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Health Canada has proposed mandatory Front-of-Package nutrition warning labels to deter
purchases of foods ‘high in’ sugar, sodium, and/or saturated fat. This research examines the
impact of two different sized warning labels and product ordering by health level in an online
grocery store setting. 1050 participants completed an online experiment involving discrete
choice sets and survey questions. Larger, more prominent warning labels were more effective
in deterring “high in” item purchases than the label requirements proposed by Health Canada.
Product ordering was an effective tool in specific scenarios although, the health ordering had
no consistent impact. Warning labels were not statistically significant in reducing the
likelihood of purchasing a “high in” item. There is a noticeable difference in the effectiveness
of the treatments dependent on the product category and possibly the perceived healthfulness
of the products.
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Chapter 1 Introduction
1.1 Overview
Obesity rates in Canada and many other parts of the world have been increasing. The health
of the population is a major concern both economically and socially as weight gain from
unhealthy diets is strongly associated with chronic diseases, which lead to increased
healthcare expenses and loss of productivity. Lieffers, Ekwaru et al. (2018) estimate that
$13.8 billion per year in avoidable healthcare expenses in Canada can be attributed to
unhealthy eating. The level of nutrients in food products varies widely, which creates drastic
differences in individual diets based on what is consumed. The discussion surrounding
consumer choice decisions has been increasing in recent years. Implementing a policy
change in grocery stores may be a way to improve the healthfulness of Canadian diets.

Health Canada has proposed the use of mandatory Front-of-Package (FoP) nutrition warning
labels for packaged food products on grocery store shelves to improve the nutritional
knowledge and awareness of consumers. Warning labels may be a method to improve the
healthfulness of consumer purchase decisions in a grocery store, similar to calorie labelling in
chain restaurants. The purpose of the labels is to decrease the demand for unhealthy foods
and indirectly reduce the obesity rate in Canada. Health nudges are another method that may
be effective in influencing healthier purchase decisions and easing the economic burden of
obesity in Canada. Nudges are subtle changes to the design of the environment or the framing
of information that can influence our behaviours (Harrison and Patel 2020). The current
research evaluating relevant methods to influence purchase decisions in grocery stores is
limited and the optimal method is unclear. This is particularly true for the online grocery
store setting and is especially important given the significant increase in online food
shopping.

1.2 Background
The obesity rate in Canada has been trending upwards over the past two decades and shows
no signs of slowing down. Fifteen percent of the population was considered obese in 2002, a
statistic that increased to 26.8% by 2018 (Statistics Canada 2020). Influencing food choice is
believed to be an economical method of helping to control this serious health issue. Weight
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classification is traditionally done using the Body Mass Index system (BMI), which considers
a ratio of an individual’s height and weight. BMI categories are as follows: underweight
(<18.5), normal weight (18.5-24.9), overweight (25-29.9), and obese (>30). BMI is not a
perfect classification system because it does not consider individuals who weigh considerably
more or less than what is considered normal due to muscle definition or other conditions.
Also, BMI does not consider age. Individuals who are still physically maturing or the elderly
may be categorized differently than expected.

Currently, approximately two thirds of the Canadian population over the age of 35 is
considered overweight or obese. Weight and health issues tend to increase with age. The
percentage of the Canadian adult population that is overweight is lowest in the 18-34 age
group and highest in those 65 and over. Table 1.1 highlights the overweight and obese adult
population in Canada over the five-year period from 2015 to 2019. The percentage of those
overweight in increasing in the 18-49 age range while the obesity rate is increasing in
Canadian 50 and over.
Table 1.1 Body mass index, overweight or obese, self-reported, adult, age groups (18
years and older)
Percentage overweight by age

Percentage obese by age

Year

18 - 34

35 - 49

50 - 64

65 +

18 - 34

35 - 49

50 - 64

65 +

2015

29.8

36.4

38.5

40.1

17.3

29.1

32.0

27.2

2016

30.7

35.3

39.1

39.6

19.1

29.6

30.4

27.7

2017

30.2

36.4

38.6

40.3

19.7

28.9

31.9

28.0

2018

30.5

37.4

38.8

39.9

18.7

30.3

31.3

28.1

2019

30.2

37.6

37.4

38.9

20.4

29.6

33.2

28.1

(Statistics Canada 2020). Note: Data is for all provinces in Canada, not including the
territories
Obesity is strongly associated with type 2 diabetes, cardiovascular disease, various cancers,
and many other diseases (Nyberg, Batty et al. 2018). As a result, obesity creates a major
financial and societal burden due to the increased costs for Canada’s publicly funded
healthcare system. Thus the government has an interest in improving the health of Canadians
through strategies that encourage weight loss, which is key to controlling obesity (Dixon
2010). Weight loss is achieved by consuming fewer calories than needed to fuel regular body
functions. Traditional approaches to weight loss focus on reducing the amount of food
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consumed while also improving its nutritional quality in order to reduce calories, fat, sodium
and sugar, as well as increasing physical activity to burn more energy. Saturated fat, sodium,
and sugar have been found to be directly attributed to weight gain and obesity (Wright and
Aronne 2012). Understanding the process of food purchase decisions, and how they can be
influenced may play a vital role in improving the healthfulness of the food choices made by
Canadians.

Health Canada and many other national bodies have proposed or developed methods to
influence and improve the healthfulness of consumer decisions. Food choice is a complex
issue. Consumers tend to shop according to price which heavily skews towards unhealthy
foods (Andreyeva, Long et al. 2010). Processed fats, sugars, and salts are relatively
inexpensive compared to fresh produce or other healthful foods. Therefore, consumers with
budget constraints may by necessity purchase less healthy foods. This is a fundamental issue
with the food environment in Canada and elsewhere.

The proposal by Health Canada to implement FoP labels focuses on foods high-in sugar,
sodium, and saturated fat. The warnings would be placed on products that contain more than
15% of the recommended daily intake per serving according to the Nutrition Facts Table. The
purpose of the FoP labels is to increase awareness of foods that are relatively unhealthy and
should not be consumed regularly. Warning labels on food are a relatively new concept.
Although warning labels have been used for many years to promote awareness of the harms
of tobacco products, similar labels have not been introduced to grocery store shelves.
Table 1.2 Proposed thresholds for requiring a front-of-package nutrition symbol

Pre-packaged foods

Pre-packaged Meals and main dishes

Sugar

Sodium

Saturated Fat

15% DV (3g)

15% DV

15% DV

(15g)

(350mg)

30% DV

30% DV

(30g)

(690mg)

15% DV (8g)

15% DV

30% DV (6g)

Foods intended solely for children 1

15% DV

to 4 years of age

(1.5g)

(Health Canada 2018)

(230mg)
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Warning labels would be used to supplement the Nutrition Facts Table (NFT) that is found on
the back of pre-packaged foods. Fresh or unprocessed foods do not have a NFT and would
not have warning labels to influence purchases. Consumers who use nutritional information
from products are influenced to healthier products. However, it is believed that NFTs are
limited in their effectiveness because of the complexity of processing the information
(Barreiro-Hurlé, Gracia et al. 2010). Therefore, methods that are complementary to the NFTs
that may influence consumer purchases decisions towards healthier alternatives are being
explored.

1.3 Economic Problem and Importance
The economic burden of obesity in Canada is redistributed to all taxpayers through the
universal healthcare system, thereby reducing the direct consequence of an unhealthy diet and
lifestyle for the individual. The rise in healthcare costs and the increase in non-communicable
diseases that are attributed to obesity have spurred an interest in developing potential policies
that would address the situation. The negative externality of not following diet
recommendations in Canada is estimated to be $13.8 billion per year, through avoidable
healthcare costs. The obesity pandemic spans beyond Canadian borders; dozens of countries
worldwide have populations with increasing obesity and weight-related medical issues.
Influencing food choice through policies is believed to be a viable way of reducing obesity
and improving the health of a population.
Health Canada’s proposal to implement mandatory FoP nutritional warning labels on food is
one method that may assist consumers in their product purchase decisions. This type of
policy is focused on reducing the barriers of making healthy food decisions by providing
supplemental nutritional information that is more easily interpreted. Other methods of
influencing food choice focus on incentivizing and enhancing certain product options to
make them more attractive, which contradicts the reasoning behind nutritional warning labels
(Cadario and Chandon 2019). Nudges and financial incentives for healthy purchases are other
potentially viable policy options that could improve the healthfulness of diets. These methods
are used to support healthy products rather than harm unhealthy ones.

Producers and other important members of the supply chain do not know how policies
promoting healthy food choices or providing nutritional warning information would impact
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consumer preferences and purchase decisions. The use of an effective public policy to
influence consumer food choices has the potential to improve the diet and health of a
population. This information could benefit industry professionals in deciding their product
offering. Policy makers would especially benefit, by learning how consumers react to each of
the potential influencers, and which method is the most effective in limiting unhealthy food
choices and encouraging more healthful options.

Understanding how consumers shop for groceries has benefits for future policies beyond the
scope of Health Canada’s nutritional warning label proposal. The product environment is
constantly evolving. Consumers’ desire and willingness to pay for healthy products is
valuable information for product development and positioning. The health food category has
been rapidly growing as consumers have shown a demand for different types of products with
health claims. This change has resulted in more products and more choice (Annunziata and
Pascale 2009). A policy used to influence consumers towards healthier alternatives or product
categories that they do not normally purchase will create a larger demand for the sector.
Therefore, it is important for both policy makers and food producers to understand how
consumers interact with various health stimuli in a grocery store setting.

1.4 Literature Gap
Previous research has focused solely on assessing the efficacy of a specific policy, incentive,
or nudge for food items related to healthfulness. Systematic reviews and meta-analyses have
helped distinguish optimal nudges and appropriate financial incentives by analyzing
elasticities. However, the different potential policies are not directly compared or used in
conjunction. The literature proves that convenience enhancements are one of the most
effective nudges for health foods— and a 30% price reduction or rebate appears to be the
optimal financial incentive for healthy foods (Andreyeva, Long et al. 2010, Cadario and
Chandon 2019). These health influencers have not been directly compared to Health
Canada’s proposed nutritional warning labels to evaluate their relative effectiveness. Previous
studies have suggested that there is a difference in effectiveness across their studies, which
may prove that consumers react differently. There is limited research that evaluates relevant
health incentives in conjunction with one another to determine if they are complementary or
if a larger impact would occur. The literature is partially divided on whether consumers need
supplemental nutritional information and a reduction in costs to access it, or if consumers
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need more of an incentive to alter their purchase patterns. The current literature does not
effectively evaluate these policy options or use them in conjunction to understand optimality
and their relative performance and efficacy. Also, the literature does not capture the increase
in popularity of online grocery shopping and the changes that may occur from this.

1.5 Addressing the Literature Gap
This thesis assesses the interaction and effectiveness of different health influencers in an
online grocery shopping experiment. Data is collected through online participation using a
grocery shopping experiment to assess effectiveness and an exit survey to gain further
knowledge on demographics such as income, education, gender, age, and race. The
experiment contains one control group and four different treatment groups: a regular grocery
shopping experience; grocery shopping exposed to nutritional warning labels; grocery
shopping with convenience enhancements for health foods through product order; and both
treatments simultaneously.
The experiment focuses on testing the effectiveness of Health Canada’s nutritional warning
labels relative to two alternatives to understand consumers’ interaction with the various
stimuli. The four treatment groups create a strong opportunity to compare and contrast how
the influence or stimuli is perceived and interacted with. Participants being exposed to both
of the relevant health stimuli simultaneously will provide a platform to assess whether these
policies are complementary to one another, or whether they impact each demographic
differently.

Completing all of these relevant treatments in one experiment provides an unbiased platform
to compare and contrast one another, which is an addition to the literature. This specifically
helps address the limitations in understanding the differences in the results of previous
studies. A logit model is used to evaluate the differences in the treatment groups. The exit
survey is used to control for differences in demographics and the coefficients allows average
marginal effects to be estimated. This creates a platform for the different policies to be
equally evaluated as all the data is collected using the same methods. This contributes
valuable knowledge regarding the effectiveness of relevant health stimuli in an online
grocery store setting and how various consumers interact with them.
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1.6 Organization of Thesis
The thesis has seven chapters, beginning with the introduction, which presents the topic and
the relevant background information as well as the literature gap that the experiment is built
upon. The second chapter is a literature review, which overviews relevant studies and
experiments and builds the understanding of the problem at hand. The review section
highlights past work in the field of health stimuli and consumer purchasing decisions. The
third chapter explains the empirical framework that is used to test the hypotheses of the
study. Chapter Four explains the research development and the methods used to conduct the
grocery shopping experiment and data collection. The fifth chapter explains the empirical
framework used in the data analysis and estimation, while the sixth chapter presents the
results of the experiment and relevant findings. The seventh and final chapter concludes the
thesis by summarizing the key findings and discussing the implications of the results.
Limitations of the study are also acknowledged alongside suggestions for future research
within the field of evaluating the efficacy of influencing and incentivizing healthy food
products.
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Chapter 2 Literature review
2.1 Introduction
This chapter presents a thorough review of the literature related to the economics of using
various policy strategies to improve the health of a population as well as consumer choice
theory. The first section focuses on consumer demand for various food attributes and their
interaction with product information, building a strong understanding of what consumers are
looking for in products to understand purchase decisions. The second section builds from
consumer choice behaviour to examine obesity and related health policy. This section also
focuses on the causes of obesity and previous policies that have been used in an attempt to
combat the issue. The third and final section is an overview of previous work in the field of
nudges, label usage, and financial incentives in the food industry and why these methods may
be useful to influence purchase decisions. The chapter concludes with a summary of the
entire literature review.

2.2. Consumer choice and demand for foods
2.2.1 Consumer demand for food
Demand for food is constantly evolving. The emergence of new technologies, the importance
of food safety, and the variability of food quality are only a few of the factors that have led to
more product choice for consumers (Grunert 2005). Both sit-down and fast food restaurants
are generating more business and a larger percentage of the consumer food dollar than in the
past (Stewart, Blisard et al. 2004). Grocery stores’ product offering has also been changing
over time to reflect shifting consumer preferences. The change in consumer buying patterns
has influenced the products that are available on the market.

Products can be differentiated by quality, taste, price, size, healthfulness, convenience,
production strategies, and more. Understanding what consumers value— and the process of
choosing what to purchase— provides a foundation to thoroughly examine how the
environment can be changed to improve the relative healthfulness of food consumption. It is
evident that there are many food choices available, which is directly reflective to the lack of
homogeneity in consumers. The large variability between consumers in terms of consumption
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trends, priority, and general food purchases creates added difficulty in determining policy
effectiveness across multiple socio-economic classes, age groups, and demographics.

2.2.2 Consumer choice theory
Consumer choice theory is built around maximizing utility given constraints. Products or
product attributes provide utility to the consumer and the total utility is maximized given a
budget constraint that limits consumption. The variation within the literature generally
revolves around how utility is derived from a product. Lancaster (1966) suggests that
consumers do not derive utility from products themselves but rather from the features and
characteristics of their consumption. This theory fits well with the lack of homogeneity in
food products in the current environment. Every consumer values characteristics differently.
This utility theory provides a good understanding of how changes to product formulation or
various characteristics impacts utility and consumption choices. Incorporating multiple
characteristics within products or baskets enables intrinsic qualities to be considered in
deriving utility, which allows the theory to better capture differences between substitute
products.

Product value can be divided between intrinsic and extrinsic values. Characteristics related to
the physical product or features of the product are categorized as intrinsic values, whereas
features that are not directly related to the product such as price and brand are considered
extrinsic value (Olson and Jacoby 1972). Separating product value by these qualities shines
light on the difference between brand preference and other variables that can be difficult to
assess. Consumers are not homogenous and neither are products. Olson and Jacoby (1972)
suggest that perceived quality of a product is an important aspect regarding how consumers
value them, a vital aspect when considering the reasons behind purchase decisions. Perceived
quality of a product is necessary when consumers are either unable or unwilling to get the
appropriate information regarding the product performance or value to them. Nelson (1970)
proposes two methods to obtain product quality information: through searching for product
attributes or through the experience of the product. Both methods are dependent on the ability
to experience the product before purchase and on the preference of the consumer. Nudges and
labels are a method of offering readily available product information to consumers. These aid
in reducing search costs and provide consumers with a better understanding of the product
traits. If this is done accurately and appropriately for food products, one can expect a portion
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of consumers would benefit from the reduction in search costs and an improved level of
perceived quality.
Quality expectation and quality experience is the base of food choice for consumers. Labels,
categories, and brands are used as a method to improve on the lack of knowledge surrounding
the true quality of a product before purchase (Grunert 2002). Labels such as health warnings
or health benefits and the categorization of food products are ways of altering quality
expectation and help to shed light on the quality experience before consuming the product.
Health incentives, information, or nudges can be considered product cues that may be useful
in influencing consumer purchase decisions and provide value to consumers regarding the
type of product or quality they can expect.
A common econometric approach used in similar analysis follows the work of Louviere,
Hensher et al. (2000). It assumes that the product chosen by each participant provides them
with the highest utility amongst all relevant options. It is believed that consumers derive a
collective utility from a bundle of attributes that each product offers, rather than from the
product as a whole. It is the various features of each product that together represent the total
utility level a consumer can gain. Differentiating the total utility a consumer receives from a
given product allows for specific features to be analyzed such as labels, through utility
maximization theory. This is the traditional foundation of consumer choice theory, developed
by Lancaster (1966) in his research paper “A New Approach to Consumer Theory” and is
now known as Lancastrian consumer theory.

2.2.3. Consumer interaction with product information
The literature surrounding consumer choice and interaction with product information is
extensive, ranging from product evaluation, the ability for consumers to process information,
and the use of labels and advertisements. Product information has a tremendous impact on
consumer choices, specifically food choices due to the common lack of product experience
before a new purchase. Information can be gathered in several different ways, ranging from
product labelling and packaging, advertisements in store, online or in print, and word of
mouth. However, the transfer of information from the seller to the buyer is imperfect.
Consumers naturally have a limit in their processing capacity and are often unable to
appropriately assess the information of a given product (Sasaki, Becker et al. 2011). Excess
information that a consumer is unable or unwilling to process effectively leads to cognitive
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overload. In this state consumers use basic information readily available and a more simple
strategy to make a purchase decision. The inability to process information creates difficulty
for companies to efficiently communicate their product offering to consumers. Sasaki, Becker
et al. (2011) found that large amounts of product information lead to a decrease in choice
diversity. Their results were found using an online shopping experiment and expanded on
using an agent-based model, noticing a difference in choice between private and public
decisions when provided with information regarding popularity of products. A common
theme when faced with consumption decisions and an overwhelming level of product
information is converging on one behaviour: following the decision of others before. Nudges,
cues, and information labels are methods that can assist consumers in their shopping
decisions to limit cognitive overload.

Traditional neoclassical economic theory would suggest that the more information a
consumer can attain before making a purchase decision, the higher utility one can expect to
receive. This is assuming perfectly informed buyers and sellers. It is illogical to believe that
consumers are able to both search and process all appropriate information before making
decisions; this adds complexity to economic models. As this assumption is relaxed, the
economic modelling becomes more complex, with the introduction of search costs and time,
amongst other variables. Swait and Adamowicz (2001) recognize this limitation in the
economic literature and propose a method of analysis based on the random utility model
while incorporating choice complexity and the imperfect ability to consume in an optimal
manner. This suggestion is supported by the growing literature surrounding consumer
decisions; it is imperfect. Table 1

A study by Barreiro‐Hurle, Gracia et al. (2010) examined the impact of multiple health and
nutrition labels on consumer utility in a two product choice experiment. They found that the
exposure to more than one label simultaneously rarely had a positive impact on utility,
suggesting it is not a benefit to consumers. Mhurchu, Eyles et al. (2018) completed a
nutrition warning label study using traffic light labels, health star rating labels, and nutrition
information panels presented through scannable barcodes on packaged foods and found them
to be effective, a simpler and easily processed cue. However, only 23% of labels were
actually viewed for purchased food items and they found sizeable differences between food
categories. Their findings suggest that using health labels may lead to healthier food
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purchases, which is supported by other studies that looked to influence healthy food choices
(Sutherland, Kaley et al. 2010, Nikolova and Inman 2015). Similar experiments found no
significant effect on food purchases from health labels, and there is uncertainty regarding the
effectiveness of providing an increased level of nutrition information to consumers (Sacks,
Rayner et al. 2009, Ni Mhurchu, Volkova et al. 2017). The low number of consumers looking
at nutrition labels and information is a consistent theme across the literature. Todd and
Variyam (2008) find that nutrition label use has been declining, especially amongst
consumers less than 30 years of age.

Consumers are estimated to make approximately 200 food related decisions every single day,
and it believed that these decisions are often made promptly and are largely unaware of
external factors influencing these decisions (Wansink and Sobal 2007). These decisions are
complex to model and a variety of factors can influence food choices. The increase in obesity
throughout the population suggests that more can be done to better inform or influence
consumers. Whether that is best done by using ample nutritional information and labels,
financial incentive programs, or nudge theory has not yet been determined in the literature.
There are arguments supporting all three methods. Nevertheless, consumers as a whole
appear to be unable or unwilling to consume in a manner that is optimal for their own health
and a society with publicly funded healthcare.

2.2.4 Section summary
The decision-making process for the consumer is complex. There are often many different
options and consumers do their best to maximize their utility given a budget constraint.
Consumers tastes and preferences are constantly changing and evolving which alters
purchase decisions and reinforces the importance of understanding. The perception of
product attributes is an important factor in the decision-making process because consumers
are often unable to experience food products prior to a purchase decision. This creates the
need for adequate communication between the product offering and the consumer. There is
uncertainty on the optimal method of transferring information to the consumer to influence
purchase decisions, which makes it important to consider multiple offers to properly evaluate
interaction and effectiveness.
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2.3 Obesity and health related to food choices
2.3.1 Introduction
The following section provides an overview of current and past issues of obesity and diet
related choices made by individuals. Differences between societal optimality and individual
optimality are also explored. The literature surrounding individual food choices, causes of
obesity, and policy implications is summarized. Also, worldwide food related health policies
are quickly reviewed as well as the poverty obesity paradox that adds complexity to the
ongoing obesity crisis. Previous studies overviewing and assessing obesity and the
complexity of it related to food choices are also examined.

2.3.2 Introduction to obesity and health policy
Obesity is a chronic disease that has several adverse effects for both the individual and
society. In Canada, the burden of obesity is especially important due to the current universal
healthcare system that redistributes the financial expense to all taxpayers of the country. The
economic burden of obesity may be felt by governments, health care systems and
organizations, employers, and individuals experiencing this chronic disease.

Obesity is known to be a direct result of both the overconsumption of unhealthy foods and a
lack of physical movement although there may also be other causes of weight gain that play a
role in an individual’s health. The condition of being obese has proven to cause higher than
average annual healthcare costs (Lieffers, Ekwaru et al. 2018). It is estimated that, on
average, six to seven years is lost in life expectancy due to adulthood obesity (Peeters,
Barendregt et al. 2003). The loss of life expectancy and increase in yearly healthcare costs
alongside other complications that may arise from an unhealthy population suggest that it
would be valuable to influence health decisions in a positive manner to combat this issue.

Improved food-related health outcomes are a focus of the first ever Food Policy for Canada,
which was launched in 2017. Health Canada has proposed the use of front-of-package
warning labels on foods that are deemed unhealthy (Health Canada 2017, Agriculture and
Agri-Food Canada 2019). Statistics Canada estimated in 2018 that over 62% of Canadians
aged 18 or older were either overweight or obese (Statistics Canada 2018). These estimates
were completed using self-reported data. Self-reported data is limited in its usefulness and
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accuracy because it is believed participants often report themselves to be a healthier weight
than real life, which suggests that these numbers may actually be deflated (Stommel and
Schoenborn 2009).

2.3.3 Individual food choices and causes of obesity
Individual food choice theory is best modelled using utility maximization theory. It is a
complex phenomenon because individual choice decisions do not always align with the
optimal choice outcome for the population as a whole (Sen 1970). Individuals are all different
in the ways they maximize their personal utility; this often changes over time or even day to
day. There are several variables that alter consumer decisions such as the amount of free
time, daily schedule, accessibility, and much more. There is uncertainty whether consumers
have the ability to make the optimal consumption decisions and act rationally over time. It is
possible that a proportion of people are unable to make proper decisions for various reasons,
whether it be due to regular cognitive failures or a lack of general knowledge (Zimmerman
and Shimoga 2014).

Liu, Wisdom et al. (2014) suggest that providing consumers with the proper nutrition
knowledge in an attempt to encourage healthier consumption may not be effective because of
limited incentives and a lack of self-control. This finding supports the idea that paternalistic
type policies would be most effective in combating decision-making failures by individuals.
Lusk (2014) suggests that cognitive failures do not justify government action and regulation,
although he acknowledges that food policy can be effective in certain settings and that more
research is needed in the context of individual choice. Financial incentives could prove to be
an appropriate policy to influence consumers without impacting their freedom of choice.

Jabs and Devine (2006) overview the implications that time scarcity have on food choice,
which creates a general connection between a lack of time and the consumption of
convenience foods rather than homemade foods. A shortage of available time or desire to
make food can be a result of several different lifestyle choices, such as employed parents,
living in poverty or without surplus money, and an increased amount of desired leisure or
sedentary time. Combining the lack of available time to prepare foods with the desire to
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purchase relatively low-cost food items leads to consumption of energy dense, fast food type
items that are generally unhealthy.

Another strong argument that may aid in the explanation of individual food choice not always
aligning with optimal dietary choices is the concept of heavily discounting future utility. An
individual may discount their future utility in a manner that results in prompt unhealthy food
choices leading to utility maximization. Strotz (1955) outlines the concept of intertemporal
choice theory and how individual choice changes over time for various reasons, mentioning
several reasons why individuals may discount the future, and that it is especially true for
children. When creating a plan for future consumption, individuals tend to reconsider their
consumption decisions in a manner that immediately benefits themselves in the present rather
than in the future (Strotz 1955). A continuous discount of future utility may be another reason
why individuals over consume unhealthy foods that are disproportionate to one’s optimal
health. It is in these moments that a stimuli or nudge may be useful to influence decisions.

Several studies have examined the relationship between time preference and food
consumption, often measured through delay discounting and the consideration of future
consequences in relation to food, eating behaviour, or the relative health of individuals
(Frederick 2006, Weller, Cook III et al. 2008, Rollins, Dearing et al. 2010, Appelhans, Woolf
et al. 2011, Joireman, Shaffer et al. 2012, van Beek, Antonides et al. 2013, Jarmolowicz,
Cherry et al. 2014, Dassen, Houben et al. 2015). Frederick (2006) develops a framework that
focuses on future outcomes receiving less weight than their more immediate counterparts as a
method to further understand the rationale for human discounting. Consuming relatively
unhealthy foods provides immediate satisfaction without any long-term benefits whereas
consuming relatively healthy foods provides little immediate utility, and a significantly
higher long-term benefit through improved health. It is with this in mind that many studies
consider the importance of discounting and how it may shed light in understanding various
preferences amongst consumers relative to their diets and overall health. In laboratory trials, a
higher discount rate and a relatively high food sensitivity lead to high calorie food
consumption among women. Two other studies found similar results focused on obese
women as well as non-obese women (Rollins, Dearing et al. 2010, Appelhans, Woolf et al.
2011). Creating a form of immediate benefit for healthy foods and deterring the consumption
of unhealthy foods may be a way of combating time preference.
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The connection between body health, often measured using BMI, and discounting has been
proven by two previous studies unrelated to food choice, suggesting that individuals with a
higher BMI tend to discount more (Weller, Cook III et al. 2008, Jarmolowicz, Cherry et al.
2014). However, this connection was not found in a study conducted by Nederkoorn,
Smulders et al. (2006) when using self-reported data. There was no difference found between
obese and non-obese women in regards to their discounting preference, although the obese
participants did exhibit a higher tendency to be impulsive on a behavioural measure. It is
largely unconfirmed whether higher future discounting and impulsivity results in unhealthy
eating and leads to obesity. This sector needs to be investigated further to prove causation
and whether controlling discounting preferences could be a technique to combat obesity.

The environment in which individuals live and are raised also heavily impacts food choice,
whether it be social relationships, genetics, access to nearby store locations, or other
surrounding impacts. Varying obesity levels among provinces in Canada and across countries
throughout the world supports the notion that environment impacts relative health and obesity
levels (Loureiro and Nayga Jr 2005, Statistics Canada 2020). Relatively poor or less
developed countries often have a much lower percentage of the population that is obese, and
time spent in Canada as an immigrant may increase the likelihood of becoming obese or
overweight (McDonald and Kennedy 2005). This finding reinforces the idea that social and
environmental factors greatly impact health and dietary choices, and that more developed
countries generally have ample unhealthy foods.

2.3.4 Issue of unhealthy eating and related policy
Various policies pertaining to obesity are considered because of the presence of negative
externalities, which is the fundamental issue of unhealthy eating. Obesity and the chronic
diseases that arise from an unhealthy weight impact society on both sides of the tax system
through a loss of tax revenue due to reduced workforce productivity as well as an increase in
tax dollars required to fund the healthcare system. Cawley (2015) finds the economic
consequences of obesity are consistent with other studies and mentions both lower wages and
higher medical costs as primary focus points. These issues are complex and are not easily
rectified. A combination or range of policies to help influence consumer decisions and
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provide ample nutritional information may be needed to produce a significant impact
(Cawley 2015).

Recently, there has been an emphasis on nutritional information, focusing on the possibility
of a knowledge asymmetry problem in the Canadian population that does not allow everyone
to make the best decisions for their personal health. This type of approach focuses on the
theory that consumers are either unable to attain information required to make healthy good
choices or are unable to process and use the information that is available. In Ontario, Canada,
the Healthy Menu Choices Act released in January of 2017 made it mandatory for all foodservice chains with at least 20 locations throughout the province to display the total number
of calories for all food and drink items on their menus. This type of nutritional information
has long been available in grocery stores for pre-packaged goods, although a significant
portion of the consumer food dollar is spent at restaurants or similar food service locations
that have lacked this nutritional information.

The policy in Ontario also involves mandatory information regarding average calorie
requirements per individual based on age and gender, which provides context for calorie
information specific to an item or meal (Government of Ontario 2016). As mentioned
previously, Health Canada has now proposed mandatory front of package warning labels for
grocery store products that are “high in” sugar, sodium, and/or saturated fat. This proposal
also focuses on providing nutritional information, in a slightly different way. The relevant
nutrition information is already on the package and consumers still purchase the product. The
warning labels are to assist in interpreting the information and provide warning or awareness
of the products relative nutritional value (Health Canada 2017). In 2016, regulations
regarding food labels, particularly nutrition facts tables and the list of ingredients were
updated, and a new Canada Food Guide was released in January of 2019 in hopes of
providing Canadians with easier access to health and diet information and recommendations.
The federal government has made it a policy priority to improve the dietary choices of
Canadians in an attempt to address rising rates of obesity; however, it is clear that more can
be done.
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2.3.5 Health Policies Worldwide
Several governments around the world have implemented food policies to improve the
overall health of the population, using a variety of methods such as nutrition labelling and
information, food marketing, taxes or subsidies, public awareness, and more. There is no
known optimal method to improve the general health of a population; however, the literature
includes suggestions regarding what may be a more effective option.

Policies to improve the health of a population are not a new idea. Finland began a salt
warning campaign to encourage product reformulation in 1993, and Ghana limited fat levels
in various meats in 1990. Throughout the 2000s several other countries or regional
governments created policies to improve the diet of their population through methods such as
bans on certain television advertisements to children, a health star system on pre-packaged
goods, taxes of sugary drink taxes, banning of trans fat, and more (World Cancer Research
Fund International 2014). The relative effectiveness of these policies is difficult to measure,
especially when attempting to compare one with another; therefore, it is a not a suitable
measure to determine optimal health policy to improve the health of a population and limit
obesity.

Rather than attempting to influence purchase decisions through information, convenience, or
financial gain, financial disincentives may also be useful. There is a growing literature
surrounding the idea of fat taxes, which can be done in two different ways: a tax on unhealthy
foods that contribute to weight gain or a tax directly on overweight individuals (Yaniv, Rosin
et al. 2009, Allais, Bertail et al. 2010, Bødker, Pisinger et al. 2015, Smed, Scarborough et al.
2016, Alston and Okrent 2017). Denmark was the first country to use a fat tax. The Danish
government introduced an added tax on saturated fat in 2011 and abolished it less than two
years later. This unsuccessful trial created more of a spotlight on the concept of a fat tax and
led to more research to determine why it failed (Bødker, Pisinger et al. 2015, Smed,
Scarborough et al. 2016). It is evident that a focus point of the policy in Denmark was
maintaining a healthy economy more so than a healthy population, and the tax was relatively
unsuccessful in reducing the amount of saturated fats consumed.

The purpose of a fat tax is to discourage the consumption of unhealthy foods and create an
added expense to those who are unhealthy as a way to offset the economic burden of obesity
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to the greater society. The benefits of this type of program are straightforward: a direct tax on
the products or individuals that result in the largest healthcare expense and increased revenue
to help pay the expense. The additional tax may also be a large enough price increase that
some consumers no longer purchase those products, thereby altering consumption. The
fundamental issue with this type of approach is the strong connection between food insecurity
and obesity. A tax on unhealthy foods or unhealthy individuals would primarily be a
regressive tax which simply means that low-income earners are more severely impacted by
the tax than those with high incomes.

2.3.6 Poverty obesity paradox
A tax or surcharge on unhealthy foods or overweight individuals is a direct method of
offsetting the public healthcare expense in Canada that is attributed to a poor diet. However,
high consumption of unhealthy foods, as well as being overweight or obese is highly
correlated to low income. Thus, a tax on unhealthy foods is a regressive tax and would
impact the population disproportionately and low-income earners would face a larger
economic burden (Chudá and Janský 2016). The connection between low-income earners and
food choice is complex. There are many different factors that are attributed to an individual’s
food consumption decisions, and these cannot be easily explained without limitations.
However, the connection is evident throughout the literature and is known as the povertyobesity paradox (Adams, Grummer-Strawn et al. 2003, Drewnowski and Specter 2004,
Kaiser, Townsend et al. 2004, Dinour, Bergen et al. 2007, Lyons, Park et al. 2008, Jilcott,
Wall-Bassett et al. 2011, Drewnowski 2012, Metallinos-Katsaras, Must et al. 2012, Kaur,
Lamb et al. 2015, Courtemanche, Denteh et al. 2019). The poverty-obesity paradox is
correlation between food insecurity and obesity that is primarily attributed to food prices and
education about nutrition. The connection between obesity and food security is stronger in
women than men or children, although there is evidence of the connection among all age
groups and genders.

Creating healthy eating policies is not a simple process. The food industry is constantly
changing, and there are many factors that may limit or prohibit consumers from consuming
healthy foods. It may seem counterintuitive that those who are around or under the poverty
line are more prone to obesity given that excess calories drive weight gain. However, pre-
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packaged unhealthy foods are often less expensive than healthy alternatives such as fruits and
vegetables, as sugar, salt, and fats are all low cost ingredients (Gelbach, Klick et al. 2009).
The food environment may also be responsible for part of the obesity issue. There has been a
rapid increase in access to convenient and inexpensive foods, combined with less home
cooking and more of the food dollar spent in restaurants and various fast foods (Hall 2018).
The food environment can also significantly affect the ability to make healthy food choices.
For example, some people do not have adequate transportation services to access high quality
healthy foods. The quality and quantity of food that an individual consumes is also strongly
influenced by the people in close proximity, whether that be family, friends, or neighbours.
These environmental factors are difficult to change and contribute to the complexity of the
poverty obesity paradox. Choosing an optimal policy to help influence healthier diets is
difficult and all of these variables and limitations should be considered.

Previous studies that have focused solely on at-risk communities provide valuable insight
regarding how lower income individuals may react to various stimuli or incentives. The
literature suggests that low-income consumers are willing to change their consumption
patterns given appropriate incentives and that the overall healthfulness of their food
consumption can be improved (Dimitri, Oberholtzer et al. 2015, Mozaffarian, Liu et al.
2018). American studies often focus on Supplemental Nutrition Assistance Program (SNAP)
participants when gauging the effectiveness of various incentives; however, the obesity issue
is not exclusive to that community and it is unconfirmed whether the results would be
consistent with other social classes.

2.3.7 Section summary
The most common cause of weight gain is clear: the consumption of excess calories that the
body does not require to energize daily functions. However, the variables that lead to obesity
are complex, and it is policy relevant because of the economic externalities imposed to
various aspects of society. Food choice is difficult to understand. Consumers are not
consistent and there are a variety of factors that may alter consumption choices. It is believed
that time preference and the relationship with discounting over intertemporal choice may be
able to explain some unhealthy eating patterns. A wide variety of health policies have been
used worldwide to combat obesity and assist consumers in making more healthful decisions.
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Some of these policies have been successful and others have not. Lower income earners are
more highly impacted by obesity than other groups in society. This adds complexity to the
issue because of dollar value of processed sugars and fats compared to fresh produce. It
appears there is a difference between social optimality and individual optimality for food
purchases and consumption.

2.4 Health Stimuli and Consumer Interaction
2.4.1 Introduction
The third and final section of the literature review focuses on past work in the field of food
purchasing decisions with emphasis on health improvements through incentives. Nudges,
nutritional information, and financial incentive studies and experiments that are designed to
explore the potential impact on diet related food choices and the merit behind them are
examined. Limitations both in previous works and the field as a whole are also recognized
and discussed to provide a solid foundation of knowledge surrounding strategies to improve
the health of a population in non-intrusive ways. The vast majority of food choice
experiments have been completed in grocery store, restaurant, or cafeteria type settings,
which aligns with the most common locations for food choices. The emergence of online
grocery shopping is relatively new and has rapidly grown in popularity recently and is an
understudied area. However, it is unknown whether behaviour in an online grocery store
mirrors the common behaviours in a physical store. Anesbury, Nenycz‐Thiel et al. (2016)
examined the difference between online grocery shopping and in store grocery shopping
focusing on time spent and effort expanded. The results suggested that online grocery
shopping purchase decisions are done quite quickly, finding that half of the items were
chosen by participants in less than 10 seconds, and most products were chosen from the first
display page. With regard to time efficiency and the process of purchase decisions, online
grocery shopping seems quite similar to traditional in store shopping behaviour. This section
begins with nudge theory and concludes with a summary of all three relevant methods and
their influence in choice decisions.
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2.4.1 Nudging healthy foods
A nudge is a subtle suggestion that is used to influence the decision-making process by
altering consumers’ behaviour, helping point someone in the right direction without limiting
their complete freedom. Nudge theory has become common in the behavioural economic
literature, often citing its value to potentially be used in public policy to improve a situation
or state without restricting the public in anyway. The literature surrounding food choices,
obesity, and health economics has been growing and developing to include how nudge theory
may be used to improve the overall health of a society. Some of the many different methods
that have been examined and discussed as a way to improve diet related choices include
taxes, food bundling, food labelling, financial incentives, portion sizes, nutrition marketing
and more.

There is uncertainty in the literature regarding the optimal approach to influence the food
choices of the population to improve overall health. Nudge theory is supported by the notion
that consumers have regular cognitive failures and environmental cues will assist them in
making prompt purchase and consumption decisions that will be beneficial for their health.
Nudging may be an optimal alternative and the potential impact factor warrants further
exploration (Liu, Wisdom et al. 2014).

Research and experiments in the nudge field are relatively new; there is not a long history of
implementing nudge theory into human lives to influence choice. However, the literature has
been growing significantly over the last 10 years to better understand if nudges have a
considerable impact and what types of nudges and situations may be most effective. Hanks,
Just et al. (2012) completed a school cafeteria experiment to examine the impact of offering a
convenience enhancement for healthy foods. Using two cafeteria lines, the lines that featured
only healthy food options nudges students towards healthier options compared to the regular
product offering in the second line. The results suggest that convenience enhancements may
be an effective way to influence purchase decisions towards healthy alternatives.
Consumption of less healthy foods decreased by 27.9%, although the students did not
consume additional healthy items. The main finding of this study is that convenience is
important to consumers and could potentially play a vital role in influencing purchase
decisions towards healthier foods in grocery stores.
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A similar study completed in snack shops at a train station by Kroese, Marchiori et al. (2016)
repositioned healthy food products to the cash register desk and had all regular unhealthy
foods available elsewhere to examine a similar convenience nudge. The results of unhealthy
and healthy foods purchased relative to the baseline or control is contradictory to the previous
study examined: more healthy foods were purchased but not fewer unhealthy foods. This
finding creates some uncertainty in the literature. The overall health of food choices
improved in both studies, although it was done in opposite ways suggesting that consumers
may not view healthier alternatives as a substitute for unhealthy foods. It is possible this
study is revealing valuable information regarding the effectiveness of cash register desk
products and their ability to influence impulsive decisions. More research is needed to gain a
thorough understanding.
Bundling is another convenience nudge that has been investigated to evaluate the nudge’s
effectiveness in influencing healthier choices. Carroll, Samek et al. (2018) used fruit and
vegetable product bundling to simplify the shopping process in a laboratory grocery store
experiment and found that offering bundles increased fruit and vegetable purchases. Part of
the experiment also evaluated consumer choice under cognitive load and found that nondiscounted fruit and vegetable bundles were most effective in increasing healthy choices
because of the simplicity of the decision-making process. Their findings align with previous
work regarding the importance cognitive impairment plays in the decision-making process.
When consumers are under cognitive load, unhealthy and convenient choices are more
popular and healthier choices become less common (Park, Iyer et al. 1989, Zimmerman and
Shimoga 2014). The literature has suggested repeatedly that convenience is very important to
the consumer decision making process, and that healthy foods are not often sought after when
shopping under cognitive load and making quick decisions.

Placement of foods and the proximity to other foods are found to be relevant factors in
consumer choice both in a grocery store setting and a workplace lunch room (Foster, Karpyn
et al. 2014, Baskin, Gorlin et al. 2016). Product placement is a method of altering the
convenience of purchasing healthy products for consumers by making these products more
accessible and more apparent. This is done by altering traditional product placements to make
unhealthy foods less convenient and healthy foods more convenient. The literature has
suggested repeatedly that convenience is very important to the consumer decision making
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process, and that healthy foods are not often sought after when shopping under cognitive load
and making quick decisions.

Cadario and Chandon (2019) completed a meta-analysis of field experiments on healthy
eating nudges and concluded that nutrition and information-based policy may be lacking in
effectiveness compared to various enhancements such as sizing and convenience. Other
relevant findings include that health policy nudges or interventions are generally more
effective in reducing unhealthy eating than in increasing healthy eating. and a larger impact
was seen in restaurants or cafeteria type locations rather than at a grocery store. A limitation
of this analysis is that it does not control for differences between study populations, or
whether it was completed in a laboratory or online setting. This analysis gives a benchmark
of what one may expect to find in terms of the most effective nudge to improve the eating
decisions of individuals although it does not provide a direct comparison and has limitations
in the results.
Figure 2.1 The effectiveness of nudges

Source: Cadario and Chandon (2019)

Systematic reviews of the nudging literature completed by Broers, De Breucker et al. (2017)
and Bucher, Collins et al. (2016) reiterate the findings of the studies previously mentioned—
that convenience enhancements and product positioning play a vital role in food choice.
Altering or manipulating food product order and proximity in physical locations can
influence food choice; however, the impact overtime is largely uncertain within the literature
(Bucher, Collins et al. 2016). The reviews contain only a small selection of nudge
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experiments and a large percentage of them were completed in a school or laboratory setting.
Uncertainty remains in the literature regarding the effectiveness of convenience nudges in a
grocery store setting.

2.4.2 Nutrition Labelling and information
Providing nutrition information is a second method that can be used to influence consumer
food choices. This method is more common and is used in ways such as the nutrition facts
table on processed products. Nutrition labelling and information can be presented in a variety
of ways to inform or remind the consumer of the healthfulness of a product. Calorie labelling,
nutrition warning labels, and star ratings are a few examples. Nutrition facts and warnings are
used as a form of health nudge because it is believed that consumers may be unaware of this
information or need to be reminded. The literature supporting the need for supplemental
nutritional information suggests that consumers act rationally and are simply unable to make
optimal decisions given their limited nutritional knowledge. With the appropriate nutrition
information consumers may be able to make more informed food choices and improve the
healthfulness of their purchases.

There is an abundance of literature that evaluates the impact of calorie information on
product choice. However, other methods of providing nutritional information and warnings
labels are less studied and there is limited knowledge regarding the associated effectiveness
(Bollinger, Leslie et al. 2011, Elbel, Mijanovich et al. 2013, Ellison, Lusk et al. 2013,
Krieger, Chan et al. 2013, Long, Tobias et al. 2015, Nikolaou, Hankey et al. 2015, Vasiljevic,
Cartwright et al. 2018). The findings are relatively consistent across the studies. Calorie
labelling reduced the number of calories consumed and ordered, although the significance
found varies between studies. Providing calorie information is a neutral approach to
improving the healthfulness of food decisions. The information presented is not biased and
the consumer is free to interpret it as they wish. The potential limitation of calorie labelling is
that consumers may not have the required knowledge to process the information or be willing
to use that in their decision-making process.
Calorie and nutrition information are already present on grocery store items in Canada.
Providing the nutrition facts table has been mandatory for well over a decade; the regulations
were published in 2003 (Government of Canada 2018). Processed grocery products in
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Canada have a nutrition facts table that provides the total calories per serving amongst other
specific components such as fats, sodium, sugar, and vitamins. The nutrition information is
present on the back of packages and is considered a Back-of-Package (BoP) label. To
supplement the BoP labels found on grocery items, nutrition warnings labels on the front of
food packaging can be used to simplify that process of information for the consumer. Frontof-Package (FoP) warning labels provide direct information to the consumer that is more
simple to comprehend and also more evident on the package. It is believed the FoP warning
labels could be an effective way to assist consumers in choosing more healthful options.

The literature evaluating the effectiveness of nutrition warning labels is relatively sparse. Van
Herpen and Van Trijp (2011) examined consumers’ attention to various labels under time
constraints and found that traffic light labels and logos increase healthy food choice relative
to the nutrition facts table. The findings also suggest that having a health goal in mind
increases the attention to the labels. Thus, nutritional labels may assist in the process of
healthy consumption rather than influencing healthier choices altogether. Ang, Agrawal et al.
(2019) completed an online experiment in Singapore to test the efficacy of high-in-sugar
labels on food products. The results suggest that the FoP warning labels for high sugar
products have the potential to reduce the demand for unhealthy sugary foods; however, this
was found using a hypothetical choice experiment rather than on actual purchases.

Stortz (2020) completed a similar experiment in a mock grocery store. Participants were
exposed to FoP warning labels for high sugar, sodium, and/or saturated fat products. The
findings from that study also found that warning labels are effective in reducing the demand
for unhealthy products. The likelihood of participants purchasing unhealthy items decreased
when exposed to the warning labels although there was a lack of consistency across product
groups. The author noted that the perceived level of healthfulness of a product may play a
vital role in the effectiveness of the warning labels, citing that products perceived to be
unhealthy had very limited impact. The results suggest that warning labels may be effective
for some products that consumers do not realize are unhealthy; however, the impact across a
wide range of unhealthy products is likely limited.

Downs, Loewenstein et al. (2009) examined two separate food choice experiments in a
restaurant type setting focusing on promoting healthier options. Their findings suggest that
nutritional information has the potential to produce perverse effects, noting that consumers
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often overstate the calories or fats of foods to nudge themselves towards more healthful
options. Providing nutrition information may provide calorie information that appears to be
less impactful to ones health than originally perceived by a consumer and therefore provoke
purchase decisions that are less healthy. Wansink and Chandon (2006) explored a similar
phenomenon with food labelled as “low fat” and how this type of simple marketing can
drastically alter consumer perception of product health. Low fat labelling was found to
increase the consumption amount of a snack food by 50% due to the perceived healthfulness
of the product. Of particular note, low fat labelling increased consumption of all foods for
overweight people in the study, compared to an increase serving amount of perceived healthy
foods by normal weight individuals.

Health labels have the potential and ability to alter both food purchase and quantity decisions
and must be treated with great caution to ensure there is limited adverse effects of
supplemental nutrition knowledge. For some consumers, this is perceived as easily processed
information that enhances their ability to make ideal consumption decisions for their health.
Other consumers may not benefit at all or even make worse consumption decision than
without any exposure to health labels. The literature is unclear whether nutritional
information is a more optimal method of influencing healthful decisions compared to relevant
alternatives such as health nudges or financial incentives due to the uncertainty regarding
consumers’ food knowledge and attention to labels.

2.4.3 Financial Incentives for healthy foods
Financial incentives are the third and final method of influencing consumers towards healthy
food options that is examined in this literature review. Financial incentives in the context of
promoting healthy foods refers to a monetary benefit that is used to encourage healthy
purchase decisions that may have not otherwise taken place. The use of economic means to
influence purchase decisions may limit their potential effectiveness to the lower and middle
class— those who would regularly consider their expenditure when making small purchase
decisions. Marginalized groups would naturally be the most influenced by financial
incentives due to the more severe budget constraints that are faced. Marginalized groups are
traditionally the highest proportion of the population that is obese or overweight. Due to this,
research that has been conducted in the field of financial incentives to promote healthy eating
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has primarily focused on the lower income population. Monetary incentives for healthy
eating can be offered in a variety of ways, whether it be for a specific product, purchasing
foods considered healthy, or avoiding foods considered unhealthy. There are obvious
financial limitations to the implementation of monetary incentives to help address the
problem of obesity. However, it is valuable to understand how consumers interact with this
stimuli relative to others such as nudges and nutritional information.

Herman, Harrison et al. (2008) found that a 30% fnanical incentive to purchase fruts and
vegetables was effective in increasing healthy purchases in a group of women enrolled in
postpartum services and also receiving American Supplemental Nutrition Assistance Program
(SNAP) benefits. The incentive was given as a subsidy for the purchase of fruit and
vegetables through vouchers that were offered at a farmers’ market or a supermarket.
Participants in the intervention increased their fruit and vegetable consumption by 1.4
servings from the farmers’ market and by 0.8 servings from the supermarket. This increase in
fruit and vegetable consumption was found to be consistent after the incentive was finished.
These results suggest that a temporary financial incentive for marginalized groups could have
prolonged benefits for the healthfulness of their diet.

Klerman, Bartlett et al. (2014) also examined the efficacy of a 30% incentive for the
purchases of fruits and vegetables amongst American SNAP participants through the Healthy
Incentives Pilot (HIP) program. This was completed as a more general study rather than
focused on a specific group of SNAP users. All participants were recruited from Hampton
County, Massachusetts. The results after four to six months of exposure to the financial
incentive was an increase of 0.22 cups or 24% more fruits and vegetables per day relative to a
control group. The financial incentive appears to be relatively steady over time. Surveys and
data were collected from participants at four to six months and nine to eleven months after
implementing the trial. No significant differences were reported between the survey and data
collection times, and the results of the 30% incentive leading to a 24% increase in the
consumption of fruits and vegetables align with previous work on the elasticities of foods
(Andreyeva, Long et al. 2010). The relative elasticity of fresh fruits and vegetables suggests
that a 30% price reduction or rebate is the appropriate amount to have an impact. The
findings also show that fruits and vegetables for SNAP participants are inelastic, given the
increase in purchases is less than the financial incentive; nonetheless, it is effective in
increasing healthy purchases.
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Financial incentives to influence food purchase decisions may be perceived as more intrusive
than other methods, especially considering the target population that would be most
impacted by such a policy. Ni Mhurchu, Eyles et al. (2012) completed a finite focus group of
low-income participants to learn about consumers values for foods and how economic
incentives are perceived. The results suggest that price is the most important factor to
consumers, secondary to taste, convenience, environmental factors, and other factors. The
participants also suggested they would be willing to use, and benefit from, ecnomic
incentives for healthy eating.

Vlaev, King et al. (2019) suggest that financial incentives for less frequent behaviours would
be much more successful than regular or sustained behaviours such as food consumption,
suggesting severe limitations in the effectiveness of a prolonged health incentive. Mantzari,
Vogt et al. (2015) completed a systematic review and meta-analysis on the use of financial
incentives for changing habitual health-related behaviours and found similar results. The
literature suggests that economic incentives can change health behaviour and also aid in
reducing inequality. However, there is limited evidence of prolonged success. Effects are not
sustained more than three months after the removal of an incentive.

There is limited research in the field of economic incentives for healthy foods and their
potential role in improving the health of a population, the experiments completed are small
and specific to a population or enticement. It is unclear how middle class or upper-class
consumers would react to a financial incentive, as the primary focus of the research has been
on low-income earners. Obesity and weight issues exist amongst all socio-economic classes,
although it is likely that financial incentives may only be effective in influencing the lower
portion of the population.

2.4.4 Section summary
This section highlighted three different methods of influencing consumers’ food purchase
decisions towards healthier foods: nudges, nutritional information, and financial incentives.
There is merit behind all three approaches, and it is unclear which type of policy may be most
effective in improving the obesity rate and the general health of a population. Nudge theory is
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perceived to be non-intrusive and relatively affordable from a policy standpoint, whereas
financial incentives would be a considerable expense. Nutritional information may be the
optimal method of influencing purchases of consumers who have a lack of knowledge rather
than regular cognitive failures. Convenience enhancements have been the most successful in
experiments thus far amongst nudges, whereas nutrition warning labels are an understudied
area and there is a lot of uncertainty about their effectiveness. Previous studies have proven
that these methods are effective to some degree and consumers are impacted by the various
stimuli. The literature lacks any direct comparison between the relevant options of
influencing health decisions, the meta-analyses have limitations in their interpretation
because of the wide differences between the studies examined. More research is needed to
understand how consumers interact with the various nudges and how their influences may
vary.

2.5 Chapter Summary
Chapter two reviewed the relevant literature pertaining to consumer choice theory, food
preferences, causes and impacts of obesity, and three methods of influencing purchase
decisions: nudges, supplemental nutrition information, and financial incentives. Several past
studies and experiments have tested the efficacy of various nudges to change purchase
decisions and have also examined the impacts of obesity and health related decisions. It is
evident that consumption trends and individual utility maximization are not aligned with that
of the larger society, and the optimal method of improving this situation is unclear.

There is a gap in the literature surrounding how consumers interact with and are impacted by
various incentives and nudges in a direct comparison. Although previous papers have
compared and contrasted experiments in an effort to distinguish disparities, the results are
limited due to the vast differences in the study design and implementation (Mantzari, Vogt et
al. 2015, Cecchini and Warin 2016, Broers, De Breucker et al. 2017, Cadario and Chandon
2019). It is also unknown whether these types of influencers are complementary to one
another. Using them in conjunction may shed light on whether these types of polices are a
perfect substitute to one another.
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Another gap in the literature is that the vast majority of experiments have been completed in
simulated settings and may not perfectly reflect consumers’ behaviour in real life shopping
scenarios. Consumer behaviour in online grocery store settings is believed to mimic or
closely resemble that of in store; however, this has not been thoroughly tested and examined.
More research is needed to better understand the different methods of influencing healthy
food consumption and how they may overlap or work in conjunction in both in-store and
online grocery store settings.

32

Chapter 3 Conceptual Framework
3.1 Introduction
The following chapter presents the conceptual framework that is applicable to the study. The
random utility model used in the analysis provides a foundation to both understand and assess
consumer purchasing decisions. It is built on the assumption that each individual purchases a
good because it provides them with the highest possible utility amongst all relevant options
(Lancaster 1966). Completing the experiment in a controlled online grocery store platform
provides a discrete set of grocery items to choose from, which allows all options to be
properly considered.

3.2 Consumer Theory
This analysis assumes that all participants are maximizing their utility through the item
purchases in grocery store experiment. The random utility model contains both observable
and unobservable factors that are attributed to the final purchase decision. The impact of a
particular nudge or incentive can be assessed through the relative probability of choosing
products using utility maximization and the random utility model. The participant i has
choice option j which is shown in the equation below. The utility of participant i from their
purchase decision is shown using the observable and unobservable or random factors. The
random utility model follows the utility maximization assumption (Train 2009).
𝑈𝑖𝑗 = 𝐴𝑖𝑗 + 𝐸𝑖𝑗

1.0

i is the participant
j is the alternative
Uij = utility derived by the participant from the choice
Aij = observable factors
Eij = unobservable factors
Alternative j is chosen when it provides the highest utility amongst all relevant options to the
participant i. Assuming there are two options, j and k, the participant will choose alternative j
if and only if the utility received from purchasing that item is greater than the utility received
from purchasing item k.
𝑈𝑖𝑗 > 𝑈𝑖𝑘

1.1
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Expanding and rearranging the equation shows the observable factors of the utility together,
which enables the likelihood of choice to be estimated by the probability that the difference
in observable factors is larger than the difference in unobservable factors.
𝐴𝑖𝑗 + 𝐸𝑖𝑗 > 𝐴𝑖𝑘 + 𝐸𝑖𝑘

1.3

𝐴𝑖𝑗 – 𝐴𝑖𝑘 > 𝐸𝑖𝑗 – 𝐸𝑖𝑘

1.4

The difference in the error terms or unobservable factors assists in explaining situations
where observable factors are identical. If a participant chooses to purchase only item j given
options j and k, and the observable factors for the two alternatives are the same, the
explanation lies in the difference between the unobservable factors.

Consider choice set X, containing items j and k. The probability of purchasing item j given
choice set X can be shown using the explanation of the differences between observable and
unobservable factors discussed above. The probability of purchasing item j is equal to the
probability that the difference of the observable factors is larger than the difference of
unobservable factors.
𝑃𝑟𝑜𝑏 (𝑗 | 𝑋) = 𝑃𝑟𝑜𝑏 [(𝐴𝑖𝑗 – 𝐴𝑖𝑘 ) > (𝐸𝑖𝑗 – 𝐸𝑖𝑘 )]

1.5

The variable of interest is Aij, because it is observable. It is equal to the sum of product
attributes and the utility coefficient of each attribute. When assuming n is the total number of
product attributes, Snj is the attributes and Bn is the vector of utility coefficients. Therefore,
the observable portion of derived utility gained from the purchase of item j is shown in the
equation below.
𝐴𝑖𝑗 = 𝛴𝑛 𝐵𝑛 𝑆𝑛𝑗

1.6

Following the assumption of the random utility model, participants purchase the bundle of
items that they derive the most utility form. Consumers have different buying patterns and
preferences. It is assumed that participants gain utility from the purchase of healthier items.
The probability of each participant choosing a specific grocery item is derived from the
explanatory variables and the error term, which is different for every participant. Nutritional
warning labels and convenience enhancements for healthy products work in opposite
manners. Warning labels can decrease the cost or time of searching for product information,
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making the divide between healthier products and less healthy products clearer. If
participants gain utility from consuming healthier products but lack the skills or effort to
make an educated decision, warning labels can assist them through this process and have a
positive impact on the participants utility.

Convenience enhancements for healthier products have a similar impact but in a different
manner. Showcasing products that are healthier first has the potential to increase the total
amount of healthier items purchased because participants are resorting to basic decision
making or operating in a manner where labels have little to no impact on purchase decisions.
Rather than going through the search process for nutritional information, healthier options are
presented first to encourage that choice. Cognitive fatigue is a common issue in the
conventional grocery store setting. Consumers may be tired or disinterested, or overwhelmed
by the abundance of options. The decrease in information processing that arises form
cognitive fatigue may limit consumers overall search for products and can prevent or distract
them from making healthier purchases that may have been planned or desired. Altering the
order in which products are shown can provide consumers with more healthful options
readily available and assist them in making informed decisions.

3.3 Hypotheses
The main focus of this research is to evaluate the impact of both nutritional warning labels
and healthfulness product ordering. Evaluating these two methods of altering consumer
choice simultaneously allows for fair evaluation of their relative effectiveness and the
different type of consumers that may benefit from one method or the other. An additional
focus point of this research is to examine how consumer behaviour differs in an online
grocery store setting compared to in-store, as well as the substitutability of labels and nudges.
H1: Nutritional warning labels will reduce the likelihood of purchasing an “unhealthy
product”
H2: Convenience enhancements for healthy foods (presenting them first) will reduce the
likelihood of purchasing an “unhealthy product”
H3: Nutritional warning labels and convenience enhancements are additives to one another
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In this research experiment and thesis, an “unhealthy product” is any product that contains
more than 15% of the daily value of sugar, sodium, or saturated fat.

3.4 Consumer Theory and Interaction
Consumers purchase items that provide them with the highest utility amongst all relevant
options. Assuming individuals gain utility from the purchase of healthy items, both
supplementary nutritional information in the form of warning labels and convenience
enhancement nudges in the form of product ordering can benefit consumers. The cost of
searching for product information and the time required to examine product features are
considered barriers to making informed purchase decisions. Nutritional warning labels are
designed to lower the cost of acquiring information to make decisions by providing clarity in
the differences between the healthfulness of relevant products.

For nutritional warning labels to impact expected utility and ultimately the purchase decision,
consumers must be able to effectively process the information. The supplementary nutritional
warning labels lowers the search cost of collecting product information by providing clear
and concise nutritional warnings. The labels provide consumers more readily available
information to make their purchase decisions than the nutrition facts table that is found on the
back of food packaging. Therefore, by reducing the search costs associated with making a
healthy purchase, consumers are able to use this resource to make informed choices and
increase their utility.

Front of package nutritional warning labels are beneficial to consumers who have a clear
desire for this supplementary product information and also have the necessary skills to
process and use the new labelling. Consumers do not all have the same buying patterns and
shopping behaviours. Time spent on purchase decisions, expenditure on search costs, and
nutritional literacy are some of the variables. The warning labels are designed to meet the
needs of consumers by showcasing the product warnings in a clear and concise manner on the
front of the package for simplified and basic nutritional information. However, not all
consumers may be able or willing to use this type of resource to make more informed
purchase decisions. Barriers exist that prevent consumers from reaping potential benefits
from supplementary nutritional information such as shopping under cognitive load or fatigue.
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A variety of factors can lead grocery store consumers into a state of cognitive fatigue or
overload, whether it be the abundance of choice, variance in prices, an overload of
information, or external factors. When consumers are under this form of distress their ability
to process information is limited.

Convenience enhancements are a type of nudge that is designed to assist consumers in
making optimal choices, this can be done in a variety of ways. In this experiment, products
are ordered by their relative healthfulness as an attempt to make the more healthy items a
default choice. Nudges do not prohibit consumers from making their own decisions in any
manner, rather nudges are designed to assist consumers throughout their choice decisions.
Under a situation where the search costs remain too high for a consumer to make an informed
purchase decision, product ordering by healthfulness should assist in making optimal choices.
Both the front of package nutritional warning labels and convenience enhancements are
designed to assist consumers in maximizing their utility derived from purchase decisions.

3.5 Chapter Summary
The conceptual framework is built upon the random utility model, where consumers make
decisions that maximize their utility. Assuming that consumers maximize their utility from
the consumption of healthy products, both nutritional warning labels and convenience
enhancements should provide a benefit to the shopping experience. Consumers benefit from
these treatments because of the potential reduction in search costs associated with choosing
between relevant food products and an alteration to default choices. The random utility model
provides a foundation for the different treatments to be evaluated, where the purchase of less
healthy goods should decrease because of the improvements in the product offering. Four
different hypotheses are examined in this research and the conceptual framework addresses
how to examine the results and expected outcomes.
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Chapter 4 Experimental Design and
Data
4.1 Introduction
The following chapter presents the experiment design and data collection method.
Participants in the research completed both a grocery shopping experiment and a survey to
collect information on their socio-demographics, dietary preferences and limitations, and
other related information. The data collection was done online through Qualtrics distribution
services. The experimental research of this thesis was to be conducted in a physical grocery
lab at the University of Guelph using eye tracking technology. COVID-19 created unforeseen
difficulties and prohibited our ability to complete the experiment in a safe and timely manner.
The first section describes the experimental design and how it was assembled. The second
section overviews the survey and sample data.

4.2 Stated vs. Revealed Preference
The experiment is completed using a hypothetical online grocery store that is designed to be
both visually and functionally similar to a legitimate online shopping platform. Due to the
nature of the online experiment, the data collected from participants’ choices is stated
preference. Consumer purchase decisions are used throughout this study to evaluate the
impact of both nutritional warning labels and convenience enhancements in an online grocery
store. Revealed preference data is unattainable due to the nature of the experiment.
Nutritional warning labels and product ordering by healthfulness are not currently being used
in grocery stores to our knowledge. Therefore, stated preference data provides the best
alternative. The hypothetical grocery shopping platform also allows for valuable data to be
collected about the participants, such as demographics and dietary preferences.

Due to the hypothetical nature of stated preference data, the potential arises for bias within
participant choices. The experiment is designed to be both visually and functionally similar to
an online grocery store although there are no final purchases. The lack of financial
commitment to participants’ choices can lead to an altered mindset or opinion when choosing
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between relevant options. There are a variety of potential differences between stated
preference and revealed preference, often arising from the lack of commitment to their
decision. To combat this potential issue, a cheap talk script is used to both inform and remind
participants to make decisions according to their regular patterns. The script is a way to
reduce hypothetical bias within the data and overall experiment (Lusk 2003).
You will be shown choice sets displaying 9 different options, you are asked to choose which
food item you would like to purchase. Even though the purchase decisions in this part of the
survey is hypothetical, we ask that you respond to the questions as if it were an actual
decisions involving a real cash payment. As you answer these questions, please keep in mind
what you would normally pay for these specific grocery products, how much you spend for
food in general (both in and out of the home), and your interest in the products displayed. If
you would prefer not to purchase any of the options available in a choice set, please do so by
selecting "None of these items".

4.3 Experiment Design and Process
The experiment consisted of seven grocery item choice sets and twenty-one survey questions
directly related to the participant’s sociodemographic characteristics, shopping patterns, food
preferences and dietary limitations. The experiment distribution and data collection was done
online through Qualtrics, which enabled us to collect a large sample without any connection
to the researchers. Consent to participate in the research experiment is obtained by providing
the user with adequate information regarding the purpose of the study, the data collection
process, confidentiality, as well as risks and benefits. Participants are also screened for both
inclusion and exclusion criteria that fits the desired sample of the population: no relationship
to the researchers, above the age of 18, an Ontario resident, and fluent in English. The sample
is representative of the Ontario adult population and consists of 1000 participants.

The seven different choice sets (one per product category, ex. bread) are the grocery
shopping portion of the experiment, designed to represent an online grocery store platform
after searching for a specific product category. The seven product categories are as follows:
bread, yogurt, milk and dairy alternatives, tomato sauce, cookies, fruit juice, and frozen
meals. The product categories were chosen because of overlapping use in previous studies,
familiarity to Ontario grocery shoppers, and variability in warning label requirements. No
private labels products were used in the experiment to reduce potential bias from shopping at
specific stores. There are nine different product options in each choice set; the products vary
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in brand, taste, price, and nutrition to provide participants a fair product offering as they
would have if they were shopping online. The specific products were chosen because of the
variability in healthfulness and the frequency in which they are purchased; most of the items
are considered common household foods. The prices used for the food products were
calculated using the average price between Zehrs, and Walmart or No Frills depending on
product availability. Prices were then rounded to be similar to in store pricing strategies, such
as .99 or .49.

The grocery shopping experiment consists of five groups. This allows us to evaluate changes
in purchase decisions when participants are exposed to various differences within the choice
sets. The focus of the experiment is to evaluate how nutritional warning labels and product
ordering by health impacts consumer purchase decisions. There are many labelling
techniques and strategies that can be evaluated, as well several different nudges. The purpose
of this experiment is to evaluate differences between labelling and product ordering relative
to no treatment; therefore, only one label and only one nudge is used throughout the study.
The label and nudge used in this experiment were chosen for many different reasons,
primarily focused on how realistic and effective they may be. Stortz (2020) focused her
research on the black and white label with an exclamation mark, one of the four label options
proposed by Health Canada. It is believed that this label option is the most likely to be
implemented because of the disinterest in coloured labels from industry manufacturers and
the readability of black and white (Acton, Vanderlee et al. 2018). Priority product ordering
for healthy items is the health nudge used in this study because of the ease of implementation
in both an online and in-store grocery store setting. Previous research has suggested it is one
of the more effective nudges to influence consumer purchase decisions in a grocery store
setting (Cadario and Chandon 2019, Chapman, Sadeghzadeh et al. 2019, Vecchio and
Cavallo 2019). Evaluating different methods of influencing purchase decisions within one
experiment may help limit potential bias and limitations in evaluating differences across
studies.
Table 4.1 Proposed experiment participants
Number of Participants
Control Group

200

Treatment #1 Labels

200

Treatment #2 Large Labels

200

40
Treatment #3 Convenience Enhancement

200

Treatment #4 Large Labels & Convenience Enhancement

200

Total

1000

The control group is designed to be reflective of an online grocery shopping platform. The
main difference is there is no search function for the products you want to purchase because
each page represents a different product category. The products are in a random order rather
than sorted by relevance or alphabetically. Participants are also given the option to select
none of the available items, if none appeals to them.

Treatment group #1 uses nutritional warning labels following the proposal and guidelines by
Health Canada. Dairy milk is an exception in that both 2% milk and 3.25% milk have a
nutritional warning label for “high in saturated fat” to evaluate whether this would cause an
impact. The Health Canada proposal for the labels does not include dairy milk. However,
warning labels were used in this experiment to evaluate their potential impact on sales of
dairy milk. Following strictly the nutrition facts tables for cookies, many of the products
would not receive a warning label due to the small serving size. As described in the labelling
conditions, the products are considered to be at the 50 gram serving size level which alters
their labelling mandates. The amount of food in grams is the largest of; the reference amount,
the serving size, 50 grams if the serving size and reference amount are less than 50 grams and
the percentage of daily value of a nutrient in the serving size is above 5 percent (Health
Canada 2018). This condition prevents serving size reformulation or packaging reformulation
to avoid having a potential warning label. Following the specific conditions in the warning
label proposal, the labels used in this experiment are located on the top 25% of the principal
display panel for products whose height exceeds its width. For products with their principal
display panel wider than it is tall, the label is placed on the right 25% of the package. The
size of the nutritional warning label is proportionate to the principal display panel, which is
reflected in the nutritional warning labels used in treatment group #1. Also, each participant
sees a randomized order of the products, to limit bias of product order.

Treatment group #2 follows the same guidelines and principles of treatment group #1 except
for the size and location of the warning label. The labels are identical and are featured on the
same products under the same condition. This treatment group uses large floating nutritional
warning labels that are shown beside the product and are significantly larger. The label size is
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approximately 25% of the height of the product and the width is proportionate to that
condition. The purpose of this treatment group is to evaluate whether the size and placement
of the warning labels affects the potential impact of nutritional warning labels due to the
nature of online grocery shopping platforms. The product pictures are small so the label may
not be obvious to participants unless they chose to enlarge the picture.

Table 4.2 Product labelling in the experiment
Product

Label

No Label

Total

% Labelled

Bread

3

6

9

33.33%

Yogurt

5

4

9

55.55%

Milk

4

5

9

44.44%

Tomato Sauce

6

3

9

66.66%

Fruit Juice

5

4

9

55.55%

Cookies

9

0

9

100%

Frozen Meal

3

6

9

33.33%

Treatment group #3 uses a health nudge through a convenience enhancement that displays the
more healthy products first and the less healthy products last. Less healthy items include any
products that meet the criteria for having a warning label. There is little to no literature on
product ordering by healthfulness; this is particularly true for the new phenomenon of online
grocery shopping. Featuring healthy products in more convenient locations has proven to be
successful. To reflect the similarity with the nutritional warning labels, calories, saturated fat,
sodium, and sugar are considered to determine the product ranking and therefore, product
order. Products are standardized to 100 grams or ml to avoid differences in serving size
amongst comparable products. The percentage of your daily value of calories, saturated fat,
sodium, and sugar are considered and equally weighted in a formula to determine relative
healthfulness. Products are ordered 1-9 according to their health score using this system. The
most healthy products are shown first (top left in three by three matrix) and the least healthy
shown last bottom right in three by three matrix), using an order by function for the product
display in the choice set. Calories, saturated fat, sodium, and sugar were considered for health
ordering because it is similar to the warning label requirements while also considering
calories to have a better reflection of the products overall healthfulness.
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Treatment group #4 is a combination of groups #2 and #3. The grocery item choice sets
feature large nutritional warning labels beside the products— and are simultaneously ordered
by their relative healthfulness. All the conditions of treatment group #2 and #3 are combined
to evaluate the additive effect.

The display for the treatment groups all remained the same, following traditional online
grocery store presentations. The product image is displayed at the top of each product option
section, the product details are shown below the image. The product name has a noticeable
hyperlink that shows an enlarged picture of the product. Below the product name is the
product information, including the flavour and size of the product. The price of each product
is in bold font to attract the eye of the consumer, a common practice for online grocery
shopping platforms. The price per 100 grams is also shown in a grey font, to provide contrast
with the item price. The final aspect of the product is the nutrition facts table; it is presented
as a hyperlink in the same manner as the product name. Clicking the hyperlink will display
the nutrition facts table of the product selected. Below is an example of the grocery item
display format used in the experiment. The products are displayed three wide and three long,
creating a three by three matrix. The example displayed is representative of one row.
Table 4.3 Product layout in the experiment
Product Image

Product Image

Product Image

Product name
Product information
Product Price

Product name
Product information
Product Price

Product name
Product information
Product Price

Nutrition Facts Table

Nutrition Facts Table

Nutrition Facts Table

4.4 Survey Procedure
Upon completion of the grocery shopping experiment, participants answered a series of
survey questions that enabled us to analyze personal factors that may contribute to their
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purchase decisions. The survey includes 21 questions and focuses on the following topics:
grocery shopping behaviour and price sensitivity, nutritional knowledge, household
demographics, sociodemographic factors, and personal health. A copy of the survey
questions is available in the appendix. The survey information is designed to capture both
general sample data relative to the population of Ontario, as well as specific information that
may impact independent choices. All questions in the survey have an option for the
participant to refrain from answering. This allows participants to answer the questions they
understand and are comfortable with. For knowledge-based questions, there is an option that
reads “don’t know”, which provides an unbiased opportunity for participants to complete the
survey using the knowledge and information they have.

4.5 Data and Descriptive Statistics
The following section overviews and highlights characteristics of the dataset used for the
analysis. A total of 1050 participants completed the online experiment and survey between
March 11th and March 16th of 2021. The participants were equally divided between the five
different groups in a random order to ensure date and time did not unfairly impact a grouping.
Time and date of completion are not considered in our analysis because of randomization of
treatment groups and the condensed timeline in which the data was collected. Participants
who elected not to purchase any of the grocery items available, continuously selected either
the first or last option for every question, and those who took more than two hours to
complete the experiment were removed from the dataset. These observations were considered
unreliable and do not appear to accurately reflect their real-life choices and characteristics.
Upon removing some of the data, 1036 observations remained to be used in the analysis.
Table 4.4 Specific participation
Group
Control Group
Treatment #1 Health Order
Treatment #2 Labels
Treatment #3 Big Labels
Treatment #4 Both Health Order and Big Labels

Participants
205
208
211
206
206
Total 1036
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4.6 Experiment Data
The experiment data contains four different variables of interest: the product choice, the time
spent making each choice, the number of clicks on the screen, and the screen size of the
device used to complete the experiment. In the data, every participant decided to purchase at
least one item among the seven product categories. The following tables show the breakdown
of purchase decisions in each of the seven different product categories across all five of the
treatments and control groups. Each product category table includes the specific products that
were available for purchase in the experiment numbered 1 through 9, as well as the option to
not select any of the options. The second table for each product category groups the purchase
decisions into three categories: “high in” products that meet the proposed nutritional warning
label criteria; products that do not meet the label criteria, called regular products; and no
purchase.

Table 4.5 Bread products
Bread
Health Order
12 (5.8%)

Labels
18 (8.53%)

Big Labels
13 (6.3%)

#2 Old Mill Whole
27 (13.2%)
Wheat
#3 Wonder bread White 32 (15.6%)

23 (11.1%)

21 (10.0%)

27 (13.1%)

32 (15.4%)

27 (12.8%)

31 (15.1%)

#4 Wonder Bread
Whole Wheat
#5 D’italiano White

12 (5.9%)

20 (9.6%)

18 (8.5%)

9 (4.4%)

21 (10.2%)

25 (12.0%)

27 (12.8%)

30 (14.6%)

#6 D’italiano Whole
Wheat
#7 CH Stone Milled
Wheat
#8 CH No Sugar Whole
Wheat
#9 CH Bread Grain and
Protein
#10 No Purchase

22 (10.7%)

16 (7.7%)

22 (10.4%)

19 (9.2%)

18 (9.3%)

25 (12.0%)

19 (9.0%)

23 (11.2%)

17 (8.3%)

21 (10.1%)

26 (12.3%)

24 (11.7%)

22 (10.7%)

23 (11.1%)

20 (9.5%)

15 (7.3%)

17 (8.3%)

11 (5.3%)

13 (6.2%)

15 (7.3%)

Bread
Health Order

Labels

Big Labels

#1 Old Mill White

Control
16 (7.8%)

Both
17
(8.3%)
21
(10.2%)
35
(17.0%)
22
(10.7%)
23
(11.2%)
22
(10.7%)
20
(9.7%)
16
(7.8%)
16
(7.8%)
14
(6.8%)

Table 4.6 Bread purchases
Control

Both
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“High In” Products
(labelled)
Regular Products
(unlabelled)
No Purchase

64 (31.2%)

60 (28.9%)

66 (31.3%)

70 (34.0%)

124
(60.5%)
17 (8.3%)

137 (65.9%)
11 (5.3%)

132
(62.6%)
13 (6.2%)

121
(58.7%)
15 (7.3%)

Control
42 (20.5%)

Yogurt
Health Order
48 (23.1%)

Labels
40 (19.0%)

Big Labels
40 (19.4%)

5 (2.4%)

6 (2.9%)

7 (3.3%)

12 (5.8%)

22 (10.7%)

23 (11.1%)

21 (10.0%)

11 (5.3%)

12 (5.9%)

9 (4.3%)

16 (7.6%)

7 (3.4%)

#5 OIKOS Vanilla

10 (4.9%)

9 (4.3%)

4 (1.9%)

7 (3.4%)

#6 Yoplait Source
Strawberry
#7 IOGO Strawberry

31 (15.1%)

30 (14.4%)

31 (14.7%)

30 (14.6%)

23 (11.2%)

15 (7.2%)

23 (10.9%)

28 (13.6%)

#8 OIKOS Greek
Vanilla
#9 IOGO Lactose Free
Vanilla
#10 No Purchase

25 (12.2%)

25 (12.0%)

22 (10.4%)

21 (10.2%)

9 (4.4%)

13 (6.3%)

13 (6.2%)

9 (4.4%)

26 (12.7%)

30 (14.4%)

34 (16.1%)

41 (19.9%)

61
(29.6%)
131
(63.6%)
14
(6.8%)

Table 4.7 Yogurt products

#1 Activia Probiotics
Strawberry
#2 Liberte Skyr
Raspberry
#3 Liberte Greek
Vanilla
#4 Liberte Mediterranee

Both
43
(20.9%)
7
(3.4%)
22
(10.7%)
12
(5.8%)
6
(2.9%)
35
(17.0%)
13
(6.3%)
21
(10.2%)
18
(8.7%)
29
(14.1%)

Table 4.8 Yogurt purchases

“High In” Products
(labelled)
Regular Products
(unlabelled)
No Purchase

Control
95 (46.3%)

Yogurt
Health Order
102 (49.0%)

Labels
94 (44.6%)

Big Labels
74 (35.9%)

84 (50.0%)

76 (36.5%)

83 (39.3%)

91 (44.2%)

26 (12.7%)

30 (14.4%)

34 (16.1%)

41 (19.9%)

Both
101
(49.0%)
76
(36.9%)
29
(14.1%)

Table 4.9 Milk products
Milk and Alternatives
Control
Health Order Labels

Big Labels

Both
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#1 Neilson 1% Milk

15 (7.3%)

20 (9.6%)

29 (13.7%)

18 (8.7%)

#2 Neilson 2% Milk

74 (36.1%)

59 (28.4%)

53 (25.1%)

59 (28.6%)

#3 Neilson 3.25% Milk

10 (4.9%)

15 (7.2%)

16 (7.6%)

20 (9.7%)

#4 Neilson Chocolate
Milk
#5 Silk Almond Original

21 (10.2%)

25 (12.0%)

34 (8.5%)

30 (14.6%)

27 (13.2%)

28 (13.5%)

23 (10.9%)

17 (8.3%)

#6 Silk Almond
Chocolate
#7 Silk Oat Original

7 (3.4%)

12 (5.8%)

11 (5.2%)

14 (6.8%)

7 (3.4%)

13 (6.3%)

15 (7.1%)

8 (3.9%)

#8 Silk Oat Chocolate

8 (3.9%)

4 (1.9%)

3 (1.4%)

3 (1.5%)

#9 Natrel Lactose Free

12 (5.9%)

17 (8.2%)

9 (4.3%)

14 (6.8%)

#10 No Purchase

24 (11.7%)

15 (7.2%)

18 (8.5%)

23 (11.2%)

15
(7.3%)
69
(33.5%)
11
(5.3%)
37
(18.0%)
20
(9.7%)
8
(3.9%)
6
(2.9%)
4
(1.9%)
14
(6.8%)
22
(10.7%)

Table 4.10 Milk purchases

“High In” Products
(labelled)
Regular Products
(unlabelled)
No Purchase

Milk and Alternatives
Control
Health Order Labels
Big Labels
Both
112 (54.6%) 111 (53.4%)
114 (54.0%) 123 (59.7%) 125
(60.7%)
69 (33.7%) 82 (39.4%)
79 (37.4%) 60 (29.1%) 59
(28.6%)
24 (11.7%) 15 (7.2%)
18 (8.5%)
23 (11.2%) 22
(10.7%)

Table 4.11 Tomato sauce products
Tomato and Pasta Sauce
Control
Health Order Labels
#1 Hunt’s No Salt
13 (6.3%)
15 (7.2%)
11 (5.2%)

Big Labels
12 (5.8%)

#2 Primo Tomato Sauce

8 (3.9%)

15 (7.2%)

10 (4.7%)

11 (5.3%)

#3 Classico Garlic and
Onion
#4 Catelli Tomato and
Basil
#5 Primo Thick and
Zesty
#6 Catelli Garlic and
Onion

53 (25.9%)

46 (22.1%)

44 (20.9%)

50 (24.3%)

9 (4.4%)

10 (4.8%)

15 (8.5%)

10 (4.9%)

18 (8.8%)

24 (11.5%)

20 (9.5%)

29 (14.1%)

15 (7.3%)

16 (7.7%)

22 (10.4%)

8 (3.9%)

Both
14
(6.8%)
11
(5.3%)
40
(19.4%)
12
(5.8%)
22
(10.7%)
14
(6.8%)
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#7 Unico Pasta Sauce

15 (7.3%)

11 (5.3%)

13 (6.2%)

12 (5.8%)

#8 Hunt’s Thick and
Rich
#9 Classico Tomato and
Basil
#10 No Purchase

24 (11.7%)

13 (6.3%)

19 (9.0%)

23 (11.2%)

32 (16.6%)

33 (15.9%)

38 (18.0%)

26 (12.6%)

18 (8.8%)

25 (12.0%)

19 (9.0%)

25 (12.1%)

16
(7.8%)
14
(6.8%)
40
(19.4%)
23
(11.2%)

Table 4.12 Tomato purchases

“High In” Products
(labelled)
Regular Products
(unlabelled)
No Purchase

Tomato and Pasta Sauce
Control
Health Order Labels
Big Labels
Both
113 (55.1%) 107 (51.4%)
127 (60.2%) 108 (52.4%) 118
(57.3%)
74 (36.1%) 76 (36.5%)
65 (30.8%) 73 (35.4%) 65
(31.6%)
18 (8.8%)
25 (12.0%)
19 (9.0%)
25 (12.1%) 23
(11.2%)

Table 4.13 Cookie products

#1 Family Biscuit

Control
21 (10.2%)

Cookies
Health Order
24 (11.5%)

#2 Chips Ahoy!

31 (15.1%)

26 (12.5%)

28 (13.3%)

28 (13.6%)

#3 Dad’s Oatmeal

14 (6.8%)

12 (5.8%)

21 (10.0%)

20 (9.7%)

#4 Bear Paws

11 (5.4%)

14 (6.7%)

10 (4.7%)

9 (4.4%)

#5 Ultimate Fudge

8 (3.9%)

14 (6.7%)

13 (6.2%)

10 (4.9%)

#6 Fudgee-O

11 (5.4%)

10 (4.8%)

5 (2.4%)

12 (5.8%)

#7 Oreo

45 (22.0%)

43 (20.7%)

42 (19.9%)

27 (13.1%)

#8 Celebration

26 (12.7%)

28 (13.5%)

27 (12.8%)

31 (15.1%)

#9 Viva Puffs

18 (8.8%)

13 (6.3%)

14 (6.6%)

14 (6.8%)

#10 No Purchase

20 (9.8%)

24 (11.5%)

24 (11.4%)

27 (13.1%)

Labels
27 (12.8%)

Big Labels
28 (13.6%)

Both
26
(12.6%)
35
(17.0%)
15
(7.3%)
11
(5.3%)
15
(7.3%)
5
(2.4%)
39
(18.9%)
26
(12.6%)
15
(7.3%)
19
(9.2%)
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Table 4.14 Cookie purchases

“High In” Products
(labelled)
Regular Products
(unlabelled)
No Purchase

Cookies
Control
Health Order
185 (90.2%) 184 (88.5%)
0 (0.0%)

0 (0.0%)

20 (9.8%)

24 (11.5%)

Labels
Big Labels
Both
187 (88.6%) 179 (86.9%) 187
(90.8%)
0 (0.0%)
0 (0.0%)
0
(0.0%)
24 (11.4%) 27 (13.1%) 19
(9.2%)

Table 4.15 Fruit juice products
Control
28 (13.7%)

Fruit Juice
Health Order
25 (12.0%)

Labels
25 (11.9%)

Big Labels
20 (9.7%)

10 (4.9%)

20 (9.6%)

14 (6.6%)

18 (8.7%)

50 (24.4%)

56 (26.9%)

51 (24.2%)

48 (23.3%)

#4 Simply Diet Orange
Juice
#5 Allen’s Apple Juice

23 (11.2%)

20 (9.6%)

25 (11.9%)

14 (6.8%)

29 (14.1%)

29 (13.9%)

19 (9.0%)

22 (10.7%)

#6 Allen’s Diet Apple
Juice
#7 Nutrisource Berry

19 (9.3%)

6 (2.9%)

11 (5.2%)

7 (3.4%)

8 (3.9%)

12 (5.8%)

14 (6.6%)

16 (7.8%)

#8 Nutrisource Diet
Berry
#9 SunRype Slim

6 (2.9%)

6 (2.9%)

7 (3.3%)

11 (5.3%)

7 (3.41%)

8 (3.9%)

7 (3.3%)

6 (2.9%)

#10 No Purchase

25 (12.2%)

26 (12.5%)

38 (18.0%)

44 (21.4%)

#1 Ocean Spray
Cranberry
#2 Ocean Spray Diet
Cranberry
#3 Simply Orange Juice

Both
15
(7.3%)
20
(9.7%)
49
(23.8%)
21
(10.2%)
37
(18.0%)
9
(4.4%)
10
(4.9%)
9
(4.4%)
5
(2.4%)
31
(15.1%)

Table 4.16 Fruit juice purchases

“High In” Products
(labelled)
Regular Products
(unlabelled)
No Purchase

Fruit Juice
Control
Health Order
134 (65.4%) 128 (61.5%)
46 (22.4%)

54 (26.0%)

25 (12.2%)

26 (12.5%)

Labels
Big Labels
Both
120 (56.9%) 113 (54.9%) 120
(58.3%)
53 (25.1%) 49 (23.8%) 55
(26.7%)
38 (18.0%) 44 (21.4%) 31
(15.1%)
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Table 4.17 Frozen meal products

#1 Swanson Rib Meal

Control
12 (5.9%)

Frozen Meals
Health Order
10 (4.8%)

Labels
12 (5.7%)

Big Labels
7 (3.4%)

#2 Swanson Baked
Turkey
#3 Hungry Man
Backyard BBQ
#4 GS Beef Merlot

13 (6.3%)

18 (8.7%)

11 (5.2%)

18 (8.7%)

43 (21.0%)

33 (15.9%)

45 (21.3%)

35 (17.0%)

11 (5.4%)

17 (8.2%)

17 (8.1%)

11 (5.3%)

#5 GS Chicken Teriyaki

18 (8.8%)

18 (8.7%)

14 (6.6%)

14 (6.8%)

#6 GS Balsamic Chicken

22 (10.7%)

24 (11.5%)

18 (8.5%)

22 (10.7%)

#7 LC Chicken
Parmigiana
#8 LC Cheese Ravioli

14 (6.8%)

12 (5.8%)

14 (6.6%)

19 (9.2%)

9 (4.4%)

11 (5.3%)

13 (6.2%)

8 (3.9%)

#9 LC Ginger Beef

5 (2.4%)

3 (1.4%)

11 (5.2%)

11 (5.3%)

#10 No Purchase

58 (28.3%)

62 (29.8%)

56 (26.5%)

61 (29.6%)

Control
68 (33.2%)

Frozen Meals
Health Order
61 (29.3%)

Labels
68 (32.2%)

Big Labels
60 (29.1%)

79 (38.5%)

85 (40.9%)

87 (41.2%)

85 (41.3%)

58 (28.3%)

62 (29.8%)

56 (26.54%) 61 (29.6%)

Both
9
(4.4%)
11
(5.3%)
25
(12.1%)
18
(8.7%)
21
(10.2%)
14
(6.8%)
21
(10.2%)
15
(7.3%)
17
(8.3%)
55
(26.7%)

Table 4.18 Frozen meal purchases

“High In” Products
(labelled)
Regular Products
(unlabelled)
No Purchase

Both
45
(21.8%)
106
(51.5%)
55
(26.7%)

There are notable differences across the various product categories and treatments. In order to
effectively examine the impact and effect of the treatments, the time spent on the choice sets,
and how the choice sets were presented needs to be considered. The following table shows
descriptive statistics of the time spent in each choice set dependent on the treatment.
Table 4.19 Time Spent in Choice Sets (in seconds)
Mean
Median
Min
Control
22.356
14.649
1.452
Order
20.815
13.764
0.885
Label
23.282
15.253
1.556
Big Label 21.096
13.945
0.275
Both
22.724
14.615
1.743

Max
914.016
930.782
1337.114
737.186
1014.114

1st Qu.
9.050
8.054
9.120
8.217
8.864

3rd Qu.
24.178
23.560
25.818
23.233
24.271
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Choice duration is the time each participant spent making their purchase decision. The time
spent is collected for each product choice set; therefore, there are seven observations for each
participant. There is large variability in the length of time spent on making the purchase
decisions which is evident from the minimum times and the maximum times. It is clear some
participants are making quick purchase decisions regardless of the product order or labelling,
whereas others took their time and may have further examined the product offerings. Median
may be a better indicator of the data because it is not directly impacted by outliers such as the
minimum times and the maximum times, which can be extreme. Relative to the control
group, the time spent in the choice sets is longer in the nutritional warning label treatment.
This may suggest that the regular sized warning labels attracted attention or resulted in more
thought and consideration in the purchase decision. Both the health order treatment and the
large warning label treatment have a smaller median and mean relative to the control group.
It is possible that these treatments create a more simple purchase decisions process by having
either a categorized product offering or clear and easily identifiable labels. Although there are
some minor differences in the time spent on the purchase decisions across treatments, there is
no statistical significance in the differences. The difference in the means of the treatment
groups were tested using a two-tailed t-test.

Similar to a functional online grocery store, in this experiment the product image can be
expanded to show a large image and the nutrition facts table can be seen by clicking on the
product details. Tracking the number of clicks participants make on each choice set provides
insight into whether or not they are viewing this supplementary information. However, the
number of clicks on touch screen devices is unreliable because any screen touch is counted
the same as clicking the nutritional facts table or image enlarge. To combat this to the best of
our abilities, we divided the data by screen size. An example of a large screen is a traditional
laptop or desktop monitor, and a small screen is a mobile phone. Approximately 60 percent
of the participants completed the experiment on a large screen device and the remaining 40
percent completed the experiment on a small screen device. An important consideration that
makes the click data unreliable for the small screen participants is that the number of
products shown on a screen varies by the screen size. One product of the nine per choice set
is shown at once on the smallest screen, whereas six products can be seen on some of the
largest screens. The difference is product offering presentation results in more effort required

51
to view all the product options on small screens. The table below shows the number of
participants per screen size.
Table 4.20 Screen size
Small
427

Large
609

The total number of clicks may prove to be unreliable because of the variability in screen
sizes and device capabilities. The variable does provide certainty regarding participants who
do not view the nutrition facts table or an enlarged product image. One click is needed to
make their purchase decision on the choice set; therefore, the participants who made only one
click did not view any of the supplementary details. The table below highlights the number of
clicks made by participants on large screens only, which may be an indication of effort made
regarding their purchase decision. Almost half of all purchase decisions were made without
viewing the nutrition facts table or the product enlarged image, suggesting that these are not
often used.
Table 4.21 Click Count (Large Screen Only)
1 Click (no views)
2-4
5-7
2015
1681
328

8-10
123

Table 4.22 Only 1 Click (Large Screen Only)
Control
Order
Label
52.2%
50.5%
43.6%

Big label
45.1%

11+
116

Both
44.9%

The percentage of participants that are not viewing any additional product information
changes between the different treatment groups. Using a two tailed t-test, the mean clicks in
the treatment groups are not statistically significant from the control group. There is a
noticeable difference relative to the control group, particularly the treatments that involve a
warning label. It is possible that the warning label provokes some participants to spend more
effort when making their purchase decision. In an online setting, the regular nutritional
warning label is relatively small and can be difficult to read, and it is possible that this results
in more participants clicking to see an enlarged image. However, the exact clicks participants
made cannot be tracked which results in the variable being imperfect and may not be a
reliable indicator of their purchase decision process. For example, if a participant chooses one
item and then changes their decision, this would result in a minimum of two clicks on the
choice set page.

52

4.7 Survey Data
Of the 1036 useable observations in the experiment and survey, 48.5% of the participants
identified as female, 50.5% identified as male, and 1.0% identified as non-binary, a third
gender, or preferred not to answer. The age distribution of the sample is similar to the Ontario
population. There is a minor overrepresentation of younger people (aged 18-24) and an
underrepresentation of older people (aged 75-84). The difference in the oldest and youngest
part of our sample may be due to the accessibility of the online experiment or the willingness
to participate in an experiment of this nature.
Table 4.23 Participant age groups
Age
% Female in % Prefer
Groups Experiment
not to
Answer
18-24
75 (53.6%)
4 (2.9%)
25-34
120 (58.8%) 5 (2.5%)
35-44
92 (52.3%)
0 (0.0%)
45-54
77 (44.8%)
0 (0.0%)
55-64
87 (48.3%)
0 (0.0%)
65-74
38 (30.2%)
2 (1.6%)
75-84
13 (34.2%)
0 (0.0%)

Provincial
Average %
Female
48.01%
48.90%
50.89%
50.88%
50.72%
52.59%
54.88%

% of
Participants in
Age Group
140 (13.5%)
204 (19.7%)
176 (17.0%)
172 (16.6%)
180 (17.4%)
126 (12.2%)
38 (3.7%)

% of Provincial
Population in Age
Group
11.89%
18.26%
16.49%
16.38%
17.54%
12.74%
6.73%

Adapted from Table: 17-10-0005-01 from Statistics Canada as of July 1st 2020.
The distribution of female participants in the experiment is skewed to the younger
demographics. There is an overrepresentation of females in the younger age groups (18-44)
and an underrepresentation of females in the older age groups (45-84), relative to the Ontario
population. The age groups were divided between seven categories using a 10-year span for
each category, except for the youngest grouping, 18-24. The distribution between the age
groupings is similar to the Ontario population; suggesting that the sample is representative of
the age distributions in Ontario.

Participants were also asked to reveal their highest level of education. Higher education leads
to a lower likelihood of being obese (Devaux, Sassi et al. 2011). Collecting this information
allows us to understand how people may react and interact differently with various treatments
in a grocery store depending on their education levels. Participants with high school as the
highest level of education were the largest group in our study (24.5%), followed closely by
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those with a four-year degree (21.4%). and those with some college (20.9%). There was no
category option in the survey for education in the trades, and it is possible that some college
may reflect those who began but did not complete a post-secondary program, or potentially a
participant who has a level of education such as a trade that does not fit any of the other
categories. Participants with a two- or three-year diploma combine for a total of 16.3%, and
10.4% of participants have a professional degree. On the tail ends of the spectrum, 3.5% of
participants have less than high school education and 1.9% have a doctorate.

Statistics Canada reports yearly education attainment levels for ages 25-64 by province and
territory. Although this does not perfectly match the age range of this study, this data is
useful for a general comparison to assess the relative education levels of our sample. In 2020,
6% of the Ontario population had less than high school education, 28% have high school
education and/or some post-secondary education that is non tertiary. Sixty-six percent of the
Ontario population have some level of tertiary education, which can be any level of college
or university. Fifty percent of our sample have a 2-year diploma or more, which is relatively
similar to the provincial average. The only uncertainty is the interpretation of some college;
participants may have begun tertiary education and did not complete it, or potentially have an
education through apprenticeships and trades.
Figure 4.1 Participant education level

Statistics Canada also reports Ontario household income in $10,000 increments up to
$60,000. Household incomes higher than $60,000 annually are categorized in larger groups:
$60,000-$80,000; $80,000-$100,000; and $100,000 and over. In 2019, 13.0% of Ontario
households had a household income between $60,000 and $80,000, whereas 12.5% of
participants reported an income within this range. 10.6% of Ontario households had a
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household income between $80,000 and $100,000; 13.3% of the participants in our study
reported income within this range. 36.5% of Ontario populations have a household income of
$100,000 or more compared to only 20.5% of our survey respondents. 7.3% of experiment
participants elected not to answer this question, and it is unknown whether these nonresponses are evenly distributed between income groups. Below is a chart that compares
household income categories of participants relative to the Ontario population for incomes
less than $60,000 per year.
Table 4.24 Participant household income
Household Income % of Experiment Participants
Less than $10,000
4.2
$10,000-$19,999
6.9
$20,000-$29,999
10.9
$30,000-$39,999
6.9
$40,000-$49,999
7.6
$50,000-$59,999
9.7

% of Ontario Households (2019)
3.1
4.9
8.7
8.2
7.9
7.2

Similar to education, income is also related to obesity. Lower income is associated with
higher risks and likelihood of being obese (Kim and von dem Knesebeck 2018). The income
distribution of our participants is relatively similar to the Ontario household income in 2019.
The most notable difference is the top income earners, which are underrepresented in the
experiment. This may be due to the age distribution of the participants or the incentive to
participate in a paid study. The total percentage of participants in our experiment with a
household income lower than $60,000 is 46.3%, and in Ontario is 40.0%.
Figure 4.2 Participant household income
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Half of the participants either live by themselves or in a two-person household (50.01%). The
percentage of participants that live in a three-person, four-person, and five-person house is
22%, 16.12%, and 17.14% respectively. Less than 5% of the sample live in a household of
six or more people. The 2016 census reports that the average household size in Ontario is 2.6
(Statistics Canada 2016). The average household size in our study is 2.8, and 68.8% of all
participants have no dependents under the age of 18. The vast majority of those with
dependents have three or less, and a small fraction have more four or more. This data aligns
with the household size statistics.
Figure 4.3 Participant household size

In the survey, participants also answered a question about their price, promotion, and sale
sensitivity and whether those variables impact their shopping decisions. This part of data
collection used a statement that participants answered how well they agreed with it. This
method was used as an alternative way to assess relative price and promotion sensitivity
beyond the purchase decisions made in the experiment.
Table 4.25 Participant sale and price sensitivity
Strongly
Agree
Somewhat Neither
Agee
Agree
253
258
244
102

Somewhat
Disagree
61

Disagree
72

Strongly
Disagree
46

The majority of participants (72.9%) agreed that sales and promotions impact their shopping
decisions to some degree. 9.8% of participants were neutral, neither agreeing nor disagreeing
on the relative impact on their shopping. The remaining 17.3% of participants disagreed with
the statement, suggesting that prices and sales do not impact their decisions. Meat products
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was the most popular sale or promotion item that influences participants’ shopping decisions,
followed by produce, dairy, and others such as bakery and dry goods.

Table 4.26 Participant knowledgeable on human nutrition
Extremely
Very
Moderately
Slightly
109
271
471
148

Not at all
37

Table 4.27 Participant nutrition tracking
Strongly Agree Somewhat
Neither
Agree
121
364
253

Strongly
Disagree
134

Somewhat
Disagree
164

Participants answered two different questions pertaining to their self-declared human
nutrition knowledge and the extent to which they track their own personal nutrition. These
variables have potential limitations because the level of knowledge a participant has on a
specific topic is subjective. It was not practical to administer an online knowledge test to
assess the ability of participants to comprehend nutrition facts tables and human nutrition.
Therefore, self-declared knowledge was the best alternative and is believed to be a fair
measure. The second nutrition question regarding whether the participants track their own
personal nutrition is believed to be a better measure of their relative efforts of measuring their
own diet. The percentage of participants who strongly agree, somewhat agree, neither
disagree or agree, somewhat disagree, and strongly disagree that they track their own
nutrition is as follows: 11.7%, 35.1%, 24.4%, 15.8% and 12.9% respectively. The most
common response to this statement was participants somewhat agreeing that they track their
own personal nutrition.
The final variable of interest from the survey is each participant’s body mass index (BMI).
Participants were asked to provide their height in centimetres and their weight in pounds. 64
(6.2%) participants chose to not answer one or both of these questions, leaving a remaining
972 participants data that can be used to calculate BMI.

Table 4.28 Participant BMI
Normal or less (<25) Overweight (25-30)
398
322

Obese (30+)
252

No Answer
64
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Of the study participants who elected to answer the height and weight questions, 40.9% were
either a normal weight or underweight (BMI<25), 33.1% were overweight (BMI 25-30), and
25.9% were obese (BMI>30). As of 2018, 26.1% of the Ontario population was classified as
obese, slightly under the national average of 26.8% (Statistics Canada 2018). 36.3% of
Canadians were overweight in 2018. The net total percentage of the Canadian population that
is either overweight or obese as of 2018 was 63.1%. 59% of participants in this experiment
are either overweight or obese, slightly lower than the national average. Due to the nature of
the online experiment, self-reported height and weight was the only logical option to collect
data on participants BMI. There are potential limitations of self-reported height and weight
data. Females and overweight or obese individuals are more likely to understate their weight
(Akhtar-Danesh, Dehghan et al. 2008). Height is often overstated and weight is often
understated, although these trends vary significantly across participants and studies (Gorber,
Tremblay et al. 2007, Pursey, Burrows et al. 2014). The self-reported height and weight of
participants in this study are similar to the provincial and national averages in Ontario and
Canada, respectively. A way to combat the potential for misleading or untrue self-reported
data is to group the information into normal weight, overweight and obese. Categorizing the
data in this manner reduces the impact of small differences and may limit the potential of
inaccurate information altering the quality of the variable.

Figure 4.4 Participant BMI
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4.8 Variable Selection and Data
The survey portion of the data collection process included 21 different questions. Many of the
variables were correlated with one another. Correlation between independent variables in
modelling results in multicollinearity. This potential issue reduces the statistical significance
of independent variables and results in a weak model. Participants monthly spending on
groceries and household size is an example. Monthly spending on groceries could be adjusted
to a per person amount; however, sale sensitivity is already used to gauge consumers
behaviour towards price differences. Nutrition knowledge and whether participants track their
own nutrition has a correlation of 0.58. Income, level of education, and hours worked per
week were all found to have some correlation to one another. Both the number of hours
worked per week and income levels varied drastically, from 0-60+ hours and 0-$200,000+,
respectively. There was not enough supplementary information in the survey to create a
potential connection between the number of hours worked and purchase decisions. The
number of dependents and household size also had a high correlation (0.63), limiting the
potential use of both these variables in the statistical analysis.

The focus of this research is to assess the impact and effectiveness of both nutritional
warning labels and ordering products by their relative healthfulness as a convenience
enhancement. The purpose is to understand how consumers interact with these treatments and
discover which treatment is the most effective in reducing the amount of high-in or unhealthy
products purchased. The research and survey design uses experimental economics and
consumer behaviour to learn and understand how various participants react to the treatment.
Due to the nature of this online experiment, survey data is used to collect information about
the participants and their purchase decisions in the hypothetical online grocery store platform.

There are many potential limitations of using survey data in this manner (Bertrand and
Mullainathan 2001). The order of questions, the order of answers to each question, as well an
many other factors such as participants’ current state of mind can all influence answers and
behaviours within a survey. Recency bias and selection bias may also pay a role in this
experiment. It is possible that participants’ purchase decisions in the online grocery store
simulation are influenced by recent events in their lives and may or may not be reflective of
their regular behaviour. Selection bias may have occurred because participants willingly
choose to participant in the research and receive a monetary compensation for their time and
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effort. It is also possible that the participants in the experiment are more interested in grocery
shopping or research than the Ontario population on average.

To combat these potential limitations, the answers to survey questions were randomized
when not presented in a logical order. For example, diet choice and health conditions were
randomized to limit the potential for bias to arise from the order of the options. Survey
questions that had a logical order such as income were not randomized to ensure participants
were able to easily answer the question with limited effort. The order of the warning label
treatment groups was randomized as well, ensuring that the order of the products was not the
same. There are many potential biases and limitations that still exist in the data collection
process although, the survey and experiment were designed using multiple choice questions
that were clear and easy to read to reduce the strain on participants. To gauge the potential
accuracy of an online grocery shopping experiment of this nature, participants were asked
how well their shopping in this study reflects their regular shopping behaviours. Although
this question is subjective and cannot be used to alter the dataset or provide any concrete
findings, it does provide some insight into the use and overall effectiveness of online
experiment in this nature. The vast majority of participants said their shopping decisions in
the experiment reflects their regular shopping decisions moderately well or better (87.6%).

Table 4.29 Participant shopping accuracy
Extremely Well Very Well
Moderately
Well
265
351
292

Slightly Well

Not Well at All

79
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4.9 Chapter Summary
This chapter outlined the data collected in the experiment and survey. The research
experiment was completed by 1050 participants, with 1036 observations considered useable.
Slightly more than 200 participants completed each of the five treatment or control groups.
There were seven different grocery product categories that participants made purchase
decisions in, as well as 21 survey questions. The survey questions consisted of
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sociodemographic data, information regarding their shopping patterns, personal health, and
household characteristics.
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Chapter 5 Empirical Framework
5.1 Introduction
The empirical model used in the results section follows the conceptual framework in Chapter
Three. The focus of this research project is to evaluate the effectiveness of the different
treatments in reducing the demand for food that are high in sugar, sodium and/or saturated
fats. By using participants’ purchase decisions in the experiment combined with relevant
independent variables, the impact of the different treatments on purchase decisions can be
examined. Categorizing the purchase decisions of each observation into a binary dependent
variable allows for a clear examination of the treatment effects. The dependent variable takes
the value 1 if the participant purchases a high-in item and 0 if they do not. This approach
groups together regular purchases of healthy items and not purchasing an item. The focus is
to assess the effectiveness of reducing unhealthy purchases; therefore, grouping these
categories together to form the binary dependent variable is an optimal method to examine
the impact effectiveness of the treatments relative to the control group.

5.2 Empirical Model
The foundation of the empirical model is that consumers purchase the items that maximize
their utility. Each of the seven different product categories is a separate choice set, each
including nine product options and the choice not to purchase any of the items. Participants in
the experiment make one selection per choice set, for a total of seven decisions. Therefore,
the purchase options within a choice set are mutually exclusive. By choosing one item, the
participant is thereby choosing not to purchase the other items. In this manner, the purchase
decisions of participants can be represented by only their exact choice rather than every
product available. The random utility model fits this theory and experiment design. It is
designed for understanding and analyzing decisions that maximize consumers’ utility in a
discrete choice set (Manski 1977). The logit model is used to model the choice decisions of
participants and examine the statistical significance of both the treatments and independent
variables. The logit model is commonly used in a utility maximizing framework such as the
random utility model and works well to predict the probability of an event or in this situation,
a purchase decision (Walker and Ben-Akiva 2002). The following explains the basis and
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theory behind the logit model and how it applies to this research and consumer choice
decisions.

The probably of purchasing an item is shown by:

𝑃𝑟𝑜𝑏(𝑏𝑢𝑦) =

𝑥 𝛽
𝑒 𝑖𝑗

5.0

𝑥 𝛽
1+ 𝑒 𝑖𝑗

x is the variables
i is the participant
j is the alternative or specific item
β is the coefficient estimate
Therefore, the probably of not purchasing an item is:
𝑃𝑟𝑜𝑏(𝑛𝑜 𝑏𝑢𝑦) = 1 − 𝑃𝑟𝑜𝑏(𝑏𝑢𝑦)
𝑃𝑟𝑜𝑏(𝑛𝑜 𝑏𝑢𝑦) =

𝑥 𝛽
1+ 𝑒 𝑖𝑗
𝑥 𝛽
1+ 𝑒 𝑖𝑗

𝑃𝑟𝑜𝑏(𝑛𝑜 𝑏𝑢𝑦) =

−

𝑥 𝛽
𝑒 𝑖𝑗
𝑥 𝛽
1+ 𝑒 𝑖𝑗

1
𝑥 𝛽
1+ 𝑒 𝑖𝑗

5.1
5.2
5.3

The likelihood function considers the probability of buy and the probability of no buy. This
follows the same notation as the previous questions
j represents purchasing a specific item
k represents not purchasing a specific item
𝐿 = ∏𝑗

𝑥 𝛽
𝑒 𝑖𝑗

1+ 𝑒

𝑥𝑖𝑗 𝛽

∏𝑘

1
𝑥 𝛽
1+ 𝑒 𝑖𝑗

5.4

The likelihood function needs to be maximized with respect to β to solve the maximum
likelihood estimate and estimate the probability of purchasing a specific item.
𝑥 𝛽
𝑒 𝑖𝑗

𝑀𝐿𝐸

𝑥 𝛽
1+ 𝑒 𝑖𝑗

𝑀𝐿𝐸

5.5

Therefore, 𝑒 𝑥𝛽 is the part of interest because it is equal to the probability of purchasing a
specific item divided by the probability of not purchasing a specific item.
𝑒 𝑥𝛽 =

𝑃𝑟𝑜𝑏(𝑏𝑢𝑦)
𝑃𝑟𝑜𝑏 (𝑛𝑜 𝑏𝑢𝑦)

5.6
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Removing the exponent from the equation solves the log-odds ratio. This is done by taking
the ln of both sides.
𝑥𝛽 = ln

𝑃𝑟𝑜𝑏(𝑏𝑢𝑦)
𝑃𝑟𝑜𝑏 (𝑛𝑜 𝑏𝑢𝑦)

5.7

Using the 𝑥𝛽 function, the likelihood of purchasing a “high in” item can be shown. 𝑥𝛽 is
value of the coefficients of each variable included in the model, these variables come from
the survey data collected in the grocery shopping experiment. The same notation is used.
𝐿𝑜𝑔𝑖𝑡 𝑃(𝑏𝑢𝑦) 𝑜𝑟 𝐿𝑜𝑔𝑖𝑡 𝑃(𝑌 = 1) = 𝛽0 + 𝛽𝑞 𝑥𝑞𝑖 + 𝜀𝑖

5.8

i is the participant
P(buy) or P(Y=1) is adapted to be when a “high in” item is purchased
𝛽𝑞 is a vector of parameters
Xqi is a vector of the individual characters

ɛi is the error term
The individual characteristics include age, BMI, gender, price sensitivity, household size, and
nutrition tracking. Each individual treatment is included in the equation as a dummy variable
as well.

5.3 Chapter Summary
This chapter briefly outlined the empirical model used in the analysis and the upcoming
results section. The random utility model is the basis of this experiment assuming that
consumers are wanting to maximize their derived utility from the grocery items purchased.
The logit model is commonly used for the random utility model theory and fits the binary
choice outcome of the data. The original data from participants in the study is non-binary.
There are seven different observations from each participant where consumers choose one of
ten options, including the “no purchase” option. These options are grouped into a “high in”
purchase or otherwise to focus the attention of the analysis on understanding the likelihood of
purchasing specific product categories (unhealthy or otherwise) and optimal methods to
influence these decisions. The binary choice outcome design creates a balanced method of
analyzing and comparing the relative effectiveness of various treatments in reducing the
likelihood of making “high in” product purchases. There are 1036 participants in the
experiment and 7 observations per participant. Therefore, the dataset used in the analysis has
a total of 7252 observations. Participants had the option to not answer some of the questions.
Some variables when included in the analysis reduce the total number of observations

64
because of the missing data. There is not estimation of missing variable data, only data
collected is used in the analysis.
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Chapter 6 Results
6.1 Introduction
This chapter presents the results of the data analysis in this experiment. The primary focus of
this research is to evaluate which treatment, if any, is more effective in reducing the demand
for “high in” foods. There are other important aspects of the research as well: examining the
effectiveness of the different treatment groups; exploring how different demographics and
traits impact the interaction and effectiveness of the treatments; and the differences between
product categories. Some products such as yogurt may be perceived to be a healthy item but
may be “high in” sugar. This may not be as obvious to consumers as an item like cookies
being “high in” sugar. For this reason, it is important to assess the differences between
product categories as well. The main model of this analysis has an emphasis on BMI. It is
important to understand and assess whether these treatments are effective for all consumers.

6.2 Variables of Interest
Variables from the 21 survey questions are shown in the table below. All of the participant
characteristic variables were assessed to identify the important features that are relevant to
purchase decisions. Not all the data collected was deemed relevant to the purchase decisions.
The diet choice of participants is an example. Participants answered a multiple-choice
question about their dietary habits, indicating whether they consider themselves a vegan,
vegetarian, or omnivore amongst other options. Although there are animal products included
in the experiment, it was found that this variable is not significant and is a poor indicator of
purchase decisions regarding to healthfulness. Multicollinearity is another issue that resulted
in variables being removed from the statistical analysis. Some of the variables such as
tracking personal nutrition and human nutrition knowledge were found to be similar and
therefore, it is best to only include one of these.
Table 6.1 Variables of interest
Variable of Interest
Type of Variable and Value Taken

Expected
Sign

Health Order
Treatment

Dummy (1,0) 1 if in treatment

-
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Warning Label

Dummy (1,0) 1 if in treatment

-

Big Label Treatment

Dummy (1,0) 1 if in treatment

-

Both Treatment

Dummy (1,0) 1 if in treatment

-

Education Level

Categorical (1-8)

-

Treatment

(1-8, 1 being less than High School and 8 being
Doctorate, one level intervals)
Gender

Dummy (1,0) 1 if Female

-

Age

Categorical (1-7)

?

(1 is 18-28 and 7 being 85+, 10 year intervals)
Monthly Grocery Cost Categorical (1-13)

+

(1 is less than $50 and 13 is more than $600, $40
intervals)
Price Sensitivity

Categorical (1-7)

+

(1 is strongly disagree to price sensitivity and 7
is strongly agree)
Nutrition Knowledge

Categorical (1-5)

-

(1 is extremely knowledgeable and 5 is not
knowledgeable at all)
Track Nutrition

Categorical (1-5)

-

(1 is strongly agree that you track nutrition, 5 is
strongly disagree)
Diet Choice

Dummy (1,0) 1 if non Omnivore

?

Health Conditions

Dummy (1,0) 1 if Yes

?

Household Size

Continuous (maximum 10)

+

Dependents

Continuous (maximum 8)

+

Work Week

Categorical (1-8)

?

(1 is less than 10 hours and 8 is 60+, 10 hour
intervals)
Relationship

Dummy (1,0) 1 if Single

?

Income

Categorical (1-13)

-
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(1 is less than $10,000 per year and 13 is more
than $200,000, intervals are $10,000 up to
$100,000 and then $50,000 after that)
BMI

Continuous

+

Choice duration

Continuous

-

Number of Clicks

Continuous

-

Screen Size

Dummy (1,0) 1 if Large Screen

?

(large screen is laptop, desktop, large tablet,
small screen is a smartphone or small tablet)

Only the variables that were found to be relevant to the purchase decisions were included in
the analysis and results section. Variables that were deemed insignificant, not a good
indicator of healthfulness purchases, or had collinearity issues include the following: monthly
grocery spending, nutrition knowledge, diet choice, health conditions, dependents, work
week, relationship status, and income. These variables were examined throughout the
research and excluded from the final analysis.

6.3 Binary Logit Regression (Buy “High In”) Focus on BMI
The logit model is used to estimate the effects of the different treatments on the probability of
purchasing a “high in” item. The dependent variable in this logit model is buying a “high in”
item: a value of 1 if purchasing a “high in” item and a value of 0 otherwise. The first
regression uses the continuous BMI variable and the second regression uses a dummy
variable for participants who are obese. A dummy variable for obesity is used to pinpoint that
population within the participant groups. This population is the primary focus of the
treatments, to influence their purchase decisions in a healthier direction. All four treatments
have a negative sign as expected; however, only the large warning label is statistically
significant.

The dummy variable for females has a negative and significant effect (1% level) in both
models on the purchases of “high in” items. This means that females purchase fewer “high
in” items than male counterparts in our experiment. There are a variety of possible reasons
for this difference between genders. A previous study focused on convenience store
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purchases found that men are less likely to purchase healthy items relative to females (Lenk,
Caspi et al. 2018). This will be further explored when looking at interaction effects and
different product categories. Some of the product categories may be perceived to be
unhealthy, such as cookies and frozen meals. Age is also negative and statistically significant
(5% level). Age is a categorical variable that bundles age groups for a more simple
interpretation of differences. The older consumers are, the less likely they are to be
purchasing “high in” items. Stortz, Lee et al. (2020), in a similar study, found that younger
consumers were less likely to purchase “high in” items. There is limited research on the
differences in purchase decisions across age groups. Ang, Agrawal et al. (2019) found that
older age was linked to higher amount of sugar in their purchases. These findings differ from
the participants in this study. It appears the connection between age and healthfulness of
purchases is unclear.

Both price sensitivity and household size variables are negative and significant at the 5% and
1% level respectively. The price sensitivity finding is in line with the literature surrounding
the poverty obesity paradox and the price of foods and is consistent with economic theory.
Calorie dense foods and highly processed foods are often more affordable. A price-sensitive
consumer will more often purchase less healthy items (Drewnowski and Specter 2004,
Drewnowski 2012). The larger the household, the more likely the consumers are to be
purchasing “high in” items, relative to smaller households. It is possible price is also playing
a factor in these purchase decisions within the experiment.

The tracking nutrition variable is negative, as expected. This suggests that consumers who
actively track their personal human nutrition and dietary needs are able to distinguish
between healthy and unhealthy items and are less likely to be purchasing “high in” items. The
tracking nutrition variable is significant at the 1% level. This variable is of particular interest
because it shows that consumers who track their eating patterns and nutrition are eating
healthier. A previous study found that consumers with dietary goals made more comparisons
between nutrition facts tables and products, and made food choices accordingly (Miller and
Cassady 2012). However, studies have also suggested that not everyone is able to effectively
use nutrition facts tables and make their purchase decisions in accordance with their dietary
preferences and desires (Zweig and Pilliar 2012, Dukeshire and Nicks 2017, Cormier,
Vanderlee et al. 2019).
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Body mass index (variable named BMI) is positive and significant at the 5% level. BMI is a
continuous variable. The positive value suggests that as BMI increases, the likelihood of
purchasing a “high in” item increases as well. This finding was expected, individuals who are
overweight or obese tend to have different preferences and may purchase and consume more
unhealthy foods due to the immediate benefits (Nederkoorn, Smulders et al. 2006, Weller,
Cook III et al. 2008, Appelhans, Woolf et al. 2011). The second regression uses a dummy
variable for individuals with a BMI in the obese range. This variable is positive and
significant, the same as the continuous BMI variable. Dummy variables for normal healthy
weight BMIs were explored and found to be insignificant. This suggests that normal weight
people do not necessarily consume less unhealthy or “high in” items.

We expected the parameters for all four of the different treatments to be negative and
significant, especially the fourth treatment consisting of the large warning labels and ordering
by health. The fourth treatment has the exact same warning labels as the third treatment that
is statistically significant. It is possible that by ordering the items by health, the relatively
unhealthy and healthy items get grouped together and it alters the perspective of the
consumer.

The marginal effects is a useful tool in logit models because the coefficient estimates in the
logit model is difficult to interpret. The logit model is non-linear; therefore, it is best to only
interpret the sign of the variables and the significance. Average marginal effects provides
insight into how each variable or treatment alters the probability of purchasing a “high in”
item, which is the dependent variable. For example, the average marginal effects of the large
warning label in the base model is -0.0372. This means that on average, participants in the
large warning label treatment were 3.72% less likely to purchase a “high in” item as a result
of the treatment. 53.7% of all purchases made in the control group were “high in” items. The
marginal effects for continuous variables is not necessarily accurate because it may not be
consistent across all ranges of the variable. For example, the average marginal effects of BMI
is 0.008. This means that for each one unit increase in BMI, the likelihood of purchasing a
“high in” item increases by 0.08%. This is an average across all the data which means it is
not a perfect indicator of an exact change. To provide context for the impact of BMI, the data
ranges from 12 upwards to 55, with the majority of the participants having a BMI between
23 and 30.
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Table 6.2 Binary Logit Regression (Buy “High In”)
Purchase “High In” Item
Dependent variable:
Buy “High In”
Base Model
Obese Dummy
(1)
(2)
Health Order

-0.125
(0.078)

-0.122
(0.078)

Warning Label

-0.050
(0.077)

-0.054
(0.078)

Big Warning Label

-0.151*
(0.078)

-0.158**
(0.078)

Health Order and Big Warning Label

-0.081
(0.078)

-0.082
(0.078)

Female

-0.231***
(0.050)

-0.238***
(0.050)

Age

-0.039**
(0.015)

-0.037**
(0.015)

Price Sensitivity

0.032**
(0.015)

0.032**
(0.015)

Tracking Nutrition

-0.082***
(0.021)

-0.081***
(0.021)

Household Size

0.060***
(0.017)

0.060***
(0.017)

BMI

0.008**
(0.004)
0.120**
(0.057)

BMI Obese
Constant

Observations
Log Likelihood
Akaike Inf. Crit.

Note:
Table 6.3 Average Marginal Effects 1

0.146
(0.168)

0.325**
(0.141)

6,783
-4,657.631
9,337.262

6,783
-4,657.549
9,337.099
*p**p***p<0.01
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Health Order
Warning Label
Big Warning Label
Health Order and Big Warning Label
Female
Age
Price Sensitivity
Track Nutrition
Household Size
BMI
BMI Obese

Base Model
(1)

Obese Dummy
(2)

-0.0308
(0.0193)
-0.0123
(0.0191)
-0.0372*
(0.0192)
-0.0199
(0.0192)
-0.0571***
(0.0122)
-0.0096**
(0.0038)
0.0079**
(0.0036)
-0.0201***
(0.0052)
0.0149***
(0.0043)
0.0019**
(0.0009)

-0.0301
(0.0193)
-0.0133
(0.0191)
-0.0389**
(0.0193)
-0.0204
(0.0193)
-0.0588***
(0.0121)
-0.0091**
(0.0038)
0.0080**
(0.0036)
-0.0200***
(0.0052)
0.0147***
(0.0043)

0.0296**
(0.0139)

*p<0.1; **p<0.05; ***p<0.01

6.4 Binary Logit Regression (Buy “High In”) Focus on Interaction
Effects
In this section, gender and age are used as interaction effects with the various treatments to
understand whether some consumers interact and respond to the treatments differently than
others. Gender is particularly interesting because it is negative and significant in the base
model. It is possible that females are more sensitive to the treatments although the base
model does not provide sufficient insight into the interactions. Age is similar to gender.
Previous studies have found that older consumers may purchase more “high in” items.
Therefore, this variable is further examined to understand the interaction with the treatments.
A limitation of using interaction effects in logit models is the interpretation of marginal
effects. The marginal effects of a logit model with interaction terms can be unreliable and
difficult to comprehend and calculate (Jaccard and Jaccard 2001). The signs of the variables
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and significance provide enough insight into the interaction with the treatments to understand
how the treatments differ amongst populations.

Regression 1 below has all four of the treatments interacted with the gender dummy variables
that represents female participants in the experiment. Regression 2 has the age variable
interacted with the four different treatments to further examine how the treatments may be
more or less effective for certain age groups. The dependent variable is purchasing a “high
in” item. This is the primary focus of the experiment— to evaluate and compare how the
various treatments alter the demand for and probably of purchasing “high in” items. The
interaction coefficients between the female dummy variable and the treatments are
insignificant. However, it is worth noting these are all positive estimates. The most notable
difference in the coefficient estimates when interacting with gender is the change in the
health order treatment. Health order is negative and statistically significant at the 5% level
when interacted with females. This suggests that their male counterparts are much more
likely to be purchasing items near the top of the selection page and were therefore influenced
by this change in product ordering. Previous studies have found that men and women do shop
differently although the exact differences in online grocery shopping are unclear (Kuruvilla,
Joshi et al. 2009, Turčínková, Brychtová et al. 2013). This is a particularly notable finding
because it shows a clear difference in how males relative to females interact with the health
order treatment and the effect it has on their ultimate purchase decisions. It is possible that
men on average were less interested in the product offering of the experiment and were more
likely to make a quick purchase decision and move on. However, this finding was not
consistent in the fourth treatment group that had the products ordered by healthfulness and
the large warning labels.

Age had a very similar interaction with the treatments as the gender variable. The coefficient
estimate of age interacted with the health order treatment is positive and statistically
significant at the 1% level. The health order treatment is negative and also statistically
significant at the 1% level. This shows that the older participants in the experiment had a
counter effect from the health order treatment. In the health order treatment, the “high in”
items are presented at the bottom of the page. This suggests that the older the participants are,
the more likely they are to be selecting an item at the bottom of the page. This may mean that
they are committed to their choices even if at the bottom of the page, relative to other age
groups’ decisions. When the health order treatment is being used, this results in purchasing
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less healthy items. Unfortunately, there is no data on the product ordering of the control
group to make a comparison because it was randomized. When exposed to both the health
order and the large warning labels, this finding does not hold to the same extent. The
variables are the same sign: treatment number four is negative and the interaction effect with
age is positive. However, they are not statistically significant.

The effects of the large warning label are not evident in regression number 2, and the
estimate is actually positive. There is a large standard error on this estimate so it cannot be
interpreted accurately. The remaining variables in these two regression models are unchanged
and are consistent with the findings in the base model of the previous section. Tracking
nutrition remains negative and significant, suggesting that individuals who actively watch
their dietary intake are generally avoiding “high in” items that are less healthy than available
alternatives.
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Table 6.4 Interaction Effects 1
Dependent variable:
Buy “High In”

Health Order

Warning Label

Big Warning Label

Health Order and Big Warning Label

Female

Age

Price Sensitivity

Tracking Nutrition

Household Size

BMI

Health Order * Female

Gender

Age

(1)

(2)

-0.213**

-0.656***

(0.108)

(0.186)

-0.145

-0.076

(0.107)

(0.184)

-0.197*

0.021

(0.108)

(0.184)

-0.114

-0.274

(0.109)

(0.180)

-0.344***

-0.247***

(0.112)

(0.050)

-0.039**

-0.070**

(0.015)

(0.033)

0.032**

0.032**

(0.015)

(0.015)

-0.081***

-0.079***

(0.021)

(0.021)

0.061***

0.062***

(0.017)

(0.017)

0.008**

0.008**

(0.004)

(0.004)

0.187
(0.157)
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Warning Label * Female

0.199
(0.155)

Big Warning Label * Female

0.100
(0.156)

Health Order and Big Warning Label * Female

0.073
(0.156)
0.148***

Health Order * Age

(0.047)
Warning Label * Age

0.008
(0.045)

Big Warning Label * Age

-0.050
(0.046)

Health Order and Big Warning Label * Age

0.055
(0.046)

Constant

0.196

0.250

(0.173)

(0.199)

6,783

6,783

Log Likelihood

-4,656.501

-4,647.109

Akaike Inf. Crit.

9,343.001

9,324.218

Observations

Note:

*p**p***p<0.01

6.5 Binary Logit Regression (Buy “High In”) Focus on Interaction
Effects
A third interaction effect that was examined is the education level of participants in the
experiment. This regression includes multiple interaction effects. Education is interacted with
the four different treatments, BMI is interacted with the four different treatments, and finally
education, BMI, and the treatments are interacted all together. The variable BMI Plus is used
in this regression, it is a dummy variable for individuals who are either overweight or obese.
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It has a value of 1 for participants with a BMI greater than 25 and 0 otherwise. The purpose
of this logit model is to understand whether education levels and relative health impact how
effective the various treatments are at reducing the probability of “high in” items being
purchased.

This interaction effect primarily impacted the warning label coefficients in the regression
below. The big warning label treatment is insignificant when interacting the treatment with
education and the BMI Plus variable which is different from the base model and previous
interaction effects. The remaining independent variables that are indicators of the participant
characteristics are unchanged, the significance and signs remain the same expect for the new
BMI variable that includes both overweight and obese individuals. The regular warning label
is negative and significant at the 10% level in this model. The previous base model and
interaction effect regressions showed no significance in the warning label treatment. The
warning label interacted with the BMI Plus variable is positive and statistically significant at
the 1% level. This interaction counters the impact of the warning label. This suggests that the
warning labels are effective for some individuals; however, for overweight and obese
participants it may make the product more attractive. A similar finding was discovered in a
previous study that found it is possible to have some adverse effects from making the
nutritional information more clear (Berning, Chouinard et al. 2011). The interaction between
the warning label, education level and BMI is negative and significant. This suggests that not
all consumers who are overweight or obese will be more attracted to the products with
nutritional labels. The warning labels are still effective in reducing the demand for “high in”
items for higher education individuals who are overweight or obese. This finding is unclear
because it does not hold true for the large warning labels. It is possible that the small labels
go unnoticed or that it is an appropriate size to gain attention to the product without causing
an aversion from it. It is unclear why this impact was found only in the warning label
treatment and not in the large warning labels as well.
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Table 6.5 Interaction Effects 2
Dependent variable:
Buy “High In”
Health Order

-0.027
(0.328)

Warning Label

-0.548*
(0.300)

Big Warning Label

0.060
(0.295)

Health Order and Big Warning Label

-0.345
(0.289)

Female

-0.228***
(0.050)

Age

-0.041**
(0.016)

Price Sensitivity

0.033**
(0.015)

Tracking Nutrition

-0.091***
(0.022)

Household Size

0.062***
(0.018)

BMI Plus

-0.274
(0.272)

Education

-0.041
(0.046)

Health Order * Education

0.004
(0.067)

Health Order * BMI Plus

0.051
(0.401)
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BMI Plus * Education

0.069
(0.060)

Warning Label * Education

0.091
(0.065)

Warning label * BMI Plus

1.028***
(0.382)

Big Warning Label * Education

-0.059
(0.066)

Big Warning Label * BMI Plus

-0.259
(0.379)

Health Order and Big Warning Label * Education

0.056
(0.062)

Health Order and Big Warning Label * BMI Plus

0.625
(0.380)

Health Order * BMI Plus * Education

-0.045
(0.085)

Warning Label * BMI Plus * Education

-0.197**
(0.084)

Big Warning Label * BMI Plus * Education

0.079
(0.085)

Health Order and Big Warning Label * BMI Plus * Education

-0.132
(0.083)

Constant

0.541**
(0.245)

Observations

6,720

Log Likelihood

-4,603.362

Akaike Inf. Crit.

9,256.723

Note:

*p**p***p<0.01
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6.6 Analysis by Product Category
Similar to participant characteristics, differences in food product categories are also explored.
To do this, the dataset is divided into subsamples to examine each category independently.
Categories are examined because it is possible that the effectiveness of the treatments vary
depending on the products available. For example, treatments may be more effective for
product perceived as healthy or nutritionally ambiguous. In the survey and experiment
process, data on product category perception was not collected. Therefore, there is no direct
connection between participants’ perception and interactions with the various treatment
effects. Previous literature suggests that consumers are not always able to accurately pinpoint
health measures and have perceptions of food that are not always accurate (Kivetz and
Simonson 2000, Balasubramanian and Cole 2002, Lee and Lee 2004, Kiesel and Villas-Boas
2013, Benn, Webb et al. 2015). Due to this potential inaccurate perception of products,
treatment effectiveness may be different across product categories.

A second reason to explore product categories is the differences in options available. The
bread and frozen meal categories have only three items that have a nutritional warning label
and are considered “high in”. Therefore, there are six items to choose from that may be
perceived as healthy by comparison. Other product categories, such as tomato sauce, have
fewer non labelled items. There are six sauce options that have a warning label for sodium
and three that do not. The most notable difference is within the cookie product category. All
nine cookie options are considered “high in” products and have a warning label. Under this
situation, there is no logical product substitution for a more healthful item. The only option is
to make no purchase or select an unhealthy item. Due to this unique product category,
ordering products by health is less effective. Exploring differences across product categories
will improve our overall understanding of the effectiveness of the various treatments and how
consumers interact with them in particular product situations.
Each of the seven product categories are shown in two individual regressions in the table
below. The first uses the base model and the second uses an interaction effect with obesity.
The focus of obesity in this section helps to thoroughly understand how the treatments’
effectiveness varies across participants relative health. Obesity is also used specifically
because it is generally the primary target of these types of initiatives and policies. Choice
duration and the number of clicks did not vary significantly between the product categories
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and were found to be insignificant in the process of making a purchase decision within each
product category. Therefore, these variables are excluded from this section.

Fluid milk is excluded from label requirements as proposed by Health Canada (Health
Canada 2018). In this experiment, labels are used on milk products following the regulations
as proposed for all other products. This was done to understand whether warning labels
would influence purchase decisions in the dairy industry. The Canadian dairy industry has a
level of concern about the impact of warning labels on their products and how consumers
may perceive them going forward (Lunn 2017). None of the four treatments were statistically
significant in the milk category. The nine product options included various dairy milks,
including chocolate, as well as oat and almond alternatives. Although insignificant, some of
the treatment effect for milk are positive. This suggests that there is no notable effects on
dairy purchases from warning labels or product ordering in this experiment. This was of
particular interest because of the fluid milk exception from warning labels in Health Canada’s
proposal. From the results of this research, milk would not be severely affected from warning
labels. Chocolate milk had a high sugar label, and both 2% and 3.25% milk had saturated fat
warning labels.

The regular warning labels were insignificant for yogurt purchases as well. The yogurt
product options included items that were “high in” sugar, “high in” saturated fat and “high
in” both sugar and saturated fat. The warning label coefficient is negative but insignificant.
However, the large warning label is negative and significant at the 5% level for yogurt
purchases in both regressions three and four. This difference suggests that the information
presented does influence purchase decisions. The regular sized warning labels may not be as
evident and therefore does not influence purchases to the same extent as the large labels.
(Stortz, Lee et al. 2020) found that warning labels did not have a negative effect on the
likelihood of purchasing yogurt products. However, in their experiment only one of eight
options were considered healthy and had no warning label. Our experiment included five
products with warning labels and four without them, providing more options in each category
to choose from. Regardless, in both situations the warning labels were ineffective in
influencing purchases of yogurt products that are “high in” sugar and/or saturated fat. The
tracking nutrition coefficient in insignificant in the yogurt regressions, contrary to products
such as bread, milk, fruit juice, and frozen meals. It is possible that individuals who track
their nutrition are not able to distinguish healthy from unhealthy yogurt products or that
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yogurts in general are perceived to be healthy. Previous research has suggested that yogurt is
often perceived as a healthy choice (Chollet, Gille et al. 2013, Tremblay and Panahi 2017).

The treatment effects on the purchases of bread and tomato sauce were not significant. In this
experiment, the likelihood of purchasing these two products were not affected by the various
treatments. The tracking nutrition coefficient for bread is negative and statistically
significant, suggesting that participants who regularly watch their calorie and nutritional
intake are purchasing healthy products. This does not hold true for tomato sauce. Stortz, Lee
et al. (2020) found that warning labels had a negative and significant effect on the likelihood
of purchasing “high in” tomato sauce products in a grocery store setting. It is unclear why
these results may differ in this experiment; this may suggest that online consumers are less
sensitive to this treatment.

When interacted with obesity, the large warning label treatment is statistically significant at
the 10% level for purchases of cookies. For any of the treatments to be considered effective
for reducing the likelihood or demand for cookies, the participants would need to choose not
to purchase any of the available items. All cookie products available are considered “high in”
unhealthy items. It was expected that the treatments for cookies would not be effective
because of the inability to make a substitute purchase decision. However, there is a
possibility that the large warning labels deter non-obese individuals from purchasing cookies.
One aspect that this experiment fails to capture is the number of products purchased. Cookies
are often considered a dessert or a treat item. It is possible that the warning labels may deter
purchasing these items in large quantities rather than preventing the purchase of them all
together.

The effect of the warning labels is most notable in the purchase decisions for fruit juice, in
regressions 11 and 12. It is the only product category that the regular sized warning labels
were found to be effective in reducing the likelihood of purchasing a “high in” product. This
suggests that the small, regular sized warning labels are noticed by participants in the
experiment. If these labels went unnoticed in the entire experiment, it would not be effective
for fruit juice. The large warning labels are also statistically significant for fruit juice. When
interacted with obesity, the regular warning label is statistically significant at the 1% level.
This resulted in approximately a 10% reduction in the likelihood of purchasing a “high in”

82
juice product as a result of the warning labels. This finding is consistent with previous studies
on the impact of fruit juice purchases (Ares, Varela et al. 2018, Stortz, Lee et al. 2020).

Frozen meals do not follow the same trends as the other product categories, and it is the only
product where treatment number four is statistically significant. Both the regular warning
labels and the large warning labels were not statistically significant in reducing the likelihood
of purchasing one of the three “high in” frozen meal options. However, when grouped
together using the health order and the large warning labels, it is effective. Similar to bread,
milk, and fruit juice, participants in the experiment who actively track their nutrition are less
likely to purchase “high in” items in this product category. This suggests that those who are
wanting to consume products that are more healthful are able to distinguish between the
relevant options. However, it is unclear why the large warning label treatment is not effective
for the purchases of frozen meals on their own. There is currently no specific research on the
effectiveness of various treatments to influence the purchase of frozen meals. The product
categories varied from one another and no treatments were consistently effective in reducing
the likelihood of purchasing a “high in” item. Health order was found to be negative in all but
one of the 14 regressions for product category, although none of these coefficients were
significant.
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Table 6.6 Binary Logit Regression (Buy “High In”) Focus on Product Categories
Product Categories
Dependent variable:
Purchase “High In”

Health Order

Warning Label

Big Warning Label

Health Order and Big Warning Label

Female

Age

Price Sensitivity

Tracking Nutrition

Household Size

Bread

Bread

Yogurt

Yogurt

Milk

Milk

Sauce

Sauce

Cookie

Cookie

Juice

Juice

Frozen Meal

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

(9)

(10)

(11)

(12)

(13)

Frozen
Meal
(14)

-0.127

-0.294

0.028

-0.049

-0.064

-0.009

-0.188

-0.105

-0.219

-0.509

-0.274

-0.394

-0.218

-0.062

(0.226)

(0.260)

(0.208)

(0.237)

(0.210)

(0.238)

(0.208)

(0.236)

(0.353)

(0.420)

(0.218)

(0.247)

(0.228)

(0.260)

0.010

-0.136

-0.161

-0.127

0.049

-0.028

0.191

0.104

0.029

-0.215

-0.428**

-0.690***

-0.069

-0.047

(0.221)

(0.256)

(0.207)

(0.237)

(0.209)

(0.237)

(0.208)

(0.237)

(0.361)

(0.432)

(0.214)

(0.244)

(0.223)

(0.259)

0.129

-0.045

-0.540**

-0.537**

0.238

0.226

-0.057

-0.200

-0.493

-0.750*

-0.508**

-0.434*

-0.254

-0.234

(0.221)

(0.257)

(0.213)

(0.245)

(0.212)

(0.242)

(0.208)

(0.239)

(0.340)

(0.409)

(0.215)

(0.249)

(0.228)

(0.269)

-0.109

-0.083

0.008

0.056

0.236

0.117

0.127

0.135

-0.053

-0.376

-0.394*

-0.334

-0.600**

-0.452*

(0.225)

(0.251)

(0.207)

(0.234)

(0.211)

(0.236)

(0.208)

(0.235)

(0.368)

(0.431)

(0.216)

(0.245)

(0.238)

(0.270)

-0.114

-0.105

0.033

0.030

-0.315**

-0.312**

-0.121

-0.111

-0.314

-0.297

-0.420***

-0.425***

-0.861***

(0.143)

(0.143)

(0.133)

(0.133)

(0.134)

(0.134)

(0.132)

(0.133)

(0.222)

(0.223)

(0.135)

(0.136)

(0.151)

0.863***
(0.152)

0.025

0.027

-0.129***

-0.128***

-0.076*

-0.078*

0.080*

0.082**

-0.235***

-0.238***

-0.063

-0.065

-0.015

-0.014

(0.044)

(0.044)

(0.041)

(0.041)

(0.042)

(0.042)

(0.041)

(0.041)

(0.069)

(0.069)

(0.042)

(0.042)

(0.046)

(0.046)

0.065

0.066

-0.029

-0.026

0.018

0.014

0.035

0.033

0.188***

0.183***

-0.019

-0.017

0.116**

0.117**

(0.043)

(0.043)

(0.040)

(0.040)

(0.040)

(0.040)

(0.039)

(0.040)

(0.060)

(0.060)

(0.040)

(0.041)

(0.046)

(0.046)

-0.226***

-0.230***

0.068

0.066

-0.258***

-0.258***

0.045

0.049

0.038

0.031

-0.147**

-0.152***

-0.139**

-0.134**

(0.060)

(0.060)

(0.057)

(0.057)

(0.058)

(0.058)

(0.056)

(0.056)

(0.091)

(0.091)

(0.058)

(0.058)

(0.063)

(0.063)

0.028

0.027

0.104**

0.104**

0.079*

0.080*

0.105**

0.107**

0.296***

0.299***

0.100**

0.097**

-0.068

-0.068

(0.049)

(0.049)

(0.046)

(0.046)

(0.047)

(0.047)

(0.047)

(0.047)

(0.098)

(0.098)

(0.048)

(0.049)

(0.052)

(0.052)
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BMI Obese

0.156
(0.159)

Health Order * Obese

Warning Label * Obese

Big Warning Label * Obese

Health Order and Big Warning Label *
Obese

-0.313
(0.416)

-0.009
(0.152)

-0.001
(0.376)

0.349**
(0.155)

0.183
(0.383)

0.137
(0.152)

0.001
(0.376)

0.104
(0.249)

-0.777
(0.565)

0.065
(0.154)

-0.198
(0.394)

0.180
(0.165)

0.512
(0.395)

0.740

0.290

-0.159

-0.275

1.109

0.534

-0.676

(0.545)

(0.502)

(0.507)

(0.500)

(0.793)

(0.525)

(0.546)

0.654

-0.118

0.333

0.353

0.937

1.042**

-0.193

(0.531)

(0.494)

(0.503)

(0.500)

(0.796)

(0.519)

(0.518)

0.727

-0.013

0.104

0.528

0.986

-0.140

-0.196

(0.528)

(0.499)

(0.504)

(0.494)

(0.744)

(0.505)

(0.523)

-0.004

-0.200

0.570

-0.007

1.320

-0.190

-0.658

(0.565)

(0.508)

(0.534)

(0.509)

(0.881)

(0.522)

(0.574)

-0.561

-0.482

0.052

0.041

1.007***

1.065***

-0.651*

-0.639*

1.598**

1.867***

1.422***

1.495***

-0.270

-0.357

(0.403)

(0.411)

(0.377)

(0.386)

(0.386)

(0.395)

(0.378)

(0.386)

(0.632)

(0.663)

(0.394)

(0.407)

(0.419)

(0.429)

969

969

969

969

969

969

969

969

969

969

969

969

969

969

Log Likelihood

-589.836

-587.621

-650.654

-650.037

-643.776

-642.456

-657.006

-655.101

-297.170

-295.695

-637.960

-632.962

-555.852

Akaike Inf. Crit.

1,201.673

1,205.243

1,323.308

1,330.074

1,309.553

1,314.913

1,336.012

1,340.202

616.339

621.391

1,297.921

1,295.924

1,133.705

Constant

Observations

Note:

554.598
1,139.1
95

* ** ***

p p

p<0.01
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Table 6.7 Average Marginal Effects 2
Bread
(1)
Health Order

-0.0266
(0.0473)
Warning Label
0.0022
(0.0464)
Big Warning Label
0.0270
(0.0464)
Health Order and
-0.0227
Big Warning Label
(0.0470)
Female
-0.0240
(0.0298)
Age
0.0052
0.0092
Price Sensitivity
0.0136
(0.0090)
Track Nutrition
-0.0474***
(0.0123)
Household Size
0.0058
(0.0103)
BMI Obese
0.0326
(0.0333)
*p<0.1; **p<0.05; ***p<0.01

Yogurt
(3)

Milk
(5)

Sauce
(7)

Cookies
(9)

Fruit Juice
(11)

Frozen Meal
(13)

0.0066
(0.0499)
-0.0385
(0.0495)
-0.1292**
(0.0502)
0.0020
(0.0496)
0.0078
(0.0318)
-0.0309***
(0.0097)
-0.0069
(0.0095)
0.0162
(0.0135)
0.0250**
(0.0110)
-0.0022
(0.0364)

-0.0151
(0.0496)
0.0115
(0.0492)
0.0562
(0.0499)
0.0557
(0.0497)
-0.0743**
(0.0313)
-0.0181*
(0.0097)
0.0043
(0.0095)
-0.0609***
(0.0132)
0.0187
(0.0111)
0.0823**
(0.0362)

-0.0456
(0.0503)
0.0462
(0.0503)
-0.0137
(0.0504)
0.0307
(0.0504)
-0.0293
(0.0320)
0.0194*
(0.0099)
0.0086
(0.0096)
0.0110
(0.0136)
0.0256**
(0.0113)
0.0332
(0.0367)

-0.0191
(0.0309)
0.0025
(0.0315)
-0.0431
(0.0298)
-0.0046
(0.0322)
-0.0275
(0.0194)
-0.0205***
(0.0060)
0.0165***
(0.0053)
0.0033
(0.0080)
0.0259***
(0.0086)
0.0091
(0.0218)

-0.0638
(0.0506)
-0.0997**
(0.0495)
-0.1184**
(0.0497)
-0.0918*
(0.0499)
-0.0978***
(0.0309)
-0.0147
(0.0097)
-0.0043
(0.0094)
-0.0343**
(0.0133)
0.0232**
(0.0111)
0.0152
(0.0359)

-0.0424
(0.0443)
-0.0135
(0.0434)
-0.0492
(0.0443)
-0.1167**
(0.0457)
-0.1674***
(0.0278)
-0.0029
(0.0088)
0.0225**
(0.0088)
-0.0270**
(0.0121)
-0.0133
(0.0100)
0.0350
(0.0321
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6.7 Analysis by no purchase
The logit models in the previous sections do not consider the option to purchase no items
independently. To thoroughly understand the impact of the various treatments, the dependent
variable of making no purchase is explored. The primary goal of the various treatments used
in this experiment is to reduce the demand for “high in” grocery items, hence the dependent
variable used in the previous sections. However, it cannot be assumed whether or not
participants are choosing to purchase a substitute item or make no purchase as a result of the
treatments. Six of the seven product categories have healthier alternatives to the “high in”
items, all except cookies. Therefore, if the treatments are effective, there are substitute items
to choose from. It is possible that the various treatments may cause confusion or difficulty in
the purchase decision process and result in the choice to make no purchase. Consumers are
often shopping under cognitive load and may have difficulties processing the information that
is provided, especially when there is new stimuli such as warning labels introduced to the
shopping environment (Swait and Adamowicz 2001, Dayan and Bar-Hillel 2011, Sasaki,
Becker et al. 2011, Kalnikaitė, Bird et al. 2013, Zimmerman and Shimoga 2014).

Both the health order treatment and the regular warning label treatment are not statistically
significant. The coefficient estimate is positive, and they have an average marginal effect that
suggests there is an approximately 1% increase in the likelihood of making no purchase. This
result should not be considered further because it is insignificant and close to zero, suggesting
that there is little to no impact on the likelihood of making no purchase from those two
treatments. The same finding does not hold true for the large warning label treatments. Both
treatments number three and four, which include the large warning labels, are positive and
statistically significant at the 1% and 10% levels respectively. This is an important finding
because the effect of the large warning label treatments does not necessarily result in
consumers purchasing healthier alternatives to “high in” products. The average marginal
effect of the large warning label treatment on the likelihood of making no purchase is
approximately 5%, suggesting that participants are 5% more likely to make no purchase
when exposed to the large labels. However, when the products feature large warning labels
and are ordered by their relative health (treatment four), the impact on making a purchase is
halved. This treatment in general was found to be ineffective in influencing purchase
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decisions for all situations except for frozen meals. For this reason, it may be a smaller
impact on making purchase decisions all together.

Females were more likely to not make a purchase in the experiment; the coefficient estimate
is statistically significant at the 1% level. Comparatively, females were found less likely to
purchase “high in” items in the previous sections. It is possible that this result was capturing
the choice to make no purchase rather than the option to make a healthy alternative purchase.
Age is also positive and statistically significant, suggesting that the older a participant was,
the less likely they are to make a purchase in the experiment. The remaining variables are
negative, which does not negatively influence the likelihood of making a purchase. There are
other potential underlying reasons for participants to choose not to purchase an item in a
specific product category such as price or other factors. There are a variety of potential
reasons for this to occur. Participants were asked to shop how they normally would in a reallife situation and follow their own preferences and decisions.
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Table 6.8 Binary Logit Regression (No Purchase)
Make no Purchase
Dependent variable:
No Purchase
Health Order

0.108
(0.120)

Warning Label

0.128
(0.118)

Big Warning Label

0.447***
(0.114)

Health Order and Big Warning Label

0.204*
(0.118)

Female

0.256***
(0.074)

Age

0.155***
(0.023)

Price Sensitivity

-0.058***
(0.021)

Tracking Nutrition

-0.163***
(0.030)

Household Size

-0.100***
(0.028)

BMI

-0.017***
(0.006)

Constant

-1.230***
(0.253)

Observations
Log Likelihood
Akaike Inf. Crit.
Note:
Table 6.9 Average Marginal Effects 3

6,783
-2,598.664
5,219.328
*p**p***p<0.01
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No Purchase

Health Order
Warning Label
Big Warning Label
Health Order and Big Warning Label
Female
Age
Price Sensitivity
Track Nutrition
Household Size
BMI

0.0123
(0.0137)
0.0145
(0.0134)
0.0508***
(0.0129)
0.0232*
(0.0134)
0.0290***
(0.0084)
0.0176***
(0.0026)
-0.0066***
(0.0024)
-0.0186***
(0.0034)
-0.0114***
(0.0032)
-0.0019***
(0.0007)

*p<0.1; **p<0.05; ***p<0.01

6.8 Screen Size and Duration
This section explores the differences between the screen size of the devices used by
participants and the choice duration in each product set. In the experiment, participants were
free to use any device that has internet access, which is consistent with how people shop
online. As a result, there is a wide variety of screen sizes which results in the grocery items
being presented differently. For example, one item is shown at a time on a standard
smartphone, whereas two full rows of three items each are shown on a standard computer.
The relative size of the images and thus the warning labels are also different across the
various screen sizes. To explore this difference, a dummy variable for large screens is used.

The large screen coefficient is not statistically significant in either regression one or two
below. When the dummy variable for large screens is interacted with the treatments, the
health order becomes statistically significant at the 5% level. This suggests that the order in
which the products are presented matters when using small screen devices in the grocery
shopping experiment. There are a variety of reasons that the health order is effective in
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reducing the likelihood of purchasing “high in” items when using a small screen device. Only
one item is shown at once on the screen, making it more effort to look through all the items
available for purchase. However, this finding does not hold true for treatment number four
that includes the health order and large warning labels. It is unclear why this finding would
differ because the order of products remains the same between the two different treatments. It
is possible that the segregation of products that feature a warning label alters the consumers’
perception of the products.

Choice duration is a continuous variable that is used in the logit models to consider the time
spent by participants on each purchase decision. The choice duration coefficient estimate is
insignificant and does not appear to make a change in consumers ultimate purchase decision.
The big warning label treatments becomes statistically significant at the 5% level rather than
the 10% level when interacted with choice duration. The sign of the coefficient estimate
remains the same in both regressions. It is possible the time spent on making purchase
decisions does impact the effectiveness of the various treatments although it is unclear. It was
believed that the health coefficient estimate would change the likelihood of purchasing “high
in” items when interacted with choice duration. Participants making quick choices may be
more influenced by the order products are presented in than those who spend more time on
the decision.

Table 6.10 Binary Logit Regression (Buy “High In”) Additional Interaction Effect
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Other Variables of potential Interest
Dependent variable:
Purchase “High In”

Health Order

Warning Label

Big Warning Label

Health Order and Big Warning Label

Female

Age

Price Sensitivity

Tracking Nutrition

Household Size

BMI

Large Screen Size

Screen
Size

Screen
Size

Choice
Duration

Choice
Duration

(1)

(2)

(3)

(4)

-0.124

-0.248**

-0.125

-0.105

(0.078)

(0.125)

(0.078)

(0.091)

-0.050

-0.154

-0.050

-0.067

(0.077)

(0.124)

(0.077)

(0.088)

-0.153*

-0.115

-0.150*

-0.233**

(0.078)

(0.121)

(0.078)

(0.093)

-0.079

-0.099

-0.081

-0.072

(0.078)

(0.124)

(0.078)

(0.089)

-0.235***

-0.237***

-0.232***

-0.231***

(0.050)

(0.050)

(0.050)

(0.050)

-0.034**

-0.034**

-0.039**

-0.040**

(0.016)

(0.016)

(0.016)

(0.016)

0.033**

0.031**

0.032**

0.032**

(0.015)

(0.015)

(0.015)

(0.015)

-0.081***

-0.079***

-0.081***

-0.081***

(0.021)

(0.021)

(0.021)

(0.021)

0.059***

0.061***

0.060***

0.061***

(0.017)

(0.017)

(0.017)

(0.017)

0.008**

0.008**

0.008**

0.008**

(0.004)

(0.004)

(0.004)

(0.004)

-0.048

-0.113

(0.053)

(0.115)
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Health Order * Large Screen Size

0.205
(0.160)

Warning Label * Large Screen Size

0.169
(0.159)

Big Warning Label * Large Screen Size

-0.074
(0.159)

Health Order and Big Warning Label *
Large Screen Size

0.031
(0.160)

Choice Duration

0.0002

-0.0003

(0.001)

(0.001)

Health Order * Choice Duration

-0.001
(0.002)

Warning Label * Choice Duration

0.001
(0.002)
0.004*

Big Warning Label * Choice Duration

(0.002)
Health Order and Big Warning Label *
Choice Duration

-0.0004
(0.002)

Constant

Observations

0.166

0.203

0.142

0.150

(0.169)

(0.180)

(0.168)

(0.170)

6,783

6,783

6,783

6,783

Log Likelihood

-4,657.226 -4,655.009

-4,657.566

-4,654.756

Akaike Inf. Crit.

9,338.452 9,342.019

9,339.131

9,341.512

Note:

*p**p***p<0.01
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6.9 Chapter Summary
This chapter presented the results of the research and specifically the grocery shopping
experiment. Four treatments are examined in different contexts to explore how they perform
and impact consumers’ purchase decisions in various situations. The primary focus of this
research is to examine how the treatments perform in reducing the demand or likelihood of
purchasing “high in” grocery items. Most of the logit models use purchasing a “high in” item
as the dependent variable except for one model that explores the impact of making no
purchase at all.

Large warning labels are the most effective treatment of the four options. In the base model,
the large warning label results in a 3.7% reduction in the likelihood of purchasing a “high in”
item. The other treatments were found to be statistically insignificant in the majority of
situations. Due to this, it is unclear whether one of these three treatments is superior to the
others. In the online experiment, the regular warning labels were not effective in reducing the
purchases of “high in” items. Females make fewer purchases altogether than their male
counterparts, including fewer “high in” purchases. Those who track their nutrition are
generally able to avoid “high in” items and are less likely to purchase them in most of the
product categories explored. Fruit juice was found to have the largest difference as a result of
the warning labels. Fruit juice is a nutritional ambiguous food item and consumers may be
unaware of the high levels of sugar found in the products.

The effectiveness of the various treatments appears to be limited in an online grocery store
setting. Regular warning labels and health ordering do not appear to deter consumers from
purchasing “high in” items in most settings. These treatments are effective in particular
situations, but when grouped together do not result in a large impact. The regular warning
labels were effective for fruit juice and the health order treatments were effective for
consumers using devices with small screens to complete the experiment. When the warning
label is interacted with obesity, there may be a counter effect of the labels. The results of this
experiment are comparable to previous literature. However, the impact of the warning labels
is specifically underwhelming in the online context relative to in-store experiments (Berning,
Chouinard et al. 2011, Kiesel and Villas-Boas 2013, Ares, Varela et al. 2018, Stortz, Lee et
al. 2020).
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Chapter 7 Conclusions and Implications
7.1 Introduction
This chapter provides an overview of the research questions, the experiment used to explore
the questions, and the findings of the research. The hypotheses are discussed, and it is
determined whether they are rejected or supported.by the experiment. The implications of
the findings are also discussed, as they pertain to the expanding online grocery industry.
Lastly, the limitations of the research are brought forth as well as suggestions for future
research in this field.

There is currently limited research that focuses on online grocery shopping and how choices
may differ from the conventional in store model. Online grocery shopping has become more
popular and is an important avenue to understand moving forward (CBC 2020). As of July
2020, statistics suggest that Canadians do 10% of their shopping online. The way items are
presented to consumers online is quite different than in store. Therefore, understanding if
these changes impact consumer behaviour and interactions with product stimuli is important.
Nutritional warning labels proposed by Health Canada are particularly notable because of the
size of the label on the product. The warning label size is considerably smaller when viewing
an online shopping product list than real life items in a physical store. Due to this change in
size, it is possible the warning labels as well as other product information may not be as
easily accessible, useful, or impactful in an online shopping environment.

In addition, this research also aims to distinguish differences between warning labels and
nudges through the use of convenience enhancements. In the experiment, a control group and
four treatment groups are used to analyze differences in the relative effectiveness of the
different strategies to promote the purchase of healthier alternatives and simultaneously
reduce the demand for “high in” items. Participants were shown seven discrete choice sets
and choose an item that they would like to purchase or make no purchase. This approach
allows us to examine differences amongst the treatment groups and determine which option is
more effective in influencing demand for various foods.
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7.2 Summary of Findings and Implications
This section provides an overview of the findings of this research, as well as the implications
of the findings. The results of this experiment help address gaps in the literature and also
provide a pathway for future research in the field of consumer behaviour and product
offerings in an online grocery store setting. Binary logit models were used for the analysis to
distinguish between buying a “high in” item or not. Due to the nature of binary logit models,
purchasing a healthy item and not making a purchase are grouped together. A multinomial
logit model was explored to have these three main outcomes separated. However, the results
were underwhelming, and the binary logit models provided a better representation of the data.

The following hypotheses are used to discuss the findings of the research;
H1: Nutritional warning labels will reduce the likelihood of purchasing an “unhealthy
product”
H2: Convenience enhancements for healthy foods will reduce the likelihood of purchasing an
“unhealthy product”
H3: Nutritional warning labels and convenience enhancements are additives to one another

Hypothesis one stated that nutritional warning labels will reduce the likelihood of purchasing
“high in” grocery items. For the regular warning labels that follow the proposal by Health
Canada, this hypothesis is rejected. When all seven product categories were grouped together
and considered as a whole, the regular warning labels were found to be ineffective in altering
the demand for “high in” items. When the choice sets were considered individually, warning
labels had a negative and significant effect on the purchase of fruit juice. Therefore, in only
one of the seven settings was the regular warning labels effective in reducing the likelihood
of purchasing “high in” items. In the base model, the large warning label was significant at
the 10% level. This warranted further exploration as well because of the larger possibility of
having an impact. When further examined, the large warning label was significant for the
purchase of both yogurt and fruit juice. Using warning labels in an online grocery store to
reduce the demand for “high in” items is not necessarily effective and is situational
depending on the product. This hypothesis is not always supported, and the impacts were
small.
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The second hypothesis focused on the convenience enhancements for healthy foods to reduce
the likelihood of purchasing “high in” items. The convenience enhancement used in this
experiment was product ordering. The products available in the experiment were ordered by
their relative health using calories, saturated fat, sodium, and sugar in an equally weighted
equation relative to the suggested daily value. In the base model and when examining specific
product categories, the health order treatment was not effective and did not alter the
likelihood of purchasing “high in” products. When the health order treatment was interacted
with specific participant characteristics such as gender and age, the treatment became
effective. It was found that the older participants are, the more effective the treatment was.
This suggests that older online grocery shoppers are more prone to selecting an item that is
presented first rather than scrolling through and examining all the products equally. It is
possible the effectiveness of this specific treatment is understated because all the products
available in each choice set were presented on one page. In a regular online grocery store,
there are more than nine products available in a category which results in a longer list of
items that can span more than one page of results. Overall, once again, this treatment was
found to be generally ineffective in reducing the likelihood of purchasing “high in” items
except for select situations.

The third and final hypothesis explored in this research experiment states that convenience
enhancements and warning labels are additives to one another. This simply means that when
both of these treatments are used simultaneously, there will be a larger impact on the
likelihood of purchasing “high in” items than when using only one. treatment. To our
surprise, this treatment had a lesser impact than when the large warning labels or the health
order treatment were used independently. This is a particularly interesting finding because it
the opposite of our hypothesis. Due to the products being ordered by their relative
healthfulness, the products that featured warning labels were presented together on the page
rather than a randomized order. It is possible the segregation of products influences the
relative effectiveness of warning labels.

The only treatment that had an overall effect was the large warning labels. This treatment was
used to explore whether the size of warning labels pose to be a limitation of their potential
effectiveness of reducing the likelihood of purchasing “high in” items. The difference in
overall effectiveness suggests that either the size or the placement of the warning label is
important. The large warning labels were larger than the regular warning labels treatment
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group and because of the size difference, the label was presented beside the product rather
than directly on the item. Therefore, it is undetermined whether the size or the higher
visibility of the label is the main difference maker in the relative effectiveness, or whether it
is both. The health order treatment, regular warning labels, and the fourth treatment that used
large labels and health order simultaneously all had little to no impact in the base model.
However, these treatments were proven to be effective in various situations dependent on
participant characteristics or the screen size used to complete the experiment. The health
order had a significant impact on purchase decisions when consumers were using a device
with a smaller screen, such as a cell phone, relative to a larger screen such as a traditional
computer. Age was also a factor for the health order, older consumers were more likely to
purchase health items that were presented at the top of the page.

The results of this study are also examined in conjunction with other research projects and
experiments. This research project focused solely on the online grocery store platform. We
want to understand whether nutritional warning labels are less effective in an online grocery
store setting relative to a traditional grocery store with physical products. This idea was
developed because of the difference in product size and label size that is presented in an
online grocery store through computers and mobile phones relative to in a physical store. As
discussed while exploring hypothesis number two, warning labels had a very limited impact
on purchase decisions in our experiment. Storz (2020) completed a similar experiment in a
hypothetical grocery store using some of the same product categories that were used in this
experiment. That study found an overall negative effect of the warning labels, suggesting that
they are effective in reducing the likelihood of purchasing “high in” items. Storz also found
that there was variability across product categories, similar to the findings in the present
study. Some product categories such as fruit juice and yogurt were more greatly impacted by
the warning labels. It is possible that the warning labels have a greater impact on products
that are perceived as healthy by most consumers. The findings across these two studies
suggest that there may be a lesser impact in an online store. More research is needed to
confirm this finding.

The regular sized warning labels potentially have an unintended effect that increased the
demand for these products to a select audience. When examining the interaction effect
between the warning labels, education levels, and BMI, the findings suggest that the
likelihood of purchasing a “high in” item may increase as a result of using the warning labels.
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If this holds true, warning labels may not prove to be a successful method of influencing
demand for “high in” items for consumers who have a higher BMI and a lower education
level.

These various treatments were found to be effective in specific situations regarding the
product type or consumer characteristic. None of the four different methods of influencing
demand for products were successful in doing so in all situations. The most consistent finding
in this experiment is that warning labels have the largest impact on ambiguous goods such as
fruit juice and yogurt. Both products are generally perceived to be healthy by consumers.
However, fruit juice and yogurt often contain a high level of sugar and some yogurts also
have a high level of saturated fat.

7.3 Limitations and Suggestions for Future Research
There are any many potential limitations of the research and its ability to capture consumers’
reaction and interaction with nutritional warning labels, as well other health nudges in the
online grocery store setting. This experiment was completed by 1050 participants who made
seven different purchase decisions. To limit potential bias, no information about nutrition,
warning labels, or grocery shopping was administered before completing the shopping
portion of the experiment. For most, if not all participants, this would have been the first time
seeing these types of labels on food items. To combat this issue, panel data could be used to
understand how interaction and reaction to the labels change over time.

Another limitation and suggestion for future research is to incorporate more treatments within
the same research experiment. The goal of this research was to use the warning labels as
suggested by Health Canada and directly compare it to other possibilities to understand its
relative effectiveness. This is done using meta-analyses and systematic reviews. However,
the parameters and conditions of the research experiments often differ greatly, and this
reduces the ability to compare and contrast. Without the ability to compare a treatment to a
control group there is no reliability of the results. If other treatments are not explored, the true
impact of the specific warning label used within the experiment is not clear. Similar to having
more treatments to explore, more participants would potentially improve the power of the
results.
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Future research could continue to explore other nudges and health related stimuli in a grocery
store setting to understand consumer interaction. There are many different possible nudges
due to the abundance of products available in a traditional store. This is patricianly true for
online grocery stores. There are often many different products readily available in an online
store for consumers to choose from. One way of furthering our understanding of consumer
interaction in an online setting is to directly compare it to a physical store. This would be a
significant contribution to the literature. Incorporating both an online store experiment and
in-person store experiment would provide a way to reliably compare the effectiveness of
warning labels and other treatments in the different settings. It is possible that the
effectiveness of warning labels has unique differences between in-store and online settings.
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Appendix A Survey and Experiment
Questions
Grocery Shopping Experiment
Q1.1 CONSENT TO PARTICIPATE IN RESEARCH
Grocery Shopping Experiment and Survey
You are invited to participate in this experiment and survey conducted by faculty at the
University of Guelph, Department of Food Agricultural & Resource Economics. The
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purpose of this form is to provide you with the information needed to make an informed
decision about participating in this research.
The Researchers
Principal Investigator: Michael von Massow, Department of Food, Agricultural and Resource
Economics, University of Guelph, mvonmass@uoguelph.ca, 519-824-4120 ext.
56347 Other
Investigator: Mitchell Gingerich, Department of Food, Agricultural and Resource Economics,
mgingeri@uoguelph.ca
If you have any questions or concerns about the research, please feel free to contact the
principal investigator.
PURPOSE OF THE STUDY
The purpose of this research is to gain knowledge on consumers online grocery shopping and
food preferences.
PROCEDURES
If you agree to participate in this study, we would ask you to do the following things: If at
any point through the survey you do not feel comfortable answering a question or would
rather not answer the question, please leave that response area blank.
Completing the experimental procedure should take 10-15 minutes, however there are no
time restrictions and you make take as long as you like to complete the survey.
If you respond to this survey using a public computer, we recommend you ensure your
confidentiality by taking the following precautions to clear all private data from the computer
you are using to respond to the survey:
Clear the browsing history Clear the cache Clear the cookies Clear the authenticated session
LOG OFF
If you are using Internet Explorer, the first 4 steps can be accomplished by going to Tools
and selecting Delete Browser History. Your browser application may have a similar system
to remove potentially identifying personal information.
RISKS AND BENEFITS
There are no risks to you when participating in this project. Both the experiment and survey
are anonymous and does not collect any identifying information. This survey is run through
your panel provider and they or their subsidiary will provide direct compensation for taking
the survey. There are no additional benefits to you the participant from completing this
experiment and survey. If you volunteer to be in this study, you may withdraw at any time
without consequences of any kind by closing your browser.
By participating in this experiment, you are contributing to research that will be used to
improve the understanding of how consumers make decisions when shopping.
PARTICIPATION AND WITHDRAWAL:
You can choose whether to be in this study or not. If you volunteer to be in this study, you
may withdraw at any time without consequences of any kind. The survey and experiment
results are anonymous and therefore not linked to your personal information. Due to the lack
of individual identifiers in the data, upon completion of the survey there is no way to remove
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your responses from the data set. The investigator may withdraw you from this research if
circumstances arise that warrant doing so.
RIGHTS OF RESEARCH PARTICIPANTS
This project has been reviewed by the Research Ethics Board for compliance with federal
guidelines for research involving human participants. You do not waive any legal rights by
agreeing to take part in this study. If you have any questions regarding your rights and
welfare as a research participant in this study (REB #20-01-10) please contact: Manager,
Research Ethics, University of Guelph, reb@uoguelph.ca, 519-824-4120 ext. 56606.
The pictures used throughout this experiment are via Loblaw Companies and Wal-Mart
Stores, Inc.
CONFIDENTIALITY
No individual identifiers will be attached to the experiment or survey data. Your responses on
the survey will be anonymous. Please note that confidentiality cannot be guaranteed while
data is in transit over the internet. After the survey has concluded, the raw data collected will
only be available to the researchers associated with the University of Guelph: the primary
investigator (Michael von Massow) and the other investigator (Mitchell Gingerich). All data
will be stored on an encrypted computer.
Exclusion Criteria
·
Relationship with researchers - no participants with a professional or personal
relationship with the researchers will be allowed to participate in the research.
Inclusion Criteria
·
Fluent in English
·
Canadian resident
·
18 Years or older
SIGNATURE OF RESEARCH PARTICIPANT
If you have the information provided for the study “Grocery Shopping Experiment and
Survey” as described herein, and your questions have been answered to your satisfaction,
please answer the following question:
Do you agree to participate in the research outlined above?

o Yes, I understand the consent form and agree to participate (1)
o No (2)
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Q110 Which of the following provinces do you live in?

o Ontario (1)
o Quebec (14)
o British Columbia (15)
o Alberta (16)
o Manitoba (17)
o Saskatchewan (18)
o Nova Scotia (19)
o New Brunswick (20)
o Newfoundland and Labrador (21)
o Prince Edward Island (22)
o Northwest Territories (23)
o Nunavut (24)
o Yukon (25)
o None of the above (26)
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Q18.1 What is the highest level of schooling you have completed?

o Less than high school (11)
o High school graduate (12)
o Some college (13)
o 2 year diploma (14)
o 3 year diploma (19)
o 4 year degree (15)
o Professional degree (16)
o Doctorate (17)
o Prefer not to answer (18)
Q19.2 What is your gender?

o Male (14)
o Female (15)
o Non-binary / third gender (16)
o Prefer not to answer (17)
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Q19.3 How old are you?

o Under 18 (21)
o 18 - 24 (12)
o 25 - 34 (13)
o 35 - 44 (14)
o 45 - 54 (15)
o 55 - 64 (16)
o 65 - 74 (17)
o 75 - 84 (18)
o 85 or older (19)
o Prefer not to answer (20)

Q3.1 Experiment Procedure
This experiment contains 7 choice sets and 31 survey questions. You will begin by
completing the grocery item choice sets and then finish the experiment completing the survey
questions.
Grocery Shopping Experiment
You will be shown choice sets displaying 9 different options, you are asked to choose which
food item you would like to purchase. Even though the purchase decisions in this part of the
survey is hypothetical, we ask that you respond to the questions as if it were an actual
decisions involving a real cash payment. As you answer these questions, please keep in mind
what you would normally pay for these specific grocery products, how much you spend for
food in general (both in and out of the home), and your interest in the products displayed. If
you would prefer not to purchase any of the options available in a choice set, please do so by
selecting "None of these items".
Survey
The survey contains a wide range of questions. The topics throughout the survey vary from
grocery shopping preferences, demographics, agricultural knowledge, and general food
preferences. Please answer the survey honestly and to the best of your abilities. If you would
prefer not to answer a specific question, please select "Prefer not to answer".
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Q4.1 Please select which bread product you would like to purchase

o Country Harvest Bread Grain and Protein 570g $3.49 $0.61/100g Nutrition Facts
Table (1)

o D’italiano Thick Slice 100% Whole Wheat 675g $3.49 $0.52/100g Nutrition Facts
Table (2)

o Old Mill White Bread 675g $2.29 $0.34/100g Nutrition Facts Table (3)
o None of these items (5)
o D’italiano Thick Slice Original 675g $3.49 $0.52/100g Nutrition Facts Table (6)
o Wonder Bread 100% Whole Wheat 675g $2.99 $0.44/100g Nutrition Facts Table (7)
o Country Harvest Stone Milled Whole Wheat 600g $3.49 $0.58/100g Nutrition Facts
Table (8)

o Old Mill 100% Whole Wheat 675g $2.29 $0.34/100g Nutrition Facts Table (9)
o Wonder Bread Sliced White 675g $2.99 $0.44/100g Nutrition Facts Table (10)
o Country Harvest No Sugar Whole Wheat 600g $3.49 $0.58/100g Nutrition Facts
Table (11)
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Q4.3 Please select which yogurt product you would like to purchase

o Activia Yogurt with Probiotics Strawberry Flavour 650g $3.49 $0.54/100g Nutrition
Facts Table (1)

o Liberte Greek Yogurt Vanilla 2% 750g $5.99 $0.79/100g Nutrition Facts Table (2)
o OIKOS Greek Yogurt High Protein Vanilla 650g $5.99 $0.92/100g Nutrition Facts
Table (3)

o None of these items (4)
o Liberte Mediterranee Strawberry Flavour 9% 500g $3.99 $0.79/100g Nutrition Facts
Table (5)

o OIKOS Yogurt 9% Vanilla 650g $5.99 $0.92/100g Nutrition Facts Table (6)
o IOGO Yogurt Strawberry Flavour 0% 650g $3.49 $0.54/100g Nutrition Facts Table
(7)

o Liberte Skyr Raspberry Flavour 500g $5.49 $1.10/100g Nutrition Facts Table (8)
o Yoplait Source Strawberry Flavour 650g $2.99 $0.46/100g Nutrition Facts Table (9)
o IOGO Creamy Lactose Free Vanilla 650g $3.49 $0.54/100g Nutrition Facts Table (10)
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Q4.5 Please select which milk or beverage product you would like to purchase

o Natrel Lactose Free 1% Dairy Product 2L $5.79 $0.29/100ml Nutrition Facts Table
(1)

o Neilson Flavoured Milk Chocolate 2L $4.59 $0.23/100ml Nutrition Facts Table (2)
o Silk Dairy-Free Almond Beverage Original 1.89L $4.29 $0.23/100ml Nutrition Facts
Table (3)

o None of these items (4)
o Neilson Homogenized Milk 3.25% 2L $4.59 $0.23/100ml Nutrition Facts Table (5)
o Silk Oat Yeah Dark Chocolate Beverage 1.75L $4.29 $0.25/100ml Nutrition Facts
Table (6)

o Neilson 2% Milk 2L $4.29 $0.21/100ml Nutrition Facts Table (7)
o Silk Almond Beverage Dark Chocolate Flavour 1.89L $4.29 $0.23/100ml Nutrition
Facts Table (8)

o Silk Oat Yeah Beverage 1.75L $4.29 $0.25/100ml Nutrition Facts Table (9)
o Neilson 1% Partly Skimmed Milk 2L $4.29 $0.21/100ml Nutrition Facts Table (10)
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Q4.7 Please select which tomato or pasta sauce you would like to purchase

o Catelli Garden Select Garlic & Onion Pasta Sauce 640ml $2.19 $0.34/100ml Nutrition
Facts Table (1)

o Classico Di Sorrento Roasted Garlic & Onion Pasta Sauce 650ml $2.99 $0.46/100ml
Nutrition Facts Table (2)

o Primo Pasta Sauce, Thick & Zesty Garlic & Herb 680ml $2.19 $0.32/100ml Nutrition
Facts Table (3)

o None of these items (4)
o Hunt's Thick & Rich Original Sauce 680ml $1.99 $0.29/100ml Nutrition Facts Table
(5)

o Primo Tomato Sauce 680ml $2.19 $0.32/100ml Nutrition Facts Table (6)
o Classico Di Napoli Tomato & Basil Pasta Sauce 650ml $2.99 $0.46/100ml Nutrition
Facts Table (7)

o Hunt's Tomato Sauce No Salt 398ml $1.99 $0.50/100ml Nutrition Facts Table (8)
o Unico Pasta Sauce Original 680ml $1.99 $0.29/100ml Nutrition Facts Table (9)
o Catelli Garden Select Tomato & Basil Pasta Sauce 640ml $2.19 $0.34/100ml
Nutrition Facts Table (10)
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Q4.9 Please select which cookie product you would like to purchase

o Christie Chips Ahoy! Original Cookies 300g $2.99 $1.00/100g Nutrition Facts Table
(1)

o Christie Fudgee-O 303g $3.49 $1.15/100g Nutrition Facts Table (2)
o Dare Ultimate Chocolate Fudge 290g $2.99 $1.03/100g Nutrition Facts Table (3)
o None of these items (4)
o Christie OREO Original 303g $3.19 $1.05/100g Nutrition Facts Table (5)
o Dare Viva Puffs Raspberry Cookies 300g $2.99 $1.00/100g Nutrition Facts Table (6)
o Christie Family Digestive Biscuit 300g $2.79 $0.93/100g Nutrition Facts Table (7)
o Dare Bear Paws 240g $2.99 $1.25/100g Nutrition Facts Table (8)
o Leclerc Celebration Milk Chocolate Butter Cake 240g $2.75 $1.15/100g Nutrition
Facts Table (9)

o Christie Dad's Oatmeal Chocolate Chip 320g $3.49 $1.14/100g Nutrition Facts Table
(10)
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Q4.11 Please select which fruit juice you would like to purchase

o Allen's Apple Juice 1.89L $2.99 $0.16/100ml Nutrition Facts Table (1)
o Oasis Nutrisource 100% Juice, Berry Pomegranate 1.36L $3.49 $0.26/100ml
Nutrition Facts Table (2)

o Simply Orange Juice 50% Less Sugar 1.54L $4.99 $0.31/100ml Nutrition Facts Table
(3)

o None of these items (4)
o Ocean Spray Diet Cranberry Juice 1.89L $3.99 $0.21/100ml Nutrition Facts Table (5)
o Simply Pulp Free Orange Juice 1.54L $4.99 $0.31/100ml Nutrition Facts Table (6)
o Oasis Nutrisource Low Calorie, Berry Pomegranate 1.36L $3.49 $0.26/100ml
Nutrition Facts Table (7)

o Ocean Spray 100% Cranberry Juice 1.77L $3.99 $0.23/100ml Nutrition Facts Table
(8)

o SunRype Slim Cranberry Twist Low Calorie 1.36L $3.49 $0.26/100ml Nutrition Facts
Table (9)

o Allen's Apple Juice Low Calorie 1.89L $2.99 $0.16/100ml Nutrition Facts Table (10)
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Q4.13 Please select which frozen meal you would like to purchase

o Gourmet Steamers Beef Merlot Healthy Choice 284g $2.99 $1.05/100g Nutrition
Facts Table (1)

o Hungry Man Backyard Barbeque 455g $2.99 $0.66/100g Nutrition Facts Table (2)
o Lean Cuisine Ginger Beef Stir-fry 230g $2.99 $1.30/100g Nutrition Facts Table (3)
o None of these items (4)
o Lean Cuisine Cheese Ravioli 222g $2.99 $1.35/100g Nutrition Facts Table (5)
o Swanson Rib Style Boneless Pork 298g $2.99 $1.00/100g Nutrition Facts Table (6)
o Gourmet Steamers Grilled Balsamic Chicken Healthy Choice 284g $2.99 $1.05/100g
Nutrition Facts Table (7)

o Lean Cuisine Chicken Parmigiana 268g $2.99 $1.11/100g Nutrition Facts Table (8)
o Swanson Stuffing Baked Turkey 383g $2.99 $0.78/100g Nutrition Facts Table (9)
o Gourmet Steamers Chicken Teriyaki Healthy Choice 283g $2.99 $1.06/100g
Nutrition Facts Table (10)

Q9.1 Please answer all of the following questions truthfully and to the best of your ability.
All answers will remain anonymous. Thank you for completing this survey.

Q9.2 How well does your shopping in this study reflect how you shop normally?

o Extremely well (13)
o Very well (14)
o Moderately well (15)
o Slightly well (16)
o Not well at all (17)
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Q9.3 What is your average monthly spending on groceries to feed everyone in your
household? Approximately.

o $0-$49 (1)
o $50-$99 (29)
o $100-149 (30)
o $150-$199 (3)
o $200-$249 (25)
o $250-$299 (26)
o $300-$349 (27)
o $350-$399 (28)
o $400-$449 (31)
o $450-$499 (32)
o $500-$549 (35)
o $550-$599 (36)
o $600+ (34)
o Prefer not to answer (33)
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Q9.4 Flyers, coupons, or sales influence which store you choose to shop at.

o Strongly agree (16)
o Agree (17)
o Somewhat agree (18)
o Neither agree nor disagree (19)
o Somewhat disagree (20)
o Disagree (21)
o Strongly disagree (22)
Q9.5 What type of sale items most greatly influences your shopping decisions?

o Meat Products (ground meats, whole cuts, portioned, other) (1)
o Dairy Products (cheese, yogurt, milk, other) (2)
o Produce Products (fresh fruits or vegetables, processed or frozen, other (3)
o Other Products (bakery, dried items, processed items, other (4)
________________________________________________

o No Influence (5)
Q10.1 How knowledgeable are you on human nutrition? Specifically your own personal
dietary needs

o Extremely knowledgeable (11)
o Very knowledgeable (12)
o Moderately knowledgeable (13)
o Slightly knowledgeable (14)
o Not knowledgeable at all (15)
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Q10.2 You track general nutrition and/or specific calories consumed regularly.

o Strongly agree (21)
o Somewhat agree (22)
o Neither agree nor disagree (23)
o Somewhat disagree (24)
o Strongly disagree (25)
Q16.1 Please identify the choice that best describes you:

o Vegan (1)
o Vegetarian (2)
o Pescatarian (3)
o Meat minimalist (4)
o Flexitarian (5)
o Omnivore (meat eater) (7)
o Don't know (8)
o Prefer not to answer (9)
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Q17.1 Do you or anyone that you purchase groceries for in your household have any of the
following health conditions? Please select all that apply.

▢
▢
▢
▢
▢
▢
▢
▢
▢
▢
▢
▢

Celiac diease (12)
Obesity (13)
Eating disorder (14)
Diabetes (15)
High blood pressure (16)
Heart disease (17)
Cancer (18)
Stomach or intestinal ulcers (19)
Bowel disorder (20)
Other (21) ________________________________________________
None of the above (22)
Prefer not to answer (23)
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Q17.2 How many people live in your household including yourself?

o 1 (1)
o 2 (2)
o 3 (3)
o 4 (11)
o 5 (12)
o 6 (13)
o 7 (14)
o 8 (15)
o 9 (16)
o 10+ (17)
o Prefer not to answer (18)
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Q17.3 How many people are in your household under the age of 18?

o 0 (9)
o 1 (1)
o 2 (2)
o 3 (3)
o 4 (4)
o 5 (5)
o 6 (6)
o 7 (7)
o 8+ (8)
o Prefer not to answer (10)
Q18.2 How many hours do you work per week? approximately or an average

o 0-9 hours (4)
o 10-19 hours (5)
o 20-29 hours (6)
o 30-39 hours (14)
o 40-49 hours (15)
o 50-59 hours (16)
o 60+ (17)
o I am a student (18)
o Prefer not to answer (19)
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Q18.3 What is your current relationship status?

o Married (11)
o Widowed (12)
o Divorced (13)
o Separated (14)
o Single (15)
o In a relationship (16)
o Cohabititating (17)
o Other (18)
o Prefer not to answer (19)
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Q18.4 What was your total household income before taxes in 2020?

o Less than $10,000 (11)
o $10,000 - $19,999 (12)
o $20,000 - $29,999 (13)
o $30,000 - $39,999 (14)
o $40,000 - $49,999 (15)
o $50,000 - $59,999 (16)
o $60,000 - $69,999 (17)
o $70,000 - $79,999 (18)
o $80,000 - $89,999 (19)
o $90,000 - $99,999 (20)
o $100,000 - $149,999 (21)
o $150,000 - $199,999 (24)
o More than $200,000 (22)
o Prefer not to answer (23)
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Q19.1 Has a doctor or medical professional ever advised you to do specific dietary changes?
Please select all that apply.

▢
▢
▢
▢
▢
▢
▢
▢
▢

Reduce your weight (1)
Reduce calorie intake (2)
Reduce sodium intake (3)
Reduce cholesterol intake (4)
Reduce sugar intake (5)
Reduce fat intake (6)
Other (7) ________________________________________________
None of the above (8)
Prefer not to answer (10)

Q19.4 How much do you weigh? in pounds (lbs)
▼ 100 (11) ... Prefer not to answer (139)

Q19.5 How tall are you in centimetres?
Feet to CM conversion chart
▼ 122 (17) ... Prefer not to answer (72)
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Appendix B Experiment Layout
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Appendix C Descriptive Statistics
Descriptive Statistics of Relevant Variables
Mean
Median
Min
Choice
22.058
14.431
0.275
Duration
Schooling
4.070
4.000
1.000
Age
3.558
3.000
1.000
Gender
0.485
0.000
0.000
Monthly
6.944
6.000
1.000
Spending
Price
5.135
5.000
1.000
Sensitivity
Nutrition
3.258
3.000
1.000
Tracking
Household 2.802
2.000
1.000
Size
Dependents 1.565
1.000
1.000
Work
3.227
4.000
1.000
Week
Income
6.818
6.500
1.000
BMI
27.22
26.34
11.91

Max
1337.114

1st Qu.
8.646

3rd Qu.
24.120

8.000
7.000
1.000
13.000

2.000
2.000
0.000
4.000

6.000
5.000
1.000
10.000

7.000

4.000

6.000

5.000

3.000

4.000

10.000

2.000

4.000

9.000
7.000

1.000
1.000

2.000
5.000

13.000
80.87

4.000
22.73

10.000
30.22

