-08
DIET Pearson

Correlation -0.1449| 0.307184 0.040783 0.0176006 0.085(169

Sig. 2.6E-40| 5.5E-187 0.000137 0.099872 1.54E-15
FEMALE Pearson

Correlation | 0.077677 -0.04679 0.026448 -0.05096 0.163[158

Sig. 1.26E-12| 1.89E-01 0.013434 1.88E-D6 3.51EF53
AGE Pearson

Correlation | -0.05022| 0.134478 0.025027 -0.02236 0.22108

Sig. 4.84E-06| 1.02E-34 0.019828 0.037423 2.15E-96
HOUSE Pearson

Correlation | 0.145068| 0.057874 -0.0845 -0.08169 -0.07142

Sig. 3.52E-40| 1.31E-07 3.05E-15 2.43E-14 2.65Er11
CHILDREN | Pearson

Correlation | -0.00496( 0.027791 -0.11001 -0.13)6 -0.12466

Sig. 0.650619( 0.011088 6.21E-25 3.43E38 1.34E-31
SCHOOL Pearson

Correlation | 0.236687 -0.0566% 0.090653 0.150943 0.122477

Sig. 2.2E-106| 2.21E-07 2.08E-17 1.1E-45 1.5E130
INCOME Pearson

Correlation 1| -0.02067 0.187646 0.14613 -0.001]31

Sig. 0.064996 7.22E-67 5.61E-41 0.90495
BMI Pearson

Correlation | -0.02067 1 0.06147Y 0.015444 0.111756

Sig. 0.064996 1.88E-08 0.158149 1.26E24
URBAN Pearson

Correlation | 0.187646| 0.061477 Il 0.815389 0.129884

Sig. 7.22E-67| 1.88E-0§ D 3.53E-34
SAVEON Pearson

Correlation | 0.14613| 0.015444 0.815389 1 0.111497

Sig. 5.61E-41| 0.158149 D 1.17E-25
LABELR Pearson

Correlation | -0.00131| 0.111756 0.129884 0.111697 1

Sig. 0.90495| 1.26E-24 3.53E-34 1.17E-R5
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Appendix E: Spreadsheet Setup of Hypothetical

Market
A B C D E F G H | J K
2
[
0 o g 8
g ol S| 5 5 B| §BE|e .
7] 2 = = o X c X = c =
< = o =] ° < =] © O | © Q
(8] _ © o = o] [0} O T e o]
3 | cheeto 1 0 0 0 0 0 0 0| 0 -0.866
4 | lays 0 1 0 0 0 0 0 0| 0 -0.296
5 | doritos 0 0 1 0 0 0 0 0| 0 -0.376
6 | dutch 0 0 0 1 0 0 0 0| 0 -0.697
7 | rold
gold 0 0 0 0 1 0 0 0| 0 0
8 | baked
lays 0 0 0 0 0 1 0 0| 0 0.2253
9 | sun 0 0 0 0 0 0 1 0| 0 0.4446
10 | baked
doritos 0 0 0 0 0 0 0 1 0 0
11 | price 1.25 1.25 | 1.25 1.25 1.25 1.25 125 | 125| 0 -0.367
12 =26
BMI* * =26% | =26* | =26* =26* =26* | =26% | =26*
price B11 C11 | D11 E11 F11 G11 H11 11| 0 0.0123
13 | w1 0 0 0 0 0 0 0 0| o -0.7675
14 | w2 0 0 0 0 0 0 0 0| 0 0
15 | pwi 0 0 0 0 0 0 0 0| o0 0
16 | pw2 0 0 0 0 0 0 0 0] 0 0
17 | incom =6.2
e* * | =6.2% | =6.2% | =6.2* =6.2* =6.2* | =6.2* | =6.2*
price B11 C11 | D11 E11 F11 G11 H11 11| 0 -0.026
18 | ascc -0.9846
L M N (@] Q R S
2 | B*K C*K D*K E*K F*K G*K H*K I*K
3 | =B3*K
3
4 =C4*K4
5 =D5*K5
6 =E6*K6
7 =F7*K7
8 =G8*K8
9 =H9*K9
10 =19*K9
11 | =B11* | =C11*K11 | =D11*K11 | =E11*K11 | =F11*K11 | =G11*K11 | =H11*K11 | =111*K11
K11
12 | =B12* | =C12*K12 | =D12*K12 | =E12*K12 | =F12*K12 | =G12*K12 | =H12*K12 | =112*K12
K12
13
14
15
16
17 | =B17* | =C17*K17 | =D17*K17 | =E17*K17 | =F17*K17 | =G17*K17 | =H17*K17 | =117*K17
K17
18
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X Y Z

2 \Y market share

3 =SUM(L3:L17 | =EXP(Y3)/(EXP($Y$3)+EXP(SY$4)+EXP($YS5)+EXP($YS6)+EXP(SY$7
cheeto | ) V+EXP($Y$8)+EXP($Y$9)+EXP($Y$L0)+EXP($Y$11))

4 =SUM(M3:M1 | =EXP(Y4)/(EXP($Y$3)+EXP($Y$4)+EXP($Y$5)+EXP($YS$6)+EXP($Y$7
lays 7) )+EXP($YS8)+EXP($YS9)+EXP($YS10)+EXP($Y$11))

5 =SUM(N3:N1 | =EXP(Y5)/(EXP($Y$3)+EXP($Y$4)+EXP($Y$5)+EXP($YS$6)+EXP($Y$7
doritos | 7) )+EXP($YS8)+EXP($YS9)+EXP($YS10)+EXP($Y$11))

6 =SUM(03:01 | =EXP(Y6)/(EXP($Y$3)+EXP(SY$4)+EXP($YS5)+EXP($YS6)+EXP(SY$7
dutch | 7) V+EXP($Y$8)+EXP($Y$9)+EXP($Y$10)+EXP($Y$11))

7 rold =SUM(P3:P17 | =EXP(Y7)/(EXP($Y$3)+EXP(SY$4)+EXP($YS5)+EXP($Y$6)+EXP($Y$7
gold ) V+EXP($Y$8)+EXP($Y$9)+EXP($Y$L0)+EXP($Y$11))

8 baked | =SUM(Q3:Q1 | =EXP(Y8)/(EXP($Y$3)+EXP($Y$4)+EXP($YS$5)+EXP($Y$6)+EXP($Y$7
lays 7) )+EXP($YS8)+EXP($YS9)+EXP($YS10)+EXP($Y$11))

9 sun =SUM(R3:R1 | =EXP(Y9)/(EXP($Y$3)+EXP($Y$4)+EXP($Y$5)+EXP($YS$6)+EXP($Y$7
chips 7) )+EXP($YS8)+EXP($YS9)+EXP($YS10)+EXP($Y$11))

10 baked | =SUM(S:S17) | =EXP(Y10)/(EXP($Y$3)+EXP($Y$4)+EXP(SY$5)+EXP(SY$6)+EXP(SYS
doritos 7)+EXP($Y$8)+EXP($Y$9)+EXP($YS10)+EXP($Y$11))

11 =K18 =EXP(Y11)/(EXP($YS$3)+EXP($YS4)+EXP($Y$5)+EXP($Y$6)+EXP(SY$S

none

7)+EXP($Y$8)+EXP($Y$9)+EXP($Y$10)+EXP($Y$11))
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