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The Canadian Federal Government has proposed mandatory Front-of-Package labels to deter
purchases of foods ‘high in’ sugar, sodium, and/or saturated fat. This research uses an incentivecompatible design to evaluate the effectiveness of warning labels on reducing the likelihood that
‘high in’ foods are purchased. 201 participants, with a focus on including marginalized groups,
shopped in a mock grocery store. The treatment group had a reduced likelihood of purchasing
'high in' items overall. In the treatment group, both the number of ‘high in’ items (-12%) and the
proportion of 'high in' items (-6%) per basket were reduced. Difference in effectiveness was
observed based on the perceived healthfulness of the category. Notably, the label decreased
likelihood of purchasing ‘high in’ juice (-43.5%), tomato sauce (-12%), and chocolate milk
(-50%). The average grams per serving-size of sugar (-36%) and sodium (-27%) per basket were
reduced for low-income participants in the treatment group.
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1 Introduction
The annual economic burden of unhealthy eating is estimated to be $6.6 billion dollars in
Canada, with direct costs of health care being $1.3 billion annually (Health Canada, 2016). The
Senate Committee Report on Obesity estimates that obesity costs between $4.6 billion and $7.1
billion annually in healthcare and lost productivity costs (Senate-Commitee, 2016). When
including the associated costs of unhealthy diets and other risk factors for chronic diseases, the
estimated costs balloon to $26.7 billion annually (Health-Canada, 2017). (Canada, 2016)
One of the ways the federal government seeks to combat obesity is through mandatory
Front-of-Package (FoP) nutrition warning labels on prepackaged foods. Nutrition warning labels
have been implemented in developing and developed countries alike, however, there is currently
not enough information on how Canadians will react to the labels (Health Canada, 2016). The
aim of the labels is to decrease demand for unhealthy prepackaged foods amongst the Canadian
population, thereby decreasing obesity levels, and to induce food processors/manufacturers to
reformulate products to be healthier. (Canada, 2016)
This thesis evaluates the effectiveness of nutrition warning labels on reducing demand for
foods high in sugar, saturated fat, and/or sodium in a mock grocery store by comparing the
control and treatment (with warning labels applied) groups. First, we examine the general results
by treating each product the consumer would see in the store as a distinct choice. We evaluate
the effect of the treatment on consumers’ likelihood of purchasing a ‘high in’ product. Second,
we investigate heterogeneous treatment effects by using interaction terms of treatment and
demographic variables. Third, we break down the categories by comparing the likelihood of
1

purchasing ‘high in’ items between categories that are perceived to be healthy or unhealthy.
Then, we use a multinomial logit model to see whether consumers are switching to unlabelled
products or if they are choosing not to buy. Lastly, we look at the effects of the treatment on
outcomes at a basket level rather than a product level by using an OLS regression.
Currently, many studies rely on student population groups but recommend testing the
effects of warning labels amongst more diverse populations (Van Herpen and Van Trijp, 2011,
Varela, et al., 2014). Our study sampled from the Guelph community at large, with
representation from across the City of Guelph. We collected both grocery shopping and survey
data from our participants. The survey questions included socio-economic, food security, and
demographic status, shopping behaviour, nutritional knowledge and numeracy level of our
sample.
The mock grocery store at the Lang School of Business, University of Guelph contains
primarily prepackaged foods including a refrigerated section with milk, yogurt, and eggs.
Participants were given a suggested grocery list but were told that no choice and adding items
not on the list were always valid choices. As a result, we found that participants did not always
stick to the list. To combat hypothetical bias, we randomly selected one of the items from the
participant’s basket to go home with them. We deducted the price of the item from their
compensation ($20) and they were made aware of this element twice before the experiment
(consent form and verbally).
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1.1 Background
1.1.1 Obesity in Canada
Globally, scientific evidence suggests that diets high in sodium, saturated fat and sugar can cause
obesity. The associated costs of obesity in Canada have reached $26.7 billion annually (HealthCanada, 2017). In Ontario, males and females with obesity incurred physician costs that were
14.7% and 18.2% higher than peers with weight categorized as normal —when specifically
looking at older adults (60+ years) physician costs were 28.3% higher (Lyons, et al., 2011).
There are four categories in the Canadian weight classification system. The categories
represent categories of health risk within the Canadian population through using a Body Mass
Index (BMI). The BMI is a ratio of weight-to-height. The BMI may over or underestimate the
true health risk for individuals who are highly muscular, very lean, who have not achieved full
growth, or are elderly. The BMI categories for Canadians are: underweight (<18.5), normal
weight (18.5-24.9), overweight (25-29.9), and obese (>30).
Obesity levels have been rising amongst adult males and females (Ages 18 to 79) since
2009. According to Statistics Canada, two out of three adults have weight categorized as being
overweight or obese. The proportion of children with obesity has nearly tripled over the past 25
years but have remained steady over the past decade. While obesity levels have been rising, the
percentage of males with overweight has been dropping over the same period. The percentage of
females with overweight has increased or remained constant for all ages. In 2017, about 65% of
adult males had obesity or overweight and 55.5% of adult females had obesity or overweight.
Table 1 shows the percentage of Canadians with obesity/overweight by gender and age category.
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Table 1. Percentage of the Canadian population categorized by age group and gender who
are obese or overweight over time: 2009-2017.
Overweight
Gender

Year

Ages 5 to 79 Ages 5 to 17

Obese
Ages 18 to 79 Ages 5 to 79

Ages 5 to 17 Ages 18 to 79

Percentage of Males (%)

2009
2011
2013
2015
2017

39.6
36.3
39.3
36.2
34.9

17.8
19.3
18.7
17.2
15.7

44.1
39.8
43.3
39.9
38.4

23
25.2
24.6
26.2
24.6

17
15.1
14.6
14.6
12

24.2
27.3
26.5
28.5
26.9

Percentage of Females
(%)

2009
2011
2013
2015
2017

27.6
27.2
26.5
29.8
27.3

17.6
20.1
18.5
16.9
21

29.5
28.6
28
32.2
28.5

21.7
22.5
23.8
25.3
24.2

11.3
8
10.5
11.4
9.1

23.6
25.2
26.3
27.8
27

Source: (CANSIM, 2018)
Notes: Body mass index (BMI) is calculated by dividing the respondent's body weight (in
kilograms) by their height (in metres) squared. According to the World Health Organization
(WHO) and Health Canada guidelines, the index for body weight classification for the
population aged 18 and older is: less than 18.50 (underweight); 18.50 to 24.99 (normal weight);
25.00 to 29.99 (overweight); 30.00 to 34.99 (obese, class I); 35.00 to 39.99 (obese, class II);
40.00 or greater (obese, class III).
Chronic non-communicable diseases are a major public health concern for Canadians
(Health Canada, 2016). Non-communicable diseases include type 2 diabetes and cardiovascular
diseases. Non-communicable diseases are among the leading causes of death in Canada. In the
case of Canada, individual food choices can bear a cost to society by increasing costs to the
publicly funded healthcare system (Grebitus and Davis, 2019).
Canadians who are overweight or obese have a higher risk of a wide range of conditions. These
include:
•

hypertension or high blood pressure;

•

coronary heart disease;

•

Type 2 diabetes;

•

stroke;
4

•

gallbladder disease;

•

osteoarthritis;

•

sleep apnea and other breathing problems;

•

some cancers such as breast, colon and endometrial cancer; and

•

mental health problems, such as low self-esteem and depression.

(Adapted from Health Canada, 2006) (Canada, 2006)
Canadians have had access to healthcare dependent on need, not ability to pay, in various
forms since the late 1950s. Universal healthcare for all Canadians means that health is a national
issue, where society shares the cost of healthcare. There are several federal and provincial
agencies who have an active role in preventing and treating obesity and obesity-related health
issues.
The government sets nutrition recommendations for daily guideline amounts for a 2000
calorie per day diet. The recommended daily value of specified nutrients is outlined for all
nutrients, where 15% or more of one’s Daily Value (DV) is considered ‘a lot’ and less than 5%
DV or less is a little (Health Canada, 2018). The current federal government has proposed Frontof-Package (FoP) warning labels to simplify key nutritional information. The thresholds for
labels are shown in Table 2 and the proposed labels are shown in Figure 1. They are all bilingual
and prominently display the three nutrient warnings. Fat, sugar, or sodium are highlighted
according to the product’s nutrition levels.

5

Table 2. Proposed Thresholds for requiring a front-of-package nutrition symbol

Prepackaged foods

Prepackaged meals and main
dishes

Foods intended solely for children
1 to 4 years of age *

Saturated
Fat

Sugars

Sodium

15% DV

15% DV

15% DV

(3 g)

(15 g)

(350 mg)

30% DV

30% DV

30% DV

(6g)

(30 g)

690 mg)

15% DV

15% DV

15% DV

(1.5 g)

(8 g)

(230 mg)

Source: Adapted from Health Canada Table 1 (Health Canada, 2018). (Canada, 2018)
Notes: “*” indicates Daily Values (DV) are lower for children 1 to 4 years of age.
Source: (Health Canada, 2018) (Canada, 2018)

Figure 1. Examples of ‘high in’ labels proposed by Health Canada.
Notes: The “high in” symbol denotes prepackaged foods that are above 15% of an average
adult’s daily value of the specified nutrients (Saturated Fat, Sugar, Sodium) per serving. “Sat
Fat” is a condensed word as a replacement for Saturated Fat.
1.1.2 Labelling Legislation – Current and Proposed
The Canadian food environment encompasses the social and physical environment that affects
food availability and accessibility well as the types of nutrition information Canadians receive
(Senate-Commitee, 2016, Vanderlee and L’Abbé, 2017). Food availability does not necessarily
mean enough calories, rather, the composition of those calories and their nutrition profiles.
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Canadians get nutrition information through various sources. While the government
employs strategies to encourage healthy lifestyles and funds research, it also has mandated
specific nutrition labelling requirements. The current Nutrition Facts Table (NFT) provides
“information on the amount of calories and 13 core nutrients in a given serving of food” (Health
Canada, 2016). Many consumers find the current NFT confusing or do not observe the label.
Ignoring nutrition facts tables is not unique to Canadians and is a global trend (Cowburn and
Stockley, 2005, Grebitus and Davis, Grunert and Wills, 2007, Grunert, et al., 2010).

1.2 Economic Problem
In response to rising healthcare costs due to a population that is increasingly obese or
overweight, Health Canada has proposed mandatory FoP warning labels for all prepackaged
foods. Health Canada believes that these simple and clear FoP labels may reduce barriers to
selecting healthier foods. Health Canada believes that either consumers do not have enough
information to make healthy choices or that, presently, the information is too costly for
consumers to understand and use. The information cost argument has been made by both
economists and nutritionists alike.
Prepackaged food manufacturers worry about the effects of FoP warning labels on
demand for prepackaged foods ‘high in’ sugar, sodium, and/or saturated fat. Figure 3 shows the
supply and demand diagram for ‘high in’ foods if the proposed labels alter behaviour. Health
Canada anticipates that FoP labels shift demand for unhealthy prepackaged foods inwards
(shown in green). This experiment provides Health Canada with information about how
consumers react to labels. Health Canada and industry stakeholders need information about

7

potential impacts of FoP labels on consumption of prepackaged foods. If the labels reduce
demand for labelled foods, there would be movement along the supply curve.
Economic theory predicts that the supply curve of foods ‘high in’ the designated
ingredients would shift leftwards to S’ in response to demand change under certain conditions
(shown in blue). Supply for foods high-in sugar, saturated fat, and/or sodium could shift to S’ for
a few reasons. First, the compliance costs of the labels would increase the costs to produce
products that qualify for the label; some estimates say that packaging changes would cost $2
billion (Lunn, 2017). The added compliance costs and changes in demand may also reduce the
number of sellers in the market for products high in sugar, sodium, and/or saturated fat. For
example, some producers could reformulate products to contain less of the specified nutrients.
Producers could replace sugar, for example, with artificial sweetener. If producers reformulated
to maintain volume, then the supply for prepackaged foods not ‘high in’ would shift outwards.

8

Figure 2. Market for foods high in sugar, fat, and sodium with Front of Package
Note: This figure shows the expected demand response for foods high in sugar, fat, and sodium
after information is provided. Health Canada expects that providing increased information will
shift the demand curve inwards for unhealthy foods (green). There is the potential for adverse
effects where the demand increases as a result of the information or no change in demand.

1.3 Economic Research Problem
We do not know if mandatory FoP warning labels lead to reduced consumption of foods ‘high
in’ sugar, sodium, and/or fat. The proposed FoP labels are considered additional information
with lower barriers to access. We examine whether the new information changes purchasing
decisions and if this 1) varies across participant groups and 2) if reactions to the labels vary
across categories.
Health Canada can use our findings to determine if a national mandatory labelling policy
will effectively change behaviour. Industry stakeholders can use our findings to anticipate how
and if their product market will be affected by the policy. We use an experimental setting to test
both the attention spent on various nutrition facts labels and an exit survey to capture socio-
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economic factors. Previous literature does not use the labels that Health Canada has proposed
(Acton and Hammond, 2018, Berning, et al., 2010, Savoie, et al., 2013, Watson, et al., 2014).

1.4 Purpose and Objectives
The purpose of this study is to evaluate the impact of FoP labels on consumer food purchasing
decisions. The proposed FoP labels warn consumers that certain foods are above the
recommended daily intake of fat, sugar, or sodium per serving. Health Canada believes
simplified information through labels will cause consumers to switch to healthier choices. FoP
labelling is a commonly proposed policy tool to reduce demand for foods deemed as ‘unhealthy’,
whether by researchers or governments, however, not all labels perform the same nor do all
populations react to the labels equally (Acton and Hammond, 2018, Becker, et al., 2015,
Berning, et al., 2010, Bialkova and van Trijp, 2010, Canada, 2016, Cowburn and Stockley, 2005,
Emrich, et al., 2017, Grebitus and Davis, 2019, Grunert and Wills, 2007, Grunert, et al., 2010,
Savoie, et al., 2013, Talati, et al., 2016, Watson, et al., 2014). We compare the effects of one of
the proposed labels (shown in Figure 1) to a control group.
The main objectives are the following:
1. To summarize the literature of nutritional labels and consumer food choice by reviewing
past studies.
2. To develop a conceptual framework to model an individual’s utility function for
simplified information by reviewing literature related to consumer preference and utility.
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3. To provide descriptive statistics about shopping behaviour by socio-economic group and
if particular groups respond to the labels.
4. To evaluate the effectiveness of the proposed mandatory FoP warning labels:
a. To evaluate if the FoP label decreases purchases of foods high in sugar, sodium,
and/or saturated fat.
b. To explore heterogeneous treatment effects according to:
i. Different food categories;
ii. Individual characteristics including: socio-economic status, interest in
nutrition information and demographics

1.5 Organization of Thesis
This thesis is organized as follows. Chapter 2, “Literature Review”, provides an overview of
literature related to health and nutrition policy, nutrition labels, and studies that use eye-tracking
to evaluate nutrition labels. The literature is used to highlight which variables are of interest for
this study and identify the gaps in the literature. Chapter 3, “Conceptual Framework”, provides
an overview of the hypotheses tested in this study and the framework we use to test the
hypotheses. Chapter 4, “Experimental Design and Methods”, explains how the experiment was
designed and conducted and provides an overview of the data we collected and compares our
sample to Canadian national statistics. Chapter 5, “Empirical Model and Results: Buy and Buy
High-In”, outlines the first results section where we describe the overall effect of the treatment
on the likelihood of buying a product and then the likelihood of buying a labelled product.

11

Chapter 5 also includes various interaction term effects and a comparison of the effect of the
treatment on different categories of foods. Chapter 6, “Empirical Model and Results: Buy
labelled, buy unlabelled, or buy nothing”, explores whether the labels cause switching to buying
an unlabelled item or if consumers are less likely to purchase. Chapter 7, “Empirical Model and
Results: Whole Basket Approach”, looks at the impact of the label on the composition of
participants’ baskets as a whole. Chapter 8, “Discussion and Policy Implications”, provides
further context for the main findings and their potential implications for the proposed policy.
Chapter 9, “Conclusion and Limitations”, concludes the thesis paper and suggests improvements
for future research.
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2 Literature Review
This literature review is split into two overarching themes: 1) The Economics of Obesity and
Health Policy and; 2) The Economics of Labels and Usage. We include health policy in our
literature review as understanding the causes and consequences of obesity provide background
for our conceptual framework. The differences between reactions to information dependent on
the mode of delivery and individual characteristics are explored in theme two. This chapter also
includes an overview of nutrition labelling studies using eye-tracking information as our study
uses select eye-tracking information.

2.1 The Economics of Obesity and Health Policy
2.1.1 Consequences of having Obesity
Obesity has both personal and public consequences. The economic burden falls on governments,
employers, health care organizations, insurance companies, and obese individuals themselves—
in Canada the cost of obesity also falls on all taxpayers.
These costs lead to higher annual healthcare costs, but may lead to lower life-time
healthcare costs for obese individuals due to their shorter lifespan (Finkelstein, et al., 2005).
Many studies only consider increased costs of obesity as overweight status is not associated with
greater healthcare costs (Anderson and Matsa, 2011). Higher classes of obesity are associated
with higher risks of mortality; Class 1 obese and overweight are still associated with higher
degrees of mortality than healthy weight individuals but to a lesser degree (Alston and Okrent,
2017). Class II and III individuals are associated with the lowest physical and mental well-being
components of overall health (Alston and Okrent, 2017).
13

Decreased productivity and employment stigma are personal consequences, in addition to
increased morbidity, that may stem from obesity or from societal stigma related to people with
obesity (Alston and Okrent, 2017, Health Canada, 2006). (Alston and Okrent, 2017, Canada, 2006).
2.1.2 Causes of Obesity
Health Canada has found that the determinants of obesity are different across genders and socioeconomic groups in Canada. Risk factors for obesity include both direct and indirect factors. The
cause is not disputed, obesity occurs when people consume more energy than they expend,
however, the cause of the acceleration of obesity rates has been unclear. Oft-cited causes include:
rapid technological change both in employment and leisure time, increased energy intake due to
the composition and price of unhealthy foods, and the overall built food environment (Alston and
Okrent, 2017, Finkelstein, et al., 2005, Hemphill, et al., 2008).
An individual may gain utility from consuming unhealthy foods, regardless of the amount
of nutrition information and knowledge they have (Alston and Okrent, 2017, Rosin, 2008). For
these persons, information-based interventions won’t be as effective. However, a proportion of
the population faces barriers to nutritious diets. These barriers can be accessibility of nutritious
foods through food environments or income, lack of nutrition knowledge, and/or lack of
numeracy skills.
2.1.2.1 Causes of Obesity: Individuals and Choice
Assessing how people decide to eat is often approached from a utility maximization framework.
Consumers decide what they want to eat, whether they want to cook, how much exercise they
partake in, and how much they eat depending on how much utility each of those choices brings
14

them (Alston and Okrent, 2017). In the food and health economics sphere, there seem to be two
distinct ways of looking at consumers: one is a utility maximizing individual who is rationally
making decisions all day and the other is an individual who has cognitive failures and doesn’t
know what is best for them (Alston and Okrent, 2017, Lusk, 2014). Some economists and policy
advisors make a distinction between consumers not having adequate information to make
decisions and those who are unable to make decisions that are best for them—these distinctions
greatly affect the policy options which are provided. Later in this section, common policy
options in the literature will be summarized.
How individuals eat does influence their weight. There have been disputes about the
‘right’ way to eat, but generally, eating more energy than is expended over a period of time will
correspond to weight gain (Alston and Okrent, 2017). However, individual’s energy imbalance is
also function of their inherited traits. Genetics play a role in obesity, those born to parents who
are prone to obesity or are obese are more likely to be obese (Cawley, 2015, Rosin, 2008).
Obesity does seem to be heritable meaning that some people are genetically predisposed to being
obese (Alston and Okrent, 2017). However, Rosin (2008) points out that genetics alone cannot
explain the rapid changes that society has experienced. Furthermore, biological responses might
be a source of rising obesity as although food is more plentiful, humans may still worry about
future food intake and over compensate now, or may be addicted to foods (especially those high
in sugar/salt) (Rosin, 2008). (Galizzi Matteo and Miraldo, 2017).
People also get satisfaction from food, where they “rationally balance the marginal
satisfaction from food consumption against marginal deterioration of health” (Rosin, 2008).
Further, humans are also balancing short-term and long-term utility, this is where the time
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preference dimension comes into effect (Cawley, 2015). An understudied area of obesity causes
is the intersection of obesity and risk. Similar to short-term and long-term utility, a person’s risk
preferences may play an important role in their engagement in risky behaviours—like unhealthy
eating behaviours. Individuals who place greater importance on future consequences were more
likely to choose healthier cookies but warning labels deter unhealthy purchases irrespective of
time preferences (Tórtora and Ares, 2018). Galizzi and Miraldo (2017) construct a healthy eating
index as an indicator of overall nutrition quality as a complement to using BMI with a small
homogeneous sample, to find that there is no association between BMI and risk preferences for
women but a positive significant relationship between males and BMI.
2.1.2.2 Causes of Obesity: Built Environment, Policy, and Society
It is undisputed that individuals choose what they are going to consume and that some people are
more likely to be obese because of both choice and genetics. Despite individual factors, there are
external factors that influence individuals’ consumption choices. These external factors include
government policies, the food industry, market factors, built environment and the social
environment (Alston and Okrent, 2017). The environment that people live in does affect obesity
levels, especially when controlling for genetics.
The social environment influences obesity levels, although it is difficult to measure. It is
likely that an individuals’ social networks influences how they perceive obesity and health
(Alston and Okrent, 2017, McDonald and Kennedy, 2005). This is exemplified in the
“acculturation” effect, when comparing within families, children born outside the USA
compared to those born within the USA were found to be less obese (Alston and Okrent, 2017).
This immigration effect is documented in American health economics literature, but mainly
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shown through descriptive statistics in Canada (Alston and Okrent, 2017, McDonald and
Kennedy, 2005, Okrent and Alston, 2012). McDonald and Kennedy (2005) find that the
acculturation effect can be mitigated when immigrants live in communities with similar cultural
background. For most immigrants, as time in Canada increases so the probability of being
overweight or obese (McDonald and Kennedy, 2005).
The built environment affects the accessibility of food, land use to grow food,
transportation networks, as well as opportunity to participate in physical activity. Less access to
large grocery stores in low income neighbourhoods contributes to a lack of access to healthy
foods; at the same time greater access to convenience stores is shown to raise obesity levels
(Pouliou and Elliott, 2010, Spence, et al., 2009). Increased access to grocery stores is shown to
decrease rates of obesity (Alston and Okrent, 2017). Lower income neighbourhoods have “fewer
supermarkets with fresh fruits and vegetables, but they also have fewer parks, sports fields,
fitness clubs and trails that create an accessible environment for physical activity” (Rosin, 2008).
In the United States “unhealthy eating has become an epidemic in low-income neighbourhoods
that are considered to be food deserts” (Wallace, 2019). In Edmonton, the lower the ratio of fastfood restaurants and convenience stores to grocery stores and produce vendors near people’s
homes, the less likely they are to be obese (Spence, et al., 2009). Location is not the only reason
to shop somewhere; common socio-economic status are important motivators as well
(Cannuscio, et al., 2014). When American single mothers were given vouchers within the
“Moving to Opportunity” program it was found that moving to neighbourhoods with lower
poverty rates decreased obesity and diabetes levels among those in the treatment group (Cawley,
2015).
17

Over time, women have joined the labour force and households have shifted to more
ready-made meals and take-away meals (Alston and Okrent, 2017). Anderson and Matsa (2011)
did not find a statistically significant effect of restaurant presence on obesity levels. Their model
used distance as a proxy for cost to visit, hypothesizing that decreased distance to restaurants
would increase BMI (Anderson and Matsa, 2011). Using the same BMI dataset, Dunn (2010)
does not find that restaurant availability predicts obesity in rural areas but it does increase BMI
for women and non-whites (Hispanics and Blacks are pooled) in medium density areas (Dunn,
2010).
It can be difficult to identify the direction of causation due to correlation between
unobservable factors and omitted variables (Alston and Okrent, 2017). We do not ask questions
about where our participants live, but we do collect information about frequency of grocery
shopping visits and store type.
Government policies to address obesity include regulations on food labelling and food
claims, advertising regulation, farm subsidies and research and development, food and nutrition
programs, health information, and public healthcare (Alston and Okrent, 2017). Farm and food
policy, especially investments in research and development, has been shown to lower the cost of
production for food however, food manufacturing innovations have made it cheaper to produce
processed foods (Alston and Okrent, 2017). The majority of products in the store are processed
food products, which are subject to the FoP labelling legislation.
Market factors like income and wages, prices at grocery stores and in restaurants, labour
force participation and healthcare markets all affect consumption choices (Alston and Okrent,
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2017). In developed countries, higher socio-economic status is inversely related with rates of
obesity (Alston and Okrent, 2017, Power, 2005). The trend is much stronger for women but less
clear for men—the direction for causality is unclear as it could be that those with higher incomes
afford to eat healthier or those who are obese may suffer adverse effects in the labour market
(Alston and Okrent, 2017, Cawley, 2015, McLaren, 2007). The size of the wage penalty is
positively related to the degree of obesity (Cawley, 2015). (Chen, et al., 2012)
Relative prices of healthy and unhealthy foods influence the obesity level. Over time, the
cost of fresh fruits and vegetables has been rising compared to relatively unhealthy foods (Alston
and Okrent, 2017, Powell and Han, 2011). Cheaper foods are typically more calorie-dense and
“diets based on refined grains, added sugars, and fats are more affordable than diets based on
lean meats, fish, fresh vegetables and fruits”(Rosin, 2008). Despite the well-established
connection between low-cost energy dense foods, Chen et al. (2012) find that even when milk
and soda cost the same there is a negative relationship between income and dietary intake
quality. Amongst similarly low-income woman, females with overweight/obesity were more
likely to rate cost as the most important factor in comparison to females with lean/healthy weight
(Dressler and Smith, 2013). Rose et al (2009) found that a 100-metre increase in energy dense
snack food shelf-space within a 1-kilometre radius of an individual’s home was associated with a
0.1 BMI point increase in Louisiana whereas an increase in fruits and vegetables had no effect on
BMI. The difference between displays and marketing of unhealthy foods at high and low price
grocery stores may have a larger effect than proximity on BMI levels (Ghosh-Dastidar, et al.,
2014).
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Canadian food insecure individuals are more likely to report heart disease, diabetes, high
blood pressure, and food allergies (Vozoris and Tarasuk, 2003). Children living in food insecure
households were more likely to be obese; Quebecois girls living in food insecure households
were more likely to be overweight than boys (Dubois, et al., 2011). When using the American
Household Food Security Survey Module individuals with low or very low food security status
were less likely to report understanding Back of Package (BoP) information, finding food labels
useful or being influenced by nutrition information (Butcher, et al., 2019). The Canadian
Household Food Security Survey Module (HFSSM) used in our analysis was modelled after the
American version (Government-of-Canada, 2012).
2.1.3 The Role of Government, Interventions, and Obesity Policy
The previous sections outlined the two causes of obesity: individual characteristics and choice
and the environment in which people exist. Thus, some believe that obesity is a personal problem
and that governments shouldn’t intervene. However, especially in Canada, obesity tends to
increase public health costs and can decrease tax revenue through decreased productivity. There
are clearly economic consequences of obesity on public health and some groups demand
intervention to combat obesity levels. The fact that obesity levels have risen is a necessary, but
not sufficient condition for intervention. Following the Kaldor-Hicks principle, intervention must
make things better off than they would be otherwise (Alston and Okrent, 2017).
As obese individuals do not bear the full costs of being obese within our public
healthcare system a market failure of an externality exists (Cawley, 2015). Bhattacharya and
Sood (2011) found in the USA that public health insurance distorts the cost of obesity and that
those with public health insurance are more likely to be obese (Alston and Okrent, 2017,
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Bhattacharya and Sood, 2006). However, in the Canadian system, health care costs are borne by
everyone equally without consideration for who costs more to take care of, this system results in
externalities.
The possible second kind of market failure is an information asymmetry problem. The
population may not understand which foods are more likely to affect their health or do not know
how to use the information (Alston and Okrent, 2017, Cawley, 2015). The government has taken
steps to combat the presence of an information problem through public health marketing
campaigns, nutrition labels, and calorie menu labelling. Finkelstein and Strombotne (2010) reject
the rationale for government intervention on the basis of information asymmetry by arguing that
markets are functioning properly because otherwise consumers would pressure companies to
provide more information (Finkelstein and Strombotne, 2010). Teisl et al. (2001) estimate that
cost-benefit analyses underestimate the benefits from nutrition information by only looking at the
dollar value of avoided illness in comparison to a cost of information approach. (Teisl, et al., 2001).
Teisl and Roe (1998) highlight that lack of nutritional information imposes heightened
search costs on consumers and benefits may arise from minimizing search costs for healthy
foods. Zhu et al. (2015) find that less educated consumers and those from smaller households
who shop less frequently are most likely to respond to the decreased search costs due to FoP
labelling. For this reason, we also ask our participants the frequency of their grocery shopping
per month at different types of stores.
The policy that addresses obesity without any externalities would completely internalize
the costs of being obese on those with obesity. However, this is politically and practically
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infeasible and fails to acknowledge the substantial influence policies and environment has on
obesity levels. Alston and Okrent (2017) created a hierarchy of obesity policies:

First
Best

• Policies that directly address the
externality (e.g. healthcare tax)

Second
best

• Policies that directly address
obesity (e.g. obesity tax, "healthy
weight" subsidy)
• Policies that directly
address inputs to obesity
(e.g. calorie tax, exercise
subsidy)

Third Best

• Policies that
indirectly address
inputs to obesity
(e.g. nutrient taxes
and subsidies)

Fourth Best
Figure 3: Hierarchy of policies that address obesity
Source: Alston and Okrent (2017)

Policies that address obesity reductions as a whole are a ‘second-best’ policy. These
policies are usually more politically feasible, but they impose “by product distortions” because
those who do not pose an increased cost to public healthcare are still affected by the policy.
Common policies in this sphere include: fat taxes/subsidies; nutrition education, labels, food
policy, and nudges. These policies aim to change the incentive structure by influencing
consumption habits. However, many of these preventative approaches have modest effects on the
reduction of obesity (Cawley, 2015).
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Of all the third and fourth best options Okrent and Alston (2012) find that a calorie tax would
result in the least deadweight loss in the USA (Okrent and Alston, 2012). However, a common
problem with the calorie tax is the political unfeasibility of taxes to be high enough to be
effective.
2.1.3.1 Policy induced innovation
There is evidence that government policies to address obesity induce the food industry to
reformulate foods (Alston and Okrent, 2017, Ares, et al., 2018). Specifically, the introduction of
positive nutrition labelling on packages spurred investment in healthier foods (Vyth, et al.,
2010). The food industry influences what consumers purchase through advertising, product
development and reformulation, health claims, portion sizes, and food manufacturing technology
(Alston and Okrent, 2017, Finkelstein and Strombotne, 2010). The evidence of an increase in
portion sizes across the food industry is mixed (Alston and Okrent, 2017). However, it was found
that labels like “low-fat”, “low-sugar”, or other positive nutritional labels did act as an incentive
for product reformulation. There is evidence that people intrinsically categorize certain kinds of
food as ‘healthy’ or ‘unhealthy’ which can limit the effectiveness of labels on ‘unhealthy’ foods
(Alston and Okrent, 2017). In response to nutrition labelling guidelines, it was found that
healthier products entered the market to qualify for these labels or boast lower levels of nutrients
of concern (Alston and Okrent, 2017).
A cost-effectiveness analysis found that the Australian Health Star Rating system
attributable reformulation resulted in small reductions to energy intake (Mantilla Herrera, et al.,
2018). Mandatory labelling of Genetically Engineered sugars in Vermont caused manufacturers
to switch their inputs away from the GE sugars and redistributed welfare in the US sugar
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industry (Carter and Schaefer, 2018). Health Canada hopes that mandatory FoP labels will spur
reformulation as food manufacturers will want to avoid the labels, however, this would only
result if consumers reacted to labels and changed their purchasing habits.

2.2 The Economics and Use of Labels
2.2.1 Consumer response to Health Information Labels
Rising obesity levels worldwide have been a topic of interest since the 1990s. The shift from
focusing on producing enough calories to choosing the right foods has been rapid in developed
countries and many developing countries as well. There are numerous kinds of labels in use
today. As a result of the 2004 WHO report on obesity, many countries who did not already have
a NFT developed one. Chile is the first country to take nutrition labelling further by mandating
health warning labels on prepackaged foods. Many other countries have also shown interest in
mandating these labels (Health(Canada, 2016). According to Pomeranz et al (2019) one of the
reasons that FOP labels have not been adopted in the USA is due to the obstacle that first
amendment laws pose to the effectiveness of the labels—labels must only be informational
(Pomeranz, et al., 2019).
There are many elements of a label that can enhance or hinder its effectiveness. In their
seminal paper Van Herpen and Van Trijp (2011) show how top down and bottom up factors
affect the effectiveness of labels. Bottom up factors include physical characteristics of the label
such as type, position, and colour. Top down factors include consumers’ individual motivations,
preferences, time constraints and socio-economic status. The preferences and motivators
consumers come to the grocery store with impact the effectiveness of labels, especially whether
they have a specific health goal in mind. People often don’t like the label that performs the best
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(Ares, et al., 2018, Van Herpen and Van Trijp, 2011). In other research, when participants were
asked about whether ‘high in’ labels are harsh or reduce their control participants answered that
all labels were about right or not harsh enough (Acton and Hammond, 2018). It is widely
documented that both physical aspects of labels and individuals’ characteristics influence the
salience of labels. This section will outline both aspects of the effectiveness of labels, as well as
common ways attention and effectiveness are measured.
2.2.2 Physical Aspects
While comprehensive Back-of-Package (BoP) labelling has been present for over a decade in
Canada, there is no consensus about the best front-of-package (FoP) label. Common FoP labels
include traffic light labels where colours represent the nutritional value of the product, daily
guideline amount where percentages of daily value of nutrients in a product are shown, logos to
indicate healthfulness, and symbol-text combination warnings. Some research has shown that
warning labels are the most effective type of FoP nutrition label (Ares, et al., 2018, Khandpur, et
al., 2018). However, overwhelmingly, it seems that front-of-package labels do have an impact
but often do not significantly differ in their effectiveness across type (Acton and Hammond,
2020, Graham, et al., 2015, Hersey, et al., 2013).
Mhurchu et al. (2018) compared label viewing across the traffic light label, health star
rating, and regular nutrition information panels to find that products purchased after viewing a
nutrition label were healthier than those viewed but not purchased (Mhurchu, et al., 2018). There
were no significant differences across label treatments however subjects were primed to scan
packages to look at labels, only 1/5th of consumers scanned the labels over four weeks (Mhurchu,
et al., 2018). Symbol and text-based warning labels performed similarly at deterring purchase of
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high-in-sugar products in a hypothetical online grocery store (Ang, et al., 2019). Ducrot et al.
(2016) found no effect on sugar purchases after various label treatments, but did find that colour
coded labels and a simple check mark reduced fat purchases (Ducrot, et al., 2016). The colour
coded total scoring label improved the healthfulness of purchases and reduced sodium intakes
(Ducrot, et al., 2016). Warning labels, health star ratings, and nutri-score labels have differential
effects on consumer behaviour with warning labels performing the best (Ares, et al., 2018). Neal
et al (2017) found that in comparison to 3 other labels the warning label made a statistically
significant difference in the healthfulness of a food basket but consumers did not seem to like the
warning label, this contrasts findings that consumers preferred the warning label and increased
their intent to purchase healthier options (Khandpur, et al., 2018, Neal, et al., 2017). This is
similar to Ares et al (2018) findings who find that warning labels captured attention quicker and
corrected assumptions about the healthfulness of products better than alternatives that were
tested in regards to levels of sugar, fat, and sodium (Ares, et al., 2018). Acton and Hammond
(2020) find that taxing and labelling to deter purchases of high-in snacks were comparable in
effectiveness and result in a slight increase in nutrition quality.
In an analysis of transaction data for Ready to Eat Breakfast cereals, Zhu et al. found that
the introduction of simplified FoP labels1 increased the probability of choosing a heathy cereal
by 3.49% and decreased the chance of buying an unhealthy cereal by 3.81% (Zhu, et al., 2015).
Framing the nutritional information led to increased effectiveness and star-based labels

Here, FoP labels refer to voluntary positive, industry led labels such as “high in fibre”. Zhu, C., R.A. Lopez, and X.
Liu. 2015. "Information cost and consumer choices of healthy foods." American Journal of Agricultural Economics
98:41-53.
1
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influenced consumers to rate healthy foods as healthier and unhealthy foods as less healthy in
comparison to traffic light labels (Lundeberg, et al., 2018).
The impact of label “clutter” was found to impact performance in a visual search task
with performance slowing the more dense an area became (Bialkova, et al., 2013). There is a link
between positive visual cues and effectiveness of health warning labels, Effertz et al (2014) find
that a single positive cue is enough to cancel out the effects of a warning label (Effertz, et al.,
2014). Similarly, ability to identify products ‘high in’ sodium was reduced when a positive claim
was on the package; further distance from the FOP label exacerbated the effect (Acton and
Hammond, 2018).
Some common problems across studies is a lack of standardization of label size which
can influence results (Ang, et al., 2019). The location effect has been found across nutrition
labelling studies. Nutrition labels on the tops of packages have been found to aid in speed finding
the label (Bialkova, et al., 2013). Hersey et al (2013) highlight that location matters and
performance improved when the location was fixed across products (Hersey, et al., 2013).
Regarding the size and location of labels, our study will follow the published guidelines from the
proposed federal labelling requirements.
The introduction of monochrome Guideline Daily Amount labels did not result in
healthier choices in a UK superstore when using scanner data and controlling for gender effects
(Boztuğ, et al., 2015). Colour has been found to increase noticeability but can decrease label
readability (Acton, et al., 2018). Guideline daily amounts are often found to be overly confusing
and do not improve the healthfulness of choices (Ares, et al., 2018, Ducrot, et al., 2016).
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There has been a concentrated effort to settle the debate in regards to the effectiveness of
colour. Hersey et al (2013) reviewed the majority of studies that related to nutrition labelling and
there was a consensus that colour allowed consumers to determine which product was healthier
more accurately—however, studies that look at the recognition of unhealthy foods do not vary
whether the label has colour or not. In a visual attention study, the “chromacity” effect was found
to be strong where participants were better able to find monochrome labels, however this study
was compromised by a limited sample size (Bialkova, et al., 2013).
The use of positive nutrition labels has also been studied. In Wilde 2019, consumers were
shown an industry led Whole Grains label and asked to identify the healthiest products in an
online choice experiment. The brands were masked and the healthier of the two products did not
have a Whole Grains symbol, between 31-47% of respondents misidentified the healthier option
and those who self-identified trouble understanding labels were more likely to err (Wilde, et al.,
2019). Positive labels can have unintended consequences on taste perception as well. Berning, et
al. (2010) and Kiesel and Villas-Boas (2013) used positive FoP labels to evaluate the effects on
demand for popcorn, in both studies demand for popcorn with positive labels decreased
following the labelling.
The time required to evaluate product healthfulness based on interpretive FoP labelling
differed across the healthfulness of products. According to Ares et al. (2018), healthier products
required more time to evaluate the healthfulness based on FOP labels compared to unhealthy
products. Interestingly, warning labels reduced response time for bread and yogurt in comparison
to the Nutri-Score but did not differ for breakfast cereal and orange juice. Healthfulness
perception depended on product type, however, the warning system reduced healthfulness scores
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for breakfast cereals, yogurt, mayonnaise, orange juice, and bread. The warning system also
decreased purchase intention the most, while health-star did not change purchase intention and
Nutri-Score reduced intention for mayonnaise and breakfast cereal (Ares, et al., 2018). The
warning system best helped consumers identify unhealthy products but resulted in slower ability
to identify healthier products due to the absence of any labelling on healthy products. Ares et al.
(2018) conclude that warning labels were more effective at pointing out unhealthy foods than
other labels tested (Ares, et al., 2018).
2.2.3 Salience
Some nutrition label studies ask a consumer to identify the healthier of a pair of items when
shown a label, then evaluate the number they found correct (Wilde et al., 2019). This
experimental design is highly hypothetical as experiments typically exclude price (Wilde et al.,
2019), mask brands (Wilde et al., 2019), or prime subjects to pay attention to nutrition
information (Wilde et al, 2019 (Ducrot, et al., 2016, Neal, et al., 2017). However, Grebitus et al.
(2012) find that hypothetical attribute rankings are highly correlated with non-hypothetical food
choices.
Bushman (1998) made the link between warning labels and reactance theory, where people
may push back against warning labels by choosing relatively unhealthy products in reaction to
loss of freedom based on the authority issuing the label. He concluded that information labels
may have more effect than pointed warning labels, although both labels did have a negative
effect on fat levels of cream cheese chosen. Van Herpen and Van Trijp (2011) categorize labels
by their level of directiveness. NFTs provide detailed information while leaving it up to
consumers for interpretation while on the opposite side of the spectrum are signpost logos which
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tell you which products are healthy but do not tell you why. Between the two extremes there are
logos like multiple traffic light logos, however, they often have the lowest comprehension (Van
Herpen and Van Trijp, 2011).
Thunström and Nordström (2015) underscore the importance of controlling for taste in their
demand analysis for chips and bread with ‘healthy’ labels, however, the study has a small sample
size (Thunström and Nordström, 2015).
Sampling can also result in groups who are more apt to respond to nutrition information. For
example, Ducrot et al (2016) used a large sample by using a national longitudinal study that
focused on nutrition, thus participants may have already come across interventions (Ducrot, et
al., 2016).
2.2.4 Human characteristics
Many studies do not compare reactions to labels across socio-economic status (Ares, et al.,
2018). Researchers who do test population groups’ reactions find little difference in effectiveness
between types of FoP labels by socio-economic status (Ducrot, et al., 2016).
Among label users, after the implementation of nutrition labels in the USA in 1990, labelreading white women were the only group associated with a decrease in body weight (Rosin,
2008, Variyam and Cawley, 2006). Women are less likely to purchase sugary products (Ang, et
al., 2019) and Zhu et al find that women are unresponsive to labels (Zhu, et al., 2015).
Less educated households were more responsive to information cost changes by the
addition of FoP nutrition information (Zhu, et al., 2015). More educated people typically used
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BoP nutrition facts panels more than less educated people. Grebitus et al (2019) found that a
simplified nutrition facts panel decreased the importance of numeracy skills.
Reaction to FoP labels vary across age groups. The effectiveness of FoP labels lies in
their ability to distract shoppers by attracting attention to health warnings. Effertz, Franke, and
Teichert (2014) find that effectiveness of distraction “health warnings peaks in the youngest age
groups and decreases with age” (Effertz, et al., 2014). Young (18-29) adults better responded to
simpler interpretive logos without any numbers (Ducrot, et al., 2016).
Lower income groups are typically less sensitive to labels, perhaps because they are more
focused on price (Ducrot, et al., 2016). While price is a dominant factor for low income groups,
healthier product options within a product line typically cost the same. For example, plain yogurt
and flavoured yogurt are often the priced the same within brands. Zhu et al (2015) find that high
income shoppers were indifferent to FoP labels and that there was evidence that low income
shoppers did react to the labels.
Grunert et al. (2010) found that label usage was determined by interest in healthy eating
while label understanding was determined by nutrition knowledge (Grunert, et al., 2010). Our
study will include indicators of nutrition knowledge as well as interest in healthy eating shown
by efforts to reduce consumption of nutrients.
A unique study using transaction data also utilized marketing data for the category of
Ready-to-Eat breakfast cereals (Zhu, et al., 2015). Unsurprisingly, there was a positive
relationship between choice probability and advertising expenditure. Smaller households were
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more responsive to information cost reductions (Zhu, et al., 2015). Consumers who purchase less
frequently were more responsive to information cost reductions (Zhu, et al., 2015).
While socio-economic groups can have little effect on reaction, research has shown that
effectiveness of labels varies across food categories based on their perceived healthfulness
(Acton, et al., 2018, Araya, et al., 2018, Ares, et al., 2018, Mhurchu, et al., 2018). Accessing
nutrition information is less common for snacks and convenience foods but more common for
ambiguous products like dairy (17.3%), bread and bakery (16.3%), fruits and vegetables
(13.1%), and cereal (11.9%) (Mhurchu, et al., 2018). This result is common in the literature as
many studies conclude that consumers differentiate between ‘healthy’ and ‘unhealthy’ products
but are more likely to view nutrition information for products deemed ambiguous (Ares, et al.,
2018, Mhurchu, et al., 2018). Ares et al. (2018) uses the term nutritionally intermediate products
to describe products, like yogurt and bread, that are assumed to all be equally healthy but are not
(Ares, et al., 2018). Following the Chilean FoP warning label implementation Araya et al (2018)
use scanner data to find that the labels were only effective when information is unexpected like
for juice and cereal.
Miller and Cassady (2015) use the cognitive processing model to hypothesize that
consumers with prior nutrition knowledge will use information more effectively by 1) focusing
on salient information 2) understanding information and 3) making healthful decisions (Miller
and Cassady, 2015). There has not been enough studies that consider the effects of nutrition
knowledge on usage of ingredient lists and claims compared to NFT usage (Miller and Cassady,
2015). Labiner-Wolfe Verrill (2010) found that consumers sometimes use claims instead of
NFTs. Gorski Findling (2018) found that labels increased comprehension but did not change
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purchasing decisions (Findling, et al., 2018). The need for studies with representative samples is
needed with an emphasis on a wider age group. Our study will be looking at adults between 1865 from all socio-economic groups, specifically looking at lower-education populations which is
an understudied group.
While the number of nutrition labels, both mandatory and voluntary, have exploded over
the past two decades there has been a surge to improve nutrition labels to make them easier for
consumers to notice and understand. The majority of the previous cited literature has relied on
subjective measures of attention to nutrition labels like recall or asking consumers to pick which
product they prefer to see if nutrition labels have an effect on purchasing intention, or priming
individuals to look at nutrition labels with a specific goal or phone application (Neal, et al., 2017,
Thunström and Nordström, 2015). Some studies use real purchase data to see the effects of label
introduction (Berning, et al., 2010, Zhu, et al., 2015). Others have watched consumers in stores
to see how often they look at NFTs on the back of a package in stores then interviewing them
(Grunert, et al., 2010). Online experiments have also gained popularity (Khandpur, et al., 2018).
Eye-tracking technology has been increasing in popularity over the past decade to provide an
objective understanding of how and if consumers use nutrition labels when choosing food
products.
2.2.5 Eye Tracking and Nutrition Label Usage
The number of eye-tracking studies has exploded in recent years, especially in the health label
sphere. Much of the literature finds that longer attention to packages mediates choice (Ares, et
al., 2014, Ballco, et al., 2018, Bialkova, et al., 2014, Jantathai, et al., 2013, Rebollar, et al.,
2015).
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A strength of eye-tracking studies is the provision of an objective measure of attention to
labels and intensity/length of attention. The limitations of the technology include the potential for
‘subject bias’ when participants are wearing glasses or in front of a screen and the monetary and
temporal costliness of the technology.
Consumers’ self-reported NFT viewing is much higher than objective viewing through
eye-tracking (Graham and Jeffery, 2011). Consumers are more likely to view FoP nutrition
labels (63%) compared to NFTs (42%) (Graham, et al., 2015). Eye tracking allows for an
objective measure of consumer attention to nutrition labels, however, many studies use a lab
experiment using computer screens which prime consumers to notice nutrition labels more than
in a real world environment by prompting consumers to turn the package over to look at the label
( or by showing the NFT next to the package (Wilde, et al., 2019, Xie, et al., 2015)
Consumers are more likely to view FoP labels than NFTs and the rates of identifying
healthier options are higher when using a FoP label. FoP labels are more likely to be fixated
upon than NFT, but the effectiveness of the front of package label was improved when
explanatory signage was provided (Graham, et al., 2015). Attendance to marketing labels for
sugar-sweetened beverages was reduced and rate of purchase was lowered when warning labels
were present (Popova, et al., 2019). Attendance to NFT (Graham and Jeffery, 2011) was
improved when they were at the top or middle instead of on the sides or lower on the package
(Graham and Jeffery, 2011).
Rates of attendance to current NFT popular in the USA and Canada range but do not vary
significantly across socio-economic groups, however, nutrition knowledge, education, literacy,
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and numeracy skills seem to influence whether consumers notice the labels. Xie et al. (2015) find
that participant’s BMI has a negative effect on time spent observing NFTs and that product
familiarity does not have a negative effect on time spent observing a label. Neuhofer et al. (2019)
find that after an information treatment those with higher BMIs were less likely to pick a normal
Sugar Sweetened Beverage. Kim and Heo (2019) compare different framing effects of health
labels on Sugar Sweetened Beverages to find that a neutral message is most effective at reducing
demand, the neutral label is most similar to the currently proposed label. Presently, there is no
substantial evidence that choice is affected by the new NFT in the USA but there is evidence that
consumers spend more time looking at the label (Grebitus and Davis, 2017, Khandpur, et al.,
2017) and notice the new, bolded ‘added sugar’ element (McFadden, 2019).
Grebitus and Davis (2019) find that a redesigned NFT mitigated the importance of
numeracy skills, measured through a subjective numeracy scale, and effectively bridged the gap
in understanding NFT information across numeracy skills. Similarly, Latino caretakers in the
USA found colour coded FoP labels easier to understand than traditional NFTs (Haldeman, et al.,
2000). However, Graham and Jeffrey (2011) found that there were few differences in NFT
viewing across socio-demographic groups but that there were differences across products.
Similarly, Graham et al. (2015) find statistically significant difference between socio-economic
groups, except across physical activity level (Graham, et al., 2015). NFT for foods with
ambiguous healthfulness, like yogurt or soup, were viewed more than those for vegetables,
snacks, and desserts (Grebitus and Davis, 2017).
Consumers’ self-reported NFT viewing is much higher than objective viewing through
eye-tracking (Graham and Jeffery, 2011). Consumers are more likely to view FoP nutrition
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labels (63%) compared to NFT (42%) (Graham, et al., 2015). Eye tracking allows for an
objective measure of consumer attention to nutrition labels, however, many studies use a lab
experiment using computer screens which prime consumers to notice nutrition labels more than
in a real world environment by prompting consumers to turn the package over to look at the label
( or by showing the NFT next to the package (Wilde, et al., 2019, Xie, et al., 2015)
Consumers are more likely to view FoP labels than NFTs and the rates of identifying
healthier options are higher when using a FoP label. FoP labels are more likely to be fixated
upon than NFTs, but the effectiveness of the front of package label was improved when
explanatory signage was provided (Graham, et al., 2015). Attendance to marketing labels for
sugar-sweetened beverages was reduced and rate of purchase was lowered when warning labels
were present (Popova, et al., 2019). Attendance to NFT(Graham and Jeffery, 2011) was
improved when they were at the top or middle instead of on the sides or lower on the package
(Graham and Jeffery, 2011).
Having a specific health goal in mind increases attention on nutrition labels (Bialkova, et
al., 2014, Graham, et al., 2012, Van Herpen and Van Trijp, 2011). Van Herpen and Van Trijp
(2011) find that those who care more about health are more likely to use nutrition labels. Our
study asks consumers about their efforts to increase, maintain, or decrease their consumption of a
wide range of nutrients. We will be able to test their results in the Canadian context across a
wide range of nutrients.
Consumers are often under time constraints while shopping, while simulating a time
constraint both traffic light and health logo labels improve the healthfulness of choices but logo
36

labels did not decrease time spent observing other package elements (Van Herpen and Van Trijp,
2011). Van Herpen and Van Trijp (2011) were one of the first studies to apply eye-tracking
technology to health label salience and used a large student sample for the time pressure portion.
Labels with the greatest attention-grabbing design are more likely to be noticed by
consumers, however, there is no consensus on the most attention grabbing label. For example,
monochrome and colour coded Guideline Daily Amount had the highest fixation rates compared
to a choices logo (Bialkova, et al., 2014). Conversely, Siegrist et al (2015) test Guideline Daily
Amount (GDA), Traffic Light, and the NFT to find that the participants processed the
information on the traffic light system faster and more effectively than the GDA. However, they
did not find a difference in ability to rate the healthfulness across the products (Siegrist, et al.,
2015). Our study does not compare effectiveness of different label designs as the proposed labels
are very similar and use only a black-and-white label due to the political infeasibility of using
color-coded labels, so we only test the most likely label.

2.3 Summary of Literature and Gaps
The literature review explores two different themes: 1) The Economics of Obesity and Health
Policy and; 2) The Economics of Labels and Usage. Obesity has personal and public
consequences in the form of lost productivity, stigma, and increased healthcare costs to
taxpayers. The causes of obesity are made up of genetics and socio-economic status and the built
environment of policy and society. The present study explores the role of socio-economic status
and society, especially the affect of being a recent immigrant on food choice. Within the
hierarchy of policies to address obesity, warning labels fall under the more politically feasible
‘second best’ option whereby they often result in distortions for those who are not obese. The
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Canadian government hopes that FoP warning labels will result in product reformulation, there
has been previous evidence of reactionary reformulation (Alston and Okrent, 2017, Ares, et al.,
2018, Vyth, et al., 2010). However, it is unlikely that reformulation would occur if the public
does not change their choices.
Households with lower Socio-Economic Status (SES) have been found to be more
sensitive to nutrition information cost changes, in the form of more simplified information
(Ducrot, et al., 2016, Grebitus and Davis, 2019, Zhu, et al., 2015) but often effectiveness does
not change across groups or samples do not include heterogenous groups (Ares, et al., 2018).
Consumer response to FoP labels is mixed. The type of label used can influence the
effectiveness of the label and certain groups can respond better to different types of labels. The
design and colour do impact effectiveness of the label where Hersey et al (2013) find that
recognition of unhealthy foods is not impacted by colour and that simpler labels often improve
effectiveness (Zhu, et al., 2015). Location standardization and reduced FoP ‘clutter’ improve
salience (Bialkova, et al., 2013, Effertz, et al., 2014, Hersey, et al., 2013, Zhu, et al., 2015). We
do not explore difference across label types but recognize that while our label location is
standardized, we use existing packages and therefore cannot control FoP ‘clutter’. Largely all
FoP labels elicit similar, but small, changes in behaviour.
Consumers’ goals can have a large impact on the salience of a label; when consumers
have health goals labels (Bialkova, et al., 2014, Graham, et al., 2012, Van Herpen and Van Trijp,
2011) or prior knowledge (Grunert, et al., 2010, Miller and Cassady, 2015) labels are often
more effective .
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Labels differ in their effectiveness across categories of foods (Acton, et al., 2018, Araya,
et al., 2018, Ares, et al., 2018, Lundeberg, et al., 2018, Mhurchu, et al., 2018). Labels can also
have an unintended impact on taste perceptions, where unhealthy products seem more attractive
(tastier) after a FoP label has been applied (Berning, et al., 2010, Bushman, 1998, Kiesel and
Villas-Boas, 2013) .
Increased use of eye-tracking technology has enabled researchers to use the duration of
focus on NFT or FoP labels as an indicator of effectiveness (Ares, et al., 2014, Ballco, et al.,
2018, Bialkova, et al., 2014, Graham, et al., 2015, Grebitus and Davis, 2017, Jantathai, et al.,
2013, Rebollar, et al., 2015).
There is currently no evidence in Canada using the currently proposed labels with a
diverse sample. The majority of studies highlight the importance for future research to include
representative groups with the inclusion of marginalized groups (Van Herpen and Van Trijp,
2011, Varela, et al., 2014). Our study does not use an exclusively student population. We are also
the first experiment to do so using a sample that includes participants from a wide range of
socio-economic backgrounds, including measurements of food security status.
Many previous studies use hypothetical choice scenarios, but recognize the need for more
realistic studies with wide range of products (Acton and Hammond, 2020, Acton, et al., 2018,
Varela, et al., 2014). Our experiment involves a grocery shopping task with a real purchase of
one of the chosen items which minimizes the hypothetical bias. To our knowledge, ours is the
first study of its kind to incorporate an incentive-compatible design in a grocery shopping
experiment to test the effectiveness of nutrition warning labels.
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3 Conceptual Framework
Our analysis assumes that consumers will purchase the items that bring them the highest utility
amongst comparable items. Utility maximization theory is especially applicable to our analysis
as consumers are told that they will be purchasing a randomly selected item from their basket to
go home with.

3.1

Conceptual Framework and Roadmap

We use random utility models as part of our analysis, as we assume when shopping participants
choose the items that bring them more utility than others. The Random Utility Model (RUM) is a
derivation of the utility maximization framework from Marschak (1960) who used the
foundation of psychological stimuli developed by Thurstone (1927) (Train, 2009).
Random Utility Models are characterized by individuals maximizing utility when facing
choices. In our case, the decision maker is the participant, i. Participants face choices while
shopping, the choice alternatives are denoted as j. Each participant gains different levels of utility
by each alternative, shown below:
Uij = Aij + Eij
•

i is the participant

•

j is the alternative

•

Uij = utility participant i derives from alternative j

•

Aij = observable factors

•

Eij = unobservable factors
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However, as researchers we cannot observe our participants utility from each item. We
have some information, like the product attributes and some of the attributes of our participants,
but we do not have all the information. As we include an eye-tracking component in our study
we have more observable attributes like gaze time, but there are always unobservable factors in a
participants’ decision. As we do not know the exact level of utility, we use ‘representative
utility’ (Train, 2009).
As each participants’ choices are composed of observed and unobserved factors, the error
term will dictate whether individuals decide to buy or not. For example, if two products (j & l)
have all the same observable factors but a participant buys product j and does not buy l the
difference would lie in the error term (the unobservable factors).
𝑈𝑖𝑗 = 𝐴𝑖𝑗 + ϵ𝑖𝑗 > 𝑈𝑖𝑙 = 𝐴𝑖𝑙 + ϵ𝑖𝑙
(𝐴𝑖𝑗 − 𝐴𝑖𝑙 ) > (ϵ𝑖𝑙 − ϵ𝑖𝑗 )
𝑃𝑟𝑜𝑏( 𝑗 ∣ 𝑋 ) = 𝑃𝑟𝑜𝑏[(𝐴𝑖𝑗 − 𝐴𝑖𝑙 ) > (ϵ𝑖𝑙 − ϵ𝑖𝑗 )]
•

𝑗 and 𝑙 are different choices

•

𝑖 is the individual or participant

•

𝑋 is choice set

•

𝐴𝑖𝑗/𝑙 = 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑏𝑙𝑒 𝑓𝑎𝑐𝑡𝑜𝑟𝑠

•

ϵ𝑖𝑗/𝑙 = unobservable factors
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Using the Random Utility Model, we assume participants only pick items that give them
higher utility than alternatives. The probability of them choosing an item is informed by the
explanatory variables and the error term. If there is nutrition information asymmetry in the
marketplace, then lowering information cost will make healthier products more attractive If
individuals gain utility from healthier products, then the information treatment will have a
positive effect on utility from healthy items. if consumers gain utility from purchasing healthier
products.
FoP labels are designed to lower costs (effort) for nutrition information by attracting
attention and lowering search time. The conceptual framework Roadmap (Figure 4) begins with
individual characteristics. We assume that individuals’ choice is influenced by individual
characteristics, as proven by literature, and individuals can choose to supplement their individual
characteristics with information by deciding to search for information. Earlier research has
established that different population groups respond differently to changes in information costs
for nutrition knowledge. Information cost change is not a new topic for health and food
economics. In the 1990s there was much debate as to whether governments needed to legislate
nutrition facts information. Without nutrition information, food is considered either a credence or
experience good. The introduction of nutrition labels was meant to enable consumers to easily
search for the nutritional content of their food, however consumers have low levels of NFT
utilization. NFTs are on the back of packages and in the control group, this is the main mode of
gaining nutrition information.
It is important that when individuals search for information that it is easily
understandable and accessible, both of which are a result of label type and individual
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characteristics. While there is debate about the effectiveness of different types of labels,
depending on their level of paternalism, colour, complexity, or any number of delivery modes,
we do not focus on label type. Our study rather focuses on how Canadian consumers may react
to the proposed labelling in the Canadian context. The delivery mode of health information
affects the uptake of the messaging and in all cases, consumers must seek information in order to
use it. FoP labelling aims to decrease search costs so that consumer benefit will outweigh the
search costs for information.
Beales et al. (1981) break information sources into internal and external sources (Beales,
et al., 1981). Internal information is stored in your memory and can be acquired actively or
passively (Beales, et al., 1981). We do not know how much consumers in our store rely on
previous external search or prior personal experience, which is unobservable. Passive
information sources include interruptions and ‘low involvement’ interventions. Warning labels,
if they are attention grabbing, seem to fall under passively acquired information as consumers
are exerting minimal effort to acquire this information. Other examples of interruptions include
package design changes or a new recipe. NFT take effort to view, as they are on the back of
package, and are classified as being external information requiring direct inspection of the
product.
Lastly if individuals use labels and understand them, then individuals may experience
disutility from purchasing items with warning labels on them. Individuals may also gain utility
from buying items without a warning label. Either reaction to the labels, if information
asymmetry is present and individuals gain from lowered search costs, will increase the likelihood
of purchasing healthier foods.
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Individual characteristics
• Interest/Need for
healthy diet
• Nutrition Knowledge
• Demographics
• Numeracy
• Food Security Status

Purchase product
that gives highest
utility

Search for information

Back-of-package
nutrition labels

Food label use
↓ Attention
↓ Comprehension
↓ Food Choice

Front-of-package
warning labels

Determinants of label use:
Physical attributes
• Location, colour,
size, type
Other
• Preferences, level
of paternalism

Figure 4: Conceptual Framework Roadmap
Source: Author
Our main research question is whether demand for products that are “high-in” is affected
by the FoP warning label. Using the roadmap above, individuals who want to avoid unhealthy
food items but lose utility from nutrition information search may decrease their consumption of
high-in food products after the label is applied.
The following hypotheses are based on the literature and following the framework above:
H1: Mandatory FoP warning labelling will reduce the likelihood of choosing a ‘high-in’ product.
H2: The effectiveness of the warning label will depend on the perceived healthfulness of the
category.
H3: Interest in nutrition information will make the label more effective.
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H4: The treatment effect of the mandatory FoP warning labels will vary across demographic
groups.
H5: Mandatory FoP warning labelling will reduce the grams of sugar, sodium, and sat fat
purchased per serving in a basket.

3.2 Chapter Summary
The Random Utility Model is the basis for our analysis whereby individuals pick the option that
yields them the highest utility. If consumers gain utility from healthier products, the treatment
will decrease choice of items ‘high in’ sugar, saturated fat, and or sodium as there will be lower
costs to nutrition information. FoP labelling aims to decrease search costs so that consumer
benefit will outweigh the search costs for information. This study assumes that consumers
choose the products that they gain the most utility from, which is influenced by their individual
characteristics and whether they search for information. The search for information is influenced
by attention to the labels and comprehension. This thesis focuses on addresses five hypotheses
related to the effectiveness of FoP labels.
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Data Collection and Descriptive StatisticsThe goal of this research project is to investigate
whether proposed mandatory FoP labelling changes consumer demand for foods high in sugar,
sodium, and/or saturated fat. We denote products that contain over 15% of the daily value of
sugar, sodium, and/or saturated fat as being ‘high in’ products. Our study is the first study to
evaluate demand for these products in a mock grocery environment. This chapter describes the
study design and the data we collected. We narrowed our analysis to one label design because we
prioritized variation in our participants’ socio-economic status over testing multiple ‘high in’
label types. The decision to obtain a varied population sample was made in response to many
previous works expressing the need for future studies to include diverse population samples.
This chapter begins with an overview of the study design and data collection process. The
data collection took 7 weeks whereby the control was collected for the first 4 weeks and the
treatment was collected for the last 3 weeks. At the end of the treatment group collection we
switched back to the control group for 3 days to collect more samples. The control group shops
in the grocery store without seeing any warning labels. The treatment group shops in the grocery
store where warning labels are applied to products that are ‘high in’ sugar, sodium, and/or
saturated fat. Labels are applied to items based on their nutritional content.

4 Experimental Design and Descriptive Statistics
4.1 Data Collection Overview
We constructed a non-hypothetical grocery shopping experiment in a lab where participants wear
eye-tracking glasses while they are shopping. Our sample was drawn from adults living in the
city of Guelph with a focus on individuals from low-income neighbourhoods. Participants were
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required to travel to the University of Guelph to shop in our lab and answer a survey. Eyetracking glasses were worn during the grocery shopping and removed when participants
completed the survey. The survey consisted of 46 questions, participants without children only
viewed 43 questions, which measured relevant socio-demographic indicators and health and
lifestyle questions.

Eye Tracking glasses
fitting

Compensation
Grocery Shopping

Exit Survey

Suggested grocery list

($20 - value of a
randomly selected
item)

Figure 5: Visual Representation of Experimental Design
Source: Author
4.1.1 Recruitment
Ads were placed in the local newspaper, community centres, cafes/restaurants with public notice
boards, and public spaces (nearby bus stops/mailboxes). We focused on sampling from
community areas open to all, with an emphasis on low income neighbourhoods. The focus on
individuals from low income neighbourhoods was through specifically putting flyers in
laundromats, food hampers/markets, poles by bus stops/parks in lower-income neighbourhoods,
used clothing/toy stores, and by making two presentations at a community food bank (North End
Harvest Market). We did not formally keep track of where participants saw the flyers as we did
not want participants to feel like they had to personally identify whether they were food insecure,
shopped for used items, or lived in a particular area. Our flyers are in the appendix.
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Email or phone communication was the first point of contact to set up a time to come to
the lab and explain its location. We then verified that the participant lives in Guelph, was
between the ages of 18-65, understands/speaks English, and that they don't wear glasses that
sunglasses can't fit over. We asked if the participants have access to a vehicle and inform them of
where they can park for free nearby the university. If they take the bus, we offer the option to
retain their bus transfer ticket and we will reimburse them for their bus ticket ($3). We ask when
they could come into the lab and asked them to suggest three possible times. If none of the times
worked, then we proposed three more times. Then we ask if they required a follow up reminder
phone call or email. We ask them to provide us with the preferred mode of contact. If the
recruitment occurred over email, the same questions were asked via email for verification.
4.1.2 Study Design
First, we welcomed the participant and verified their name. We verified their age again and if
applicable, that the glasses couldn’t fit over their glasses. We asked them to read a consent form
and sign the form. We then calibrated the eye-tracking glasses to ensure accurate tracking. In the
event of a no calibration we still asked them to participate in the study while wearing the glasses
but did not tell them because we did not want the results to be compromised2. In the event of a
low/no calibration we can see how they shop but cannot use data related to length of focus on a
label or brand. We can still see if they turn the package over to observe the NFT as we still
recorded their shopping process. If they decided to leave at this time, then the participant would
have been given $5. No participants arrived and decided to withdraw from the study before

2

Five people did not have the calibration set up properly. There were 27 people in total with gaze accuracy below
65%. There were a total of 8 videos which were not recorded or issues with the recording.
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completion. One participant withdrew after they completed the study as they had a conflict of
interest with receiving compensation for the study, their data was removed, and they refused
payment. We answer questions about the shopping experiment while calibrating the glasses. We
remind the participants that they will pay for and go home with one of the products they
purchase.
4.1.3 Grocery Shopping
Participants were told to shop normally and provided with a guideline list of food
products available in the store, however, they are reminded that if it is not a food category they
normally shop from then they always have the option to not buy from that category. They were
also told that if they saw an item in a not on the list they could pick that item up as well.
The grocery store is a 1200 square foot grocery store inside the Lang School of Business
and Economics at the University of Guelph. Longos3 grocery company donated the lab. The lab
has five aisles and a refrigeration section. The lab contains 457 products (products by category
are shown in Table 4). The prices in the grocery store were calculated by using the average price
in a mid-cost (Zehrs) and low-cost (No Frills) grocery store in the area4 (Reeve, 2018).
We chose to test one label for two reasons. First and foremost, the primary purpose of the
study was not to compare the effectiveness of different labels. Previous researchers have

3

Longos Grocery company is not affiliated with the present research and was not consulted during the process but
the ‘house brand’ items are Longos brand.
4
Previous research in the city of Guelph, where the research was conducted, identified the prices in grocery stores in
the area across products. The two grocery stores identified were classified as low and mid-cost stores. We did not
include the prices at high-cost stores in the reference price as the high-cost stores were specialty stores (Organic
stores or specialty Italian Grocers) without a wide range of items represented by our store. Reeve (2018) identified
Affordability Rankings of the stores based on the creation of an affordability index.
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concluded that warning labels perform the better or similarly to other labels across many
indicators of effectiveness (Acton and Hammond, 2018, Acton and Hammond, 2018, Acton and
Hammond, 2020, Acton, et al., 2018, Ang, et al., 2019, Ares, et al., 2018, Mhurchu, et al., 2018,
Neal, et al., 2017). Second, given the nature of the experiment which is in-person in the lab with
incentive-compatible design, we did not have a luxury of having a very large number of
participants to test various label designs and instead focused on the most possible design.
Previous research in Canada has shown that black and white labels were the most readable and
that food manufacturers would not accept a coloured label due to higher compliance costs
(Acton, et al., 2018, Health-Canada, 2017). After discussions with officials at Health Canada we
decided to pick the black-and-white label with an exclamation mark.
We ran one group (n=99) for the control where there were no labelled products. The
second group (n=102) had labels added to the products where they were warranted. When the
labels were added, 33% of products warranted a label. Labels were only added to products if they
contained 15% or more of an individuals’ daily recommended value of the specified nutrients of
interest. Various reasons for missing videos include the eye-tracker being shut off midway
through, buffering issues, or miscellaneous problems.
Table 3. Useable Eye-Tracking Recordings
Control

Treatment

Total

Number of Participants

99

102

201

Useable Eye tracking

95

98

193
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Table 4 shows the percentage of items that qualify for a label. Later in our categorical
analysis, we will focus on a few categories with varying percentages of labelled items. As eyetracking data is very labour intensive to obtain, we only used eye-tracking data for 4 categories
(granola bars, potato chips, cookies, and yogurt). The categories of special importance are
highlighted in Table 4 below.
Table 4. Labelling by category
Category

Unlabelled

Warning
Label

Total in store

Dairy Alternatives

10

1

11

Percentage (%)
of items
labelled
9%

BBQ Sauce

4

4

8

50%

Baking

8

3

11

27%

Broth

0

6

6

100%

Canned Fish

9

4

13

31%

Cereal

55

4

59

7%

Coffee

13

0

13

0%

Condiment

8

0

8

0%

Cookies

9

7

16

44%

Cooking

8

0

8

0%

Corn Chips

5

0

5

0%

Cracker

12

0

12

0%

Milk

3

1

4

25%

Eggs

6

0

6

0%

Granola Bars

17

11

28

39%

Honey

0

4

4

100%

Hot Chocolate
Jam

1
6

2
0

3
6

67%
0%

Juice

1

11

12

92%

Meal

4

2

6

33%

Olive Oil

5

0

5

0%

Pasta

12

1

13

8%

Peanut Butter

8

0

8

0%

Pickles

7

1

8

13%

Popcorn

1

8

9

89%

Potato Chips
Rice

8
10

6
3

14
13

43%
23%

Salsa

3

2

5

40%
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Snack Foods (Misc)

5

1

6

17%

Soda

16

30

46

65%

Soup

0

13

13

100%

Tea

8

0

8

0%

Tomato Sauce
Canned Vegetables

12
15

9
8

21
23

43%
35%

Water

13

0

13

0%

Yogurt

1

7

8

88%

Total

306

151

457

33%
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4.1.4 Survey
After shopping, the participant is brought to a computer to complete the survey. While the
participant is completing the survey, the researcher takes inventory of the participant’s basket.
The survey is included in the appendix. The survey included questions from 5 groupings:
1. Grocery shopping habits and dietary/health restrictions
2. Nutrition literacy and food security
3. Subjective numeracy questions
4. Socio-Economic Status
5. Physical health (weight and height to calculate BMI)
The participants completed the survey with their back to the store facing a wall. They had
unlimited time to complete the survey, although on average it took 10-15 minutes. As the
researcher was present in the room, putting away the groceries, they were able to answer
questions as they came up. The researcher only answered questions pertaining to clarification of
questions or how to work the computer/mouse.
4.1.5 Debriefing and Reimbursement
Once the survey was complete, the participant was told about the partial disclosure present in the
study. The partial disclosure used in the study was deception by omission; participants did not
know the reason for the study was testing the effectiveness of nutrition warning labels. They
were given the option to remove their data from the study without affecting their compensation.
To avoid hypothetical bias, we give participants compensation with a value of $20, but we take
away the cost of a randomly selected grocery item from this compensation.
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Products from the categories that are selected for the participant to go home with were
added to an excel sheet for randomization5. At the beginning we told them that we had stock of
the items in the store and the item would be randomly selected. The participants go home with a
combined value of $20 including an item and the rounded-up change from purchasing this
randomly selected item. However, we told them at the end of the study that the items they would
go home with were limited to chips, yogurt, granola, and cookies for inventory freshness. For
example, if yogurt was chosen randomly the participant would go home with their yogurt ($2.25)
and monetary compensation of $18.00 (Initial compensation ($20) – value of yogurt (2.25) =
$18.00 (rounded up)). If the participant didn’t have any items from the four categories, they
would go home with the full $20.
Then the participant was asked to sign a receipt and be given a pamphlet about
community food security options. A heterogeneous sample in income level was desired with a
focus on community members from lower-socioeconomic households. For this reason, we
offered compensation of $3 for those who requested reimbursement for a transit ticket.

4.2 Descriptive Statistics
This section provides an overview of the data collected from our 201 participants over 7 weeks
of conducting the study. We provide descriptive statistics of the survey, purchase and eyetracking data.

5

We used the excel randomization function and used the number of items from the four categories as the bounds for
the randomization. For example, if a participant picked 3 items from the four categories, the randomization would
pick a number between 1 and 3.
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4.2.1 Survey Data
Forty-one percent of our participants were men, 46% in control and 35% in the treatment group.
Overall, women were more represented in our study. According to the Canadian Grocer
magazine, who uses Mintel statistics, forty percent of men report that they are the primary
grocery shopper in their household (Chan, 2015). While for the younger age group (18-29) we
are fairly close to a representative sample but between the ages of 30-59 we have
overrepresentation of females. Between ages 60-65 we have similar representation of females to
males.
Table 5. Age distribution of the sample
Percent Female in
our sample by age
group

National Average
of females by age
group

Percent of sample
in each age group

National
Average by
age group

18-24

50%

48%

20%

14%

25-29

44%

48%

18%

11%

30-39

67%

50%

17%

21%

40-49

67%

50%

18%

20%

50-59

72%

50%

18%

22%

60-65

56%

51%

9%

12%

Prefer not to
answer

0%

Age Groups

5%

Adapted from: Statistics Canada. Table 17-10-0005-01 Population estimates on July 1st 2019,
by age and sex.
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The age groups were split into 6 categories and prefer not to answer. The distribution is
as follows:18-24 (20%), 25-29 (18%), 30-39 (16.5%), 40-49 (18%), 50-59 (18%), 60-65 (9%),
and prefer not to answer (.5%). We have overrepresentation of young people (18-29) in
comparison to the proportion of the population between the ages of 18-65. We have
underrepresentation groups aged 30-65, however, they are close to the national representation.
Most of our sample (73%) did not have dependents under the age of 18. 27% of
participants had dependents under the age of 18 living in their home. Nearly 40% of our sample
live in two-person household. Figure 6 shows the distribution of household size in our sample.

Figure 6: Distribution of Household Size of the sample
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Figure 7: Annual 2018 Household Income (before tax)
The available data on income reported by economic family (including single member
households) in 2018 has broader income groupings than our sample (CANSIM 11-10-023701).
Nationally, 45.5% of Canadian households have annual before-tax income of less than $50,000.
In our sample, 39.3% of households claimed they made less than $50,000 before tax. 26.5% of
Canadian have incomes between $50,000-100,000, in our sample 25.3% of participants reported
incomes within that range. Only 18.9% of our sample makes above $100,000 a year whereas
28.2% of Canadian households made over $100,000 in 2018. We have a large percentage of
participants who chose to not answer the question (7.46%) or didn’t know (8.96%) their annual
income.
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As our income groupings do not allow a perfect comparison to national data, we also
looked at the percentage of low-income households by different definitions. Other definitions of
low income, like the Low Income Cut-off use household size and income to define who is low
income. For comparison, the national percentage of persons in economic households who were
below the LICO was 6.6% and the percentage of people between 18-64 is 11.4% (CANSIM-1110-0135-01). When comparing other possible income groupings, our sample overrepresents
persons who are below the low-income thresholds.
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Table 6. Income Groupings, comparing definitions
Household
Size

Low Income

LICO before

(Income <

tax 1992

25,000)

base, 2018

under LICO

Corresponding

LICO

income group

(under-

income group

(over-

representing)

3 persons

7
(3%)

4 persons

5
(2%)

$41,481

5 persons

3
(1%)

$47,046

6 persons

…

$53,061

7 persons

….

$59,076

…

2 persons

Low
Income

$22,324
$27,790

$34,165

Participants under

Corresponding

Less than
$25,000
Less than
$25,000
Less than
$25,000,
$25,000$34,999
Less than
25,000,
$25,000$34,999
Less than
$25,000,
$25,000$34,999,
$35,000 $49,999
…

1 person

14
(7%)
12
(6%)

Participants

19%

representing)

14
(7%)
12
(6%)

Less than $25,000

14
(7%)

Less than $25,000,
$25,000-$34,999

24
(12%)

9
(4%)

Less than $25,000,
$25,000-$34,999

9
(4%)

11
(5%)

Less than 25,000,
$25,000-$34,999,
$35,000 - $49,999

16
(8%)

4
(2%)

Less than $25,000,
$25,000-$34,999,
$35,000 - $49,999

4
(2%)

…

…

…

…

…

…

24%

33%

Source: Adapted from CANSIM 11-10-0241-01
Notes: For ease of recall for our participants we had the following income brackets, before tax.
We only asked participants the following household size questions: 1, 2, 3, 4, 5+. To sort
participants into the groupings we sorted into either under or over representation. Statistics
Canada provides ranges of qualifying for being under the Low-Income-Cut-Off based on
population sizes. Guelph has a population of 131,794 so it fits the LICO Table for populations of
100,000 - 499,999 people in urban areas.
Statistics Canada does not release educational attainment between ages 18-64, but they
do report statistics for Canadians between 25-64 (CANSIM- 37-10-0130-01). In 2018, 31% of
Canadians have highschool or below in comparison to only 17.7% of our participants who had
highschool or below. In comparison to our 3.5% of participants who had an apprenticeship
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training and trades diploma the national average is 10%. 48% of Canadians have a college
diploma or bachelor’s degree, whereas 55% had attained this level of education. Nationally, only
10% of Canadians have above a bachelor’s degree while 23.2% of our sample had above a
bachelor’s degree. 20.9% of our sample were currently students.
We use the Household Food Security Module (HFFSM) to measure food insecurity
within our sample. The HFFSM measures the food security of groups in the household by
separating the status for children and adults. The HFFSM includes questions related to
experiences in the household of food insecurity. They range in severity and every question
species the reason for insufficient food in the household. We have a high number of people who
identify as food insecure (29.3%) due to insufficient income. Most of the individuals (20.3%)
who are food insecure are moderately food insecure. However, 9% of individuals identify as
being severely food insecure. As mentioned previously, we did target low income areas to gain
representation from these groups who are often not included in grocery shopping surveys. It is
also likely that the financial incentive for these groups was more attractive than other groups
who may have seen recruitment advertisements. In 2018, 5.7% of Canadians were reported to be
moderately food insecure and 3% of Canadians reported being severely food insecure (CANSIM
13-10-0385-01).
Most participants (69%) were born in Canada and immigrants were split between recent
immigrants6 who have been living in Canada for less than 10 years (21%) and those who have

6

We define recent immigrant as being 10 years or less in Canada, this is similar to the Canadian
Community Health Survey definition of a recent immigrants using the duration since landing Lu,
C., and E. Ng. 2019. "Healthy immigrant effect by immigrant category in Canada." Health
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been living in Canada for longer than 10 years (10.6%). The majority (69%) of our sample
identified as White/European. Representation of other ethnicities in our sample are: 16% as
South Asian, 4% as Southeast Asian, 3% of mixed origins, 3% as other, 2% as Arab, 1.5% as
Latin American, 1% preferred not to answer, and 0.5% identified as Indigenous. We have an
overrepresentation of recent immigrants in our sample. Using the definition of living in Canada
for less than 5 years, the percentage of Canadians who were recent immigrants was 3% but the
overall percentage of Canadians who were not born in Canada was 21% (Statistics Canada,
2015). Although the definition of recent immigrant is different, we have about 10% more
Canadians not born in Canada in our sample than the national average. The Healthy Immigrant
Effect (HIE) has been well documented in Canada whereby immigrants arrive in Canada
healthier than the Canadian born population (Lu and Ng, 2019). As duration since landing
increases, immigrants’ health tends to deteriorate and approach Canadian born levels of health.

reports 30:3-11.. Recent immigrants are those who have been in Canada for 3 years or less and
medium-term immigrants who have been in Canada for 4-9 years.
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Figure 8: BMI of our sample by immigration status
Note: The data for BMI was calculated by self-reported weight and height collected from
participants. Prefer not to answer or Don’t Know indicate that participants preferred not to
answer or didn’t know their length of time in Canada.
Twenty-four percent of participants were overweight (25<BMI>29.9), 27% of
participants were obese (BMI >30), 49% were a healthy weight (BMI<24.9)7. In 2018, 35.57%
of Canadians were overweight and 26.8% were obese. Less of our participants were overweight
compared to the national average, by 10% but the same amount reported obesity. Health Canada
adjusts the self-reported values as participants tend to underestimate weight and overestimate

7

Sixteen participants (8%) either didn’t know their height and/or weight or preferred not to answer.
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height (CANSIM 13-10-0096-20). The 2005 study found that participants, on average, reported
inaccurate weight and heights resulting in a 1.1 percentile change in BMI (Statistics Canada,
2005). The degree to which self-reported data differed from measured data was more pronounced
on extreme sides of BMI. Underweight men tended to overestimate weight whereas obese
women underestimated weight. Females tended to report more inaccurate weight information.
The main finding was that the prevalence of obesity in measured data was 7 percentage points
higher than the prevalence using self-reported data.
Participants overall rated themselves as having high levels of nutrition knowledge, 22%
of participants rated themselves as being very knowledgeable and 56% rated themselves as being
somewhat knowledgeable. Only 6% of participants claimed they always used NFT while 26%
stated they used them most of the time and 53% stated they sometimes used NFT.
We used the nutrition vital signs survey to assess the nutritional literacy of our
participants (Mansfield, et al., 2018). The test focuses on numeracy skills with applications
tailored to current Canadian NFT8. 11% of participants have high likelihood of limited nutrition
literacy, 22.4% have the possibility of limited literacy, and 66.6% have a high likelihood of
adequate literacy. Our sample has higher than average nutrition literacy in comparison to the
Canadian population (Pfizer). The nutrition vital signs are typically administered by a nurse,

8

The Newest Vital Sign Nutrition Literacy survey has 6 questions, where each correct answer
merits a point:
“Score of 0-1 suggests a high likelihood (50% or more) of limited literacy.
Score of 2-3 indicates the possibility of limited literacy.
Score of 4-6 almost always indicates adequate literacy.” (Pfizer)
A copy of the questions is within our survey document in the appendix.
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however, Mansfield et al. (2018) find that the computer audio administered test performs as well
as the nurse administered test (Mansfield, et al., 2018). Participants self-administered the test as
they were already using the computer to answer survey questions. We recognize that this may
not be a validated indicator of nutrition knowledge, but it provides us with a practical estimate of
nutrition knowledge within our sample. In studies where the survey was self-administered in
low-income or adolescent groups literacy skills prevented completion of the survey (Linnebur
and Linnebur, 2018, Weiss, 2018). Despite criticism of the self-administered test some authors
maintain that their findings support the use of the self-administered test (Cuy Castellanos and
Holcomb, 2020, Linnebur and Linnebur, 2018).
Seventy-four percent of participants reported that they put effort into decreasing their
consumption of sugar. Fifty-three percent of participants reported that they put effort into
reducing their consumption of sodium. We do not have separate data of saturated fat avoidance,
however, 43% of participants put effort into consuming less fat and 55% put effort into reducing
trans fat levels.
Table 7. Participants’ level of effort in relation to consuming different nutrients
Calories
Carbohydrates
Fat
Transfat
Sugar
Sodium
Cholesterol
Dairy
Meat
Red Meat
Gluten

Less
44%
36%
43%
55%
74%
53%
36%
23%
32%
45%
26%

No effort
43%
52%
50%
42%
22%
45%
64%
55%
52%
44%
70%

More
10%
11%
7%
2%
3%
3%
21%
15%
8%
2%
64

Prefer not to answer
1%
1%
1%
1%
1%
2%
-

Other
3%
2%
1%
1%
2%
2%
-

Genetically
Modified Organisms
Organic

34%

63%

2%

1%

1%

7%

53%

39%

1%

2%

Zhu et al. (2015) find an inverse relationship between frequency of grocery shops and
healthfulness of consumers’ diets. The less frequently consumers grocery shop, the more likely
they will be buying less fresh produce and more non-perishable prepared food products. The
average number of grocery shopping trips across all types of stores is 10 trips a month. However,
we do not see a strong correlation (0.02) between number of shopping trips and BMI.

Figure 9: Shopping Trips per Month
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4.2.2 Eye Tracking
In order to evaluate attention to warning labels and NFT we compare attention across four
categories. We chose granola bars, potato chips, cookies, and yogurt as there is evidence that
consumers react to warning labels differently based on the perceived healthfulness of the
categories (Berning, et al., 2010, Grunert, et al., 2010, Teisl, et al., 2001).
Eye-tracking data was collected by two researchers9. The Areas of Interest (AOIs)
included, but were not limited to, NFT and warning label attendance. Tobii eye-tracking software
was used which enables the researcher to import videos of the shopping portion of the
experiment and map out areas of interest using photos of the packages in the store. An example
of the mapping areas is shown in Appendix A, Figure 13.
In our treatment group, 86% of participants noticed at least one warning label in one of
the four categories measured. Potato chip warning labels were least likely to be noticed (30%),
granola (54%), cookies (65%), and yogurt (48%). Three of the products (chips, cookies, and
granola bars) were in the same aisle, while yogurt was in a refrigerator in another section. We
did not control what aisle the participant began shopping in and as mentioned previously, the list
order was changed for each participant between 4 list combinations.

9

The author trained another researcher on the process of manual identification and set up the areas of interest. The
videos of shopping were split by the two researchers randomly. The researchers practiced evaluating videos together
and compared methods.
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Table 8. Total Time Spent Observing Warning Labels by Category
Warning Time

Mean (Seconds)

Std. Dev.

Min

Max

Cookie

0.21

0.48

0

3.32

Yogurt

0.25

0.81

0

6.04

Granola Bar

0.28

0.87

0

8.08

Potato Chip

0.13

0.75

0

9.46

Note: The time spent observing warning labels is an aggregate number of seconds per category
each participant looked at the warning label on products that qualified.
We also found that attention to NFT was longer in the treatment group which may
suggest that warning labels attracted attention to NFT. However, despite the difference in
absolute value, we find no statistically significant difference between average time observing
NFT between the control and treatment groups in the four products.
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Figure 10: Total Time Spent Observing Nutrition Facts Tables by Category

4.2.3 Descriptive Statistics of Basket Composition
For our main indicators of effectiveness, we tested the difference between the percentage of a
participants’ baskets that are high-in items and the number of items. There is a statistically
significant difference between the proportion of high in items in a basket (8%) and the number of
high-in items between the control and treatment groups (0.45 items). The proportion of high-in
items in the treatment group’s basket is 33% in the control group and 25% in the treatment group
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10

. The average number of high-in items in the treatment group is 4.03 items in comparison to the

control group average of 3.58 11.
Table 9: Basket Composition Summary
Variable
Number of Items
Number of Items above 15%
DV of Sat Fat
Number of Items above 15%
DV of Sugar
Number of Items above 15%
DV of Sodium
Number of labelled items per
basket
Proportion of ‘high in’ items
per basket
Calories per basket
Sugar per basket
Saturated Fat per basket
Sodium per basket
Price per basket

Std.
Obs. Mean
Dev.
Min
Max
201
13.18
6.41
1.00
36.00

Unit
Item
Item

201

1.07

1.10

0.00

4.00

Item

201

1.65

1.35

0.00

8.00

Item

201

1.08

1.32

0.00

7.00

Item

201

3.80

2.36

0.00

14.00

Percent
Average calories /
Serving Size
Avg. grams
/serving size
Avg. grams
/serving size
Avg. milligrams
/serving size
Dollars

201

0.29

0.15

0.00

1

201

109.02

23.59

0.00

187.14

201

7.43

3.40

0.00

21.33

201

0.79

0.37

0.00

2.00

201
201

125.90
3.44

47.36
0.46

10.00
2.13

390.00
4.99

10

We test the null hypothesis: “The average percent of ‘high in’ items in a basket are the same in the control and
treatment groups”. We can reject the null hypothesis with a high degree of significance (p-value of 0.0009) using the
Wilcoxon Rank Sum Test. The probability that baskets in the control group have a higher proportion of high in items
than the treatment group is 63.5%.
11

We test the null hypothesis: “The average number of ‘high in’ items in a basket are the same in the control and
treatment groups”. We can reject the null hypothesis with statistical significance (p-value of 0.051) using the
Wilcoxon Rank Sum Test. The probability that a basket in the control group has a higher number of high-in items is
57.9%.
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We found that there were no statistically significant differences in the average sugar per
serving size per basket, sodium per serving size per basket, saturated fat per serving size per
basket or average health score per basket12 between the control and treatment groups.
We used both a regular t-test and a Wilcoxon-Mann-Whitney test whether the groups had
equal means. The Wilcoxon-Mann-Whitney tests the hypothesis that two independent samples)
are from populations with the same distribution. It is common to use this test when there are two
groups representing a control and a treatment group (Agresti, 2003).

12

1.
2.
3.
4.

We tested the following null hypotheses:
“The average grams of sugar (per serving size) per basket are equal in the control and treatment groups.”
“The average grams of sodium (per serving size) per basket are equal in the control and treatment groups.”
“The average grams of saturated fat (per serving size) per basket are equal in the control and treatment groups.”
“The average health score (per 100 grams) per basket are equal in the control and treatment groups.”
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Younger participants (18-29) purchased fewer items overall. We did not find a correlation (0.00)
between number of items purchased and household size, although we expected number of items
purchased to increase with household size.

Figure 11: Average Number of Items purchased by age group

4.3 Data Features and Econometric Issues
Our main research question is whether demand for products high in specified nutrients changes
when the labels are applied. Thus, our main dependent variable is a binary variable (0,1). There
are 457 products in the grocery store and each product is treated as a decision so there are 457
decisions made by each participant. As a result, our choice data is constructed as panel data but
our descriptive statistics focus on each individual. For example, for blueberry yogurt purchases
we have 201 observations (1 product, 201 participants).
The linear probability model can be used with binary outcomes however it may result in
predicted probabilities outside the binary outcomes (Kennedy, 2010). An alternative to the linear
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probability model is to use either the binary logit or probit models. These models essentially
squeeze the estimated probabilities between 0-1 (Kennedy, 2010). Researchers used to use the
logit model because it was easier to compute, but computation is not an issue now. Kennedy
(2010) notes that the decision to use either model is a personal preference. However, Train
(2009) notes that if the probit model, which is normally distributed, is used then the price
coefficient is normally distributed which implies that some prices have a positive coefficient.
As we rely on survey data there are many issues we have to control for, or work within.
To ease the burden on our participants, we gave participants multiple choice questions. For
example, instead of asking participants an exact income level before tax we gave income
groupings to choose from. While this reduced burden for participants, the definition of ‘low
income’ is difficult given the income groupings respondents could choose from in the survey.
Similar issues are present for variables like age, education level, and employment status.
Variables in our analysis are likely highly correlated with one another. For example,
higher household size and having children are correlated. This type of issue is called
multicollinearity. Kennedy (2010) suggests multiple ways of detecting multicollinearity. First,
we test the correlation between the variables of interest using a correlation matrix. Most of the
variables that have correlations above .3 are those that are variations of one another, like
different estimates of being low income. However, we find that being a recent immigrant and the
low-income-cut-off (LICO) variables are correlated, being white and being a recent immigrant
are very strongly negatively related. Higher BMI and health conditions are also strongly related.
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We would be remiss if we did not acknowledge the presence of selection bias in our
study. As we cannot observe every characteristic of our participants the unobservable
characteristics of our participants may affect both the dependent variable and other decisions
they make (Kennedy, 2010). Participants make a choice to participate in our study, this results in
self-selection bias as participants were not randomly selected from the whole city of Guelph
population. Participants likely either value research enough to take time out of their day to
participate or they value the financial incentive enough to participate. Additionally, as our data is
experimental there was significant interaction between the researcher and participant. It is
worthwhile noting that usually while grocery shopping shoppers do interact with a cashier at the
end of a grocery trip, with exceptions. We only interact with the participant at the beginning of
the experiment, setting up the survey, and at the end for compensation. We left the room while
the participant was shopping as to not affect the shopping experience. The only difference
between the control and treatment groups is the labels being applied to products that qualify.

4.4 Chapter Summary
The data was collected over 7 weeks in a mock-grocery store environment. There were 201
participants and they were split between control (n=99) and treatment (n=102). Participants
shopped while wearing eye-tracking glasses and then completed a survey. They were
compensated $20 but had to pay for one of the items from their basket.
There was an overrepresentation of women (60%) in our sample compared to the national
average. We have overrepresentation of young people (18-29) in comparison to the proportion of
the population between the ages of 18-65. Our sample overrepresents persons who are below the
low-income thresholds and have a large proportion of people who are food insecure. The sample
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overrepresents those with educational attainment above a bachelor’s degree and those not born in
Canada. In comparison to the national average, less of our sample was obese or overweight
although these data were self-reported. 32% of our sample reported using NFTs most of the time
or always. 78% of our sample reported themselves as being very knowledgeable or somewhat
knowledgeable about nutrition. In contrast, using a self-administered nutrition literacy tool
survey, only 66.6% of the sample has a high likelihood of adequate nutrition literacy.
Eye-tracking data was collected for attendance to NFT and warning labels in 4 categories
(cookies, chips, granola bars, and yogurt). In the treatment group, 86% of participants noticed at
least one warning label across the four categories. Granola bars had the highest average length of
time observing NFTs. We find no statistically significant difference between average time
observing NFT between the control and treatment groups in the four products.
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5 Binary Choice Empirical Model, Methods and Results
5.1 Introduction
Our primary research question is whether the labels reduce demand for foods ‘high in’ sugar,
saturated fat, and/or sodium. To answer this question, we use a binary dependent variable of
buy/no buy for foods that merit a label. We expand on our base model by checking different
interaction effects to see how different group segments react to the label. In this section we also
compare demand for ‘high in’ products between the control and treatment groups in 8 specific
product categories that vary in levels of perceived healthfulness.

5.2 Empirical Specifications
Does the warning label deter people from purchasing products that are ‘high in’ sugar, sodium,
or saturated fat? Do all people react to the label in the same way? We use survey data coupled
with purchase data obtained in our study to answer these questions.
We control for variables that were identified as important determinants of
obesity/overweight levels and healthfulness of food choices. Socio-economic variables influence
obesity levels. Socio-economic status is inversely related to physical health of women but does
not show a clear relationship for men. The variables included in the empirical specifications are
explained in Table 10, along with their expected signs.
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Table 10. Variables and their expected signs
Control Variables

Treatment
Female
Low Income
(<25,000)
Low Income Cut Off
(LICO) LOW
Low Income Cut Off
(LICO) HIGH

Type of
Variable

Variable

Dummy (0,1)
Dummy (0,1)
Dummy (0,1)

1 – if in
treatment group
Female = 1
Low income = 1

Dummy (0,1)

Low income = 1

Dummy (0,1)

Low income = 1

Dummy (0,1)

Young (18-29)
=1
Fulltime
employment = 1
Dependents
under age 18 =
1
Immigrant (< 10
years)
Canadian
Dollars / unit
1-7

Young (18-29)
Dummy (0,1)
Fulltime
Dummy (0,1)
Dependents ( < 18)
Immigrant (< 10
years)

Dummy (0,1)
Continuous

Price
Nutrition Literacy
Score
Numeracy
Highschool or below

Positive
integer
Positive
Integer
Dummy (0,1)
Positive
Integer

Adult Food Insecurity
Score
Sugar Reduction
Effort

Dummy (0,1)

Sodium Reduction
Effort

Dummy (0,1)

Average across
8 questions
Highschool or
below = 1
10 item scale
(0- not at all
food insecure to
10- more food
insecure)
Effort to
decrease sugar =
1
Effort to
decrease sodium
=1
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Expected sign (Buy)
1- If purchase an item

Expected Sign
(Buy High In)
1 – if purchase
an item ‘high
in’ 0- if else

?

-

+

-

-

+

-

+

-

+

?

?

?

+

+

?

?

-

-

-

?

?

?

?

?

+

-

?

?

-

?

-

Fat Reduction Effort
Trans-fat Reduction
Effort

Dummy (0,1)

Dummy (0,1)
Dummy (0,1)

Mostly or Always use
NFT
Never use NFT

Dummy (0,1)
Continuous

Time spent reading
NFT within category
Continuous

Time spent reading
warning label within
category

Effort to
decrease fat = 1
Effort to
decrease transfat
=1
Report using a
NFT most of the
time or always
=1
Report never
using a NFT = 1
Time spent
observing the
NFT in the
given category
in seconds
Time spent
observing the
warning label in
the given
category in
seconds

?

-

?

-

?

-

?

+

?

-

?

-

5.3 Model Specification
Following our conceptual framework, we assume consumers choose products that maximize
their utility. The logistic model is often associated with the random utility model whereby a
consumer picks the alternative that maximizes their utility (Kennedy, 2010, Train, 2009). We
follow the Random Utility Model which connects to our conceptual framework roadmap outlined
in chapter 3. The Random Utility Model is often used as the basis for the logit model (Train,
2009).
The following specification uses the main logit model as an example of the empirical
model we use to address our hypotheses. However, we adjust the model to answer other research
questions.
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In the logistic model the probability of buying is given by:

𝑝𝑟𝑜𝑏(𝑏𝑢𝑦) =

𝑒 𝑥𝑖𝑗𝛽
1 + 𝑒 𝑥𝑖𝑗 𝛽

Where:
•

i refers to a participant

•

j refers to purchasing an item

•

β refers to the coefficient estimates

•

x refers to the variables

Then the probability of not buying a product:

Prob(no purchase) = 1 - 𝑝𝑟𝑜𝑏(𝑏𝑢𝑦) =

1
𝑥 𝛽
1+𝑒 𝑖𝑗

The likelihood function is formed as:

𝐿 =∏
𝑗

𝑒 𝑥𝑖𝑗 𝛽
1+𝑒

𝑥𝑖𝑗 𝛽

𝑙

Where:
•

i refers to a participant

•

j refers to purchasing an item

•

l refers to an item not purchased

•

β refers to the coefficient estimates

∏
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1
1 + 𝑒 𝑥𝑖𝑙𝛽

•

x refers to the variables

Then we must maximize the likelihood with respect to the vector 𝛽 to get the maximum
likelihood estimate (MLE) of 𝛽 to get the probability of buying product j for the ith participant.
The probability of a buying product is given by:

𝑒

𝑥𝑖𝑗 𝛽 𝑀𝐿𝐸

1+𝑒

𝑥𝑖𝑗 𝛽 𝑀𝐿𝐸

Then the above formulas show that:
𝑝𝑟𝑜𝑏(𝑏𝑢𝑦)
= 𝑒 𝑥𝛽
𝑝𝑟𝑜𝑏(𝑛𝑜 𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒)
Taking the ln of the above formula provides the log-odds ratio:
𝑝𝑟𝑜𝑏(𝑏𝑢𝑦)
𝑙𝑛 [
] = 𝑋𝛽
𝑝𝑟𝑜𝑏(𝑛𝑜 𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒)

The XB function, above, is the value of the beta coefficients on each variable, we use the below
equation which includes our variables as the two are interchangeable.
𝑝𝑟𝑜𝑏(𝑏𝑢𝑦)𝑖𝑗
= 𝑒 𝛽0+𝛽1𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡+ 𝛽2𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 ∗ 𝐻𝑖𝑔ℎ 𝐼𝑛 𝐴𝑛𝑦 +
𝑝𝑟𝑜𝑏(𝑛𝑜 𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒)𝑖𝑗

𝛽3 𝑋+𝛽4 𝑃𝑟𝑖𝑐𝑒 + 𝛽5 𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑦+𝜀

The more common way of showing the likelihood equation for purchasing is below:
Logit P(Y=1)ij= 𝑎 + 𝛽1 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑖𝑗 + 𝛽2 (𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 ∗ 𝐻𝑖𝑔ℎ 𝐼𝑛 𝐴𝑛𝑦)𝑖𝑗 + 𝛽3 𝑋𝑖 +
𝛽4 𝑃𝑟𝑖𝑐𝑒𝑗 + 𝛽5 𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑦𝑗 + ϵ𝑖𝑗
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Where:
•

i represents participant ‘i’ i = 1, 2, … 201

•

j represents product ‘j’ j= 1, 2, … 457

•

Y = 1 is when a product is purchased

•

Treatment is an indicator for a participant in the treatment group;

•

Treatment × “High-In” Any is the interaction between being in the treatment group and
buying a product with any ‘high in’ label

•

X is a vector of individual characteristics such as demographic variables;

•

Price is the price of each item;

•

Category is a vector of dummy variables for each food category

•

ε is a mean-zero error term, clustered at the individual level.

•

Betas (βs) are the parameters to be estimated.

Note that, in the main results, each observation is an individual choice. As there are 201
individuals and 457 products to choose from, there are 201 × 457 = 91,857 total observations.
The results from the logit model can be interpreted but using the marginal effects at the means
provides greater ability to interpret the magnitude of changes. As we believe that choices made
by each individual are correlated, we cluster the standard error by each participant.
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5.4 Binary Logit Regression Results (Buy)

Using the logit model described previously, we estimate the probability that a participant will
buy any product. The predicted probability of buying a product on any given choice is 2.8%,
again this is of 457 choices. Regressions one through three compare different definitions of being
low income, as were explained in the data section. The fourth regression shows a comparison
between the different types of high in labels using three most common types of labels, as only 8
items were high in more than one nutrient. The fifth regression uses amount of nutrient in the
food per serving size.
Our main model shows that mandatory FoP warning label has its intended effect: the
negative and significant coefficient estimate on the interaction term (Treatment x ‘High-in’
Any), in regressions 1-3, indicates that the warning labels discourage the purchases of ‘high-in’
products significantly more so compared to the purchases of ‘not high-in’ products. We cannot
interpret the marginal effects of high-in products in the treatment group as calculating marginal
effects of interaction terms give imprecise estimates (Williams, 2012). Zhu et. al employed a
similar method to evaluate the impact of the treatment on buying heathier items, although they
use a mixed logit model to investigate heterogeneity among their households (Zhu, et al., 2015).
Results are consistent across columns (1) through (3), indicating that using different
classification criteria for ‘low income households’13 does not change coefficients’ sign or

As mentioned in the data management portion of this thesis, the definition of ‘low income’ is
difficult given the income groupings respondents could The Low Income Cut Off (LICO) that
takes into account household size but may underrepresent the proportion of ‘low income’
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significance level. None of the low-income variables are statistically significant, although we
expected that lower-income participants would be less likely to make purchases.
When looking at the effectiveness of specific labels (column 4), products with a saturated
fat label in the treatment group are less likely to be purchased. However, in comparison with the
grams per serving size (column 5), the treatment seems to reduce likelihood of purchase for
items high in saturated fat and sugar. These outcomes show that participants were more deterred
by items with ‘High In Saturated Fat’ labels (Column 4) than other high in labels. Additionally,
participants in the treatment group were less likely to purchase items with higher saturated fat or
sugar per serving size.
Women are more likely to make purchases in all models (columns 1-5). As women are
more likely to be primary shoppers, they may be more comfortable shoppers and purchase more
(Chan, 2015). Recent immigrants (<10 years) are less likely to purchase items, this may be due
to the store mostly carrying processed foods products. Recent immigrants are less likely to be
overweight or obese, so they may have less interest in processed foods in the store (McDonald
and Kennedy, 2005).Young (18-29) participants are less likely to purchase an item in all models
(columns 1-5), this may be due to the negative correlation between being young and having a
larger household size14.

participants (refer to Income Groupings Table on page 53). The second regression uses the
arbitrary threshold not dependent on household size of incomes under $25,000. The third uses
the Low Income Cut Off (LICO) that takes into account household size but may overrepresent
the proportion of ‘low income’ participants (refer to Income Groupings Table on page 53).
14
Larger households are more likely to purchase more items but household size is highly
correlated with having dependents so it could not be included in the regression simultaneously.
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Economic theory would suggest that as price increases, likelihood of purchase would
decrease. We predicted that price would have a negative and significant coefficient estimate.
However, price has negative coefficient estimates that are not significant in any setting. We
controlled for food category dummies, which may offer a partial explanation behind the nonsignificance of price.
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Table 11. Regressions with ‘Purchase’ as the dependent variable
Treatment

(1)
0.003
(0.066)

(2)
0.001
(0.066)

(3)
-0.001
(0.066)

-0.007
(0.072)

-0.007
(0.072)

-0.007
(0.072)

High In Saturated Fat
High In Sugar
High In Sodium
High In Saturated Fat Sugar
High In Saturated Fat Sodium
High In Sugar Sodium
High In Any
Treatment x High In Sodium

Treatment x High In Sugar

Female
Recent Immigrant (<10 years)
Young
Highschool Or Below

(5)
0.107
(0.084)

-0.089
(0.109)
-0.292**
(0.135)
-0.138
(0.165)

Treatment x High In Satfat

Treatment x High In Any

(4)
-0.014
(0.067)
0.182
(0.111)
-0.110
(0.149)
-0.158
(0.112)
-0.261
(0.275)
-0.114
(0.270)
-0.487**
(0.248)

-0.213***
(0.081)
0.144**
(0.065)
-0.295**
(0.116)
-0.252***
(0.073)
0.144
(0.090)
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-0.213***
(0.081)
0.148**
(0.064)
-0.282**
(0.117)
-0.254***
(0.073)
0.147
(0.089)

-0.213***
(0.081)
0.139**
(0.065)
-0.281**
(0.117)
-0.254***
(0.073)
0.154*
(0.088)

0.144**
(0.065)
-0.295**
(0.116)
-0.252***
(0.073)
0.144
(0.090)

0.144**
(0.065)
-0.295**
(0.116)
-0.252***
(0.073)
0.144
(0.090)

Price
Fulltime
Children
Income Low

-0.006
(0.016)
0.062
(0.066)
0.052
(0.074)
-0.060
(0.091)

-0.006
(0.016)
0.058
(0.067)
0.059
(0.073)

Low Income Cut Off Low

-0.006
(0.016)
0.043
(0.068)
0.060
(0.073)

-0.005
(0.016)
0.062
(0.066)
0.052
(0.074)
-0.060
(0.091)

-0.008
(0.016)
0.062
(0.066)
0.052
(0.074)
-0.060
(0.091)

Yes
-4.179***
(0.193)
91,857

0.056*
(0.033)
0.006
(0.005)
-0.000
(0.000)
-0.000
(0.000)
-0.068**
(0.031)
-0.014**
(0.006)
Yes
-4.217***
(0.200)
91,857

-0.070
(0.087)

Low Income Cut Off High

-0.097
(0.081)

Saturated Fat (g) / Serving
Sugar (g) / Serving
Sodium (mg) / Serving
Treatment x Sodium Milligrams/ Serving
Treatment x Satfat grams/ Serving
Treatment x Sugar grams/ Serving
Control for Category
Constant
Observations

Yes
-4.172***
(0.194)
91,857

t statistics in parentheses
*
p < .10, ** p < .05, *** p < .0
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Yes
-4.170***
(0.194)
91,857

Yes
-4.145***
(0.194)
91,857

5.4.1 Binary Logit Regression Results (Buy High In)
Due to the nature of the previous logit regression results, only the signs and significance of the
variables can be interpreted. For this section of the analysis, we adapt the model to estimate the
effects of the treatment on the probability of buying a ‘high in’ item. We use the predicted
means, Table 12, to estimate the effect that the treatment has on probability of buying a ‘high in’
item.
Table 12. Predicted Means
Category

Predicted Mean (Buy High In)

Overall

0.0083173

Yogurt (2008)

0.0591

Juice (1100)

0.01866

Soda (2002)

0.0055

Tomato Sauce (2005)

0.0123194

Cookies (1009)

0.0146144

Dairy (1040)

0.02377

Granola (1060)

0.0076

Potato Chips (1800)

0.0185
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Table 13, below, shows the results with an alternative dependent variable than used in the
previous chapter. This chapter uses ‘Buy High In’ as the dependent variable, which is 1 if one
buys a ‘high in’ product, and 0 otherwise.
Across all three regressions (Columns 1-3 in Table 13) the treatment has a negative,
significant effect (5% level) on purchases of ‘high in’ products. In order to evaluate the
magnitude of effects we use the marginal effects at the means. Table 14, below, shows the results
with the marginal effects at the means. The overall effect of the treatment on likelihood of
purchasing a ‘high in’ product in models 1-3 in Table 14 are a 17.79%, 17.67%, and 18.03%15
decrease respectively, all statistically significant at the 5% level.
Being young (18-29) has a negative significant (10%) effect on purchases of ‘high in’
products in regressions 1-3. We find that across all models being young (ages 18-29) decreases
the likelihood of buying a ‘high in’ product. Currently there aren’t many studies that focus on the
difference in ‘high in’ product purchases across age categories, likely due to a lack in variation in
sampling (Van Herpen and Van Trijp, 2011). Although, older age and higher BMI are associated
with a greater amount of sugar purchased per bundle (Ang, et al., 2019).
Likewise, being an immigrant decreased the likelihood of purchasing a ‘high in’ item
across all three models. This is expected as recent immigrants (<10 years) have lower obesity
levels as they are new to the Canadian grocery store environment. We didn’t include being a

For example, the first number (17.79%) was calculated: Baseline probability of buying a ‘high in’ product is
0.08%. The coefficient estimate on ‘treatment’ is 0.148 percentage point decrease from the baseline of 0.08%. Thus,
this indicates a 0.148/0.08 = 0.1779% decrease in the likelihood of buying a ‘high in’ product.
15
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recent immigrant and being white in the same model because they are highly negatively
correlated (-0.66); most recent immigrants in our sample were not white. Previous literature has
stated that recent immigrants have lower obesity levels and attribute this difference to the
Canadian obesogenic food environment (McDonald and Kennedy, 2005). In other models, we
found that being an immigrant for greater than 10 years did not have the same negative effect on
likelihood of purchasing high in products. Thus, we find that our findings for immigrant status
line up with literature on immigrants adapting to the food environment.
In all variations of our models we find that price is always statistically significant and
negative. As price is negative, significant, there is a lower likelihood of purchasing high in
products with higher prices. This confirms economic theory.
Lower socio-economic status is associated with a higher likelihood of obesity (Alston and
Okrent, 2017, Senate-Commitee, 2016). Regressions 1-3 do not show that being low income or
having a high school education or below affect the likelihood of purchasing a high in product.
We do not find that being low-income is statistically significant in our models, columns (1)
through (3) use the same set of different criteria for low income that were used in the previous
model specification and that the results are stable across different definitions. Previous literature
has shown that labels are less effective for low income participants (Ducrot, et al., 2016).
We expected that employment may have an effect on purchases as fulltime employment
may signify less time to shop or prepare meals. Additionally, we expected that having children
may also influence consumption choices. Neither of these variables were statistically significant.
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Table 13. Logit Model with differing levels of low-income, dependent variable “high in”

Variables
Treatment
Low Income (<25,000)
Female
Young (18-29)
Fulltime Employment
Dependents (<18)
Recent Immigrant (<10 years)
Highschool education or below
Price

(1)
Buy High In

(2)
Buy High In

(3)
Buy High In

-0.187**
(0.088)
-0.049
(0.123)
0.094
(0.085)
-0.183*
(0.100)
0.087
(0.090)
0.055
(0.106)
-0.296**
(0.127)
0.167
(0.119)
-0.109***
(0.024)

-0.186**
(0.088)

-0.190**
(0.087)

0.093
(0.085)
-0.183*
(0.100)
0.095
(0.090)
0.059
(0.103)
-0.296**
(0.133)
0.160
(0.119)
-0.109***
(0.024)
-0.012
(0.113)

0.090
(0.085)
-0.185*
(0.100)
0.073
(0.091)
0.061
(0.103)
-0.287**
(0.130)
0.174
(0.117)
-0.109***
(0.024)

Low Income Cut Off - Low
Low Income Cut Off - High
Constant

Observations

-4.337***
(0.138)

-4.346***
(0.137)

-0.075
(0.104)
-4.316***
(0.141)

91,857

91,857

91,857

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 14. Marginal Effects at the means

Treatment
Low Income (<25,000)
Female
Young (18-29)
Fulltime Employment
Dependents (<18)
Recent Immigrant (<10
years)
Highschool education
or below
Price

Low Income
(<25,000)

Low Income Cut
Off Underrepresenting

Low Income Cut
Off –
Overrepresenting

-0.00148**
(-2.18)
-0.000379
(-0.40)
0.000737
(1.12)
-0.00141*
(-1.87)
0.000695
(0.97)
0.000436
(0.51)
-0.00215**

-0.00147**
(-2.16)

-0.00150**
(-2.22)

0.000724
(1.10)
-0.00141*
(-1.86)
0.000756
(1.05)
0.000472
(0.57)
-0.00215**

0.000700
(1.06)
-0.00143*
(-1.88)
0.000579
(0.79)
0.000487
(0.58)
-0.00208**

(-2.54)
0.00139

(-2.42)
0.00133

(-2.39)
0.00145

(1.33)
-0.000857***
(-4.50)

(1.28)
-0.000857***
(-4.50)
-0.0000963

(1.41)
-0.000857***
(-4.51)

Low Income Cut Off Low

(-0.11)
Low Income Cut Off High
N

-0.000585

91857

91857

t statistics in parentheses
*

p < .10, ** p < .05, *** p < .01
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(-0.73)
91857

5.4.2 Logit Model with various treatment interaction terms

In addition to the results in the previous section, we wanted to establish a deeper understanding
of whether different population groups respond the similarly to the labels. Due to the properties
of the logistic regression, we cannot interpret the marginal effects for interaction terms with
confidence (Williams, 2012). For this portion of the analysis, we interpret the results for the logit
regressions, but we cannot interpret the marginal effects for the treatment-interaction terms as it
is analogous to taking the second derivatives of the equation16. This is an issue because it
becomes difficult to separate out the effects and practitioners state that the results are not reliable
(Williams, 2012). In these model sets we continue to cluster the standard error by each
participant.
In regression 1, when we interact the treatment effect with being low income, we see a
positive effect on demand for ‘high in’ items. This may show that low income participants did
not have an aversion to high in foods and rather the label made them more attractive17, this
reaction to warning labels is not uncommon (Berning, et al., 2010, Bushman, 1998). In contrast,
regression (2) shows that the interaction term for food insecure adults has a negative effect on
likelihood of purchasing ‘high in’ foods.
Having dependents increases the likelihood of buying products ‘high in’ but those with
children in the treatment group had a decreased likelihood of buying products ‘high in’

16

Two of the regressions do not include interaction terms and can be found in Appendix A for reference as Table
16.
17
When using the Low Income Cut Off (LICO) definition, there was no statistical significance when treatment was
interacted with lico-low or lico-high.
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(regression 3). Participants with dependents (<18) had decreased likelihood of purchasing ‘high
in’ products when we controlled for participants with dependents in the treatment group
compared to other groups. Prior literature has not specifically tested the impact of having
children on reaction to labels but Zhu et al. (2016) found that smaller households and those who
shop less frequently were more susceptible to nutrition information cost changes18.
Nutrition literacy score, although an imperfect measure, did not have an impact on
purchasing ‘high in’ items. We hypothesized that better nutrition literacy scores would decrease
likelihood of purchasing a high in item and that if the labels decreased the importance of
nutrition literacy this effect would disappear. The nutrition literacy score tests participants
numeracy skills applied to nutrition information. In treatment groups for a simplified NFT in the
USA the subjective numeracy score19 became less important for comprehension (Grebitus and
Davis, 2019).
We used self-reported use of NFT as a proxy for interest in nutrition information
(regressions 5-9). Those who reported that they always or mostly looked at NFT had an 18%
decrease in the likelihood of purchasing a ‘high in’ item (regression 5). The interaction effect
between high self-reported NFT usage and being in the treatment group resulted in a decreased

18

We tested a model with the interaction term of treatment x frequency of shopping trip/month and household size x
treatment (excluding young as household size & young are highly negatively correlated) and did not find this result.
19
The Subjective Numeracy Score is a set of validated questions that asks participants to rate their abilities and
preferences when dealing with numerical information (Fagerlin et al. (2007). The subjective test is meant to replace
lengthy, computationally intensive objective numeracy tests. Subjective numeracy was found to be highly correlated
with objective numeracy performance. Our study also included the Subjective Numeracy questions, but we did not
find that numeracy skills predicted choice. The subjective numeracy questions are included in our survey in the
appendix. Fagerlin, A., B.J. Zikmund-Fisher, P.A. Ubel, A. Jankovic, H.A. Derry, and D.M. Smith. 2007.
"Measuring numeracy without a math test: Development of the subjective numeracy scale." Medical Decision
Making 27:672-680.
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likelihood of purchasing a ‘high in’ product. Interest in nutrition labels has been shown to
increase effectiveness of FoP labels20 (Bialkova, et al., 2014, Graham and Jeffery, 2012, Grunert,
et al., 2010).
We do not see that warning labels affected people who reported never using NFT
(regression 7). Health Canada has the hopes that the warning label would change behaviour for
those who are not interested in nutrition information by attracting attention to the information.
However, we do not find that those who report they never look at NFTs in the treatment group
have a lower likelihood of purchasing a high in product (regression 8).

20

We had also asked questions about whether participants had tried to consume more or less of different nutrients or
products. We did not find an effect of whether participants reported trying to consume less sugar, sodium, trans fat
or total fats on their reaction to the warning labels.
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Table 15. Logit Model with Interaction Terms – Buy High In Dependent Variable
Treatment
Low Income (<25,000)
Female
Young (18-29)
Fulltime Employment
Dependents (<18)
Recent Immigrant (<10 years)
Highschool education or below
price

(1)
-0.261***
(0.092)
-0.217*
(0.126)
0.081
(0.085)
-0.203**
(0.098)
0.095
(0.088)
0.050
(0.103)
-0.271**
(0.121)
0.200*
(0.120)
-0.109***
(0.024)

Adult Food Insecurity
Treatment x Adult Food Insecurity
Treatment x Low Income

(2)
-0.111
(0.101)
-0.064
(0.132)
0.119
(0.086)
-0.163*
(0.099)
0.094
(0.089)
0.072
(0.105)
-0.303**
(0.127)
0.163
(0.119)
-0.109***
(0.024)
0.027
(0.021)
-0.056*
(0.033)

(3)
-0.069
(0.104)
-0.027
(0.125)
0.077
(0.083)
-0.166*
(0.098)
0.094
(0.088)
0.256**
(0.119)
-0.310**
(0.125)
0.154
(0.117)
-0.109***
(0.024)

(4)
-0.140
(0.265)
-0.046
(0.123)
0.091
(0.087)
-0.191*
(0.102)
0.088
(0.089)
0.053
(0.112)
-0.276**
(0.132)
0.169
(0.118)
-0.109***
(0.024)

(5)
-0.186**
(0.086)
-0.046
(0.123)
0.112
(0.087)
-0.186*
(0.099)
0.082
(0.087)
0.041
(0.102)
-0.324**
(0.133)
0.155
(0.120)
-0.109***
(0.024)

(6)
-0.096
(0.104)
-0.050
(0.119)
0.102
(0.087)
-0.189*
(0.099)
0.073
(0.087)
0.051
(0.102)
-0.317**
(0.129)
0.153
(0.116)
-0.109***
(0.024)

-0.197**
(0.093)

-0.047
(0.122)
-0.313*
(0.168)

(7)
-0.188**
(0.088)
-0.048
(0.123)
0.092
(0.089)
-0.182*
(0.099)
0.088
(0.089)
0.055
(0.106)
-0.294**
(0.128)
0.167
(0.119)
-0.109***
(0.024)

(8)
-0.171*
(0.091)
-0.053
(0.123)
0.092
(0.089)
-0.184*
(0.098)
0.082
(0.088)
0.057
(0.106)
-0.303**
(0.128)
0.164
(0.119)
-0.109***
(0.024)

-0.013
(0.139)

0.041
(0.149)
-0.163
(0.318)
-4.338***
(0.142)
91,857

0.395*
(0.222)

Treatment x Dependents

-0.386**
(0.176)

Nutrition Literacy Score

0.021
(0.039)
-0.011
(0.059)

Treatment x Nutrition Literacy Score
Mostly/Always use NFT
Treatment x Mostly/Always use NFT
Never use NFT
Treatment x Never use NFT
Constant
Observations
t statistics in parentheses

-4.297***
-4.402***
(0.136)
(0.142)
91,857
91,857
*
p < .10, ** p < .05, *** p < .01

-4.391***
(0.141)
91,857
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-4.421***
(0.214)
91,857

-4.275***
(0.131)
91,857

-4.311***
(0.133)
91,857

-4.334***
(0.142)
91,857

5.5 Analysis by food category
In addition to interpreting the general results, we analyze the results with the dependent variable
‘buy high in’, using the subsamples of specific food categories. Regressions 1-16 do not show
an overall treatment effect across many of the categories. Our hypothesis was that participants
would be more sensitive to labelling on items that they perceived as being healthy as they would
be surprised. Although we did not measure perceptions of food items, we used previous literature
to form this hypothesis (Acton, et al., 2018, Araya, et al., 2018, Ares, et al., 2018, Berning, et al.,
2010, Kiesel and Villas-Boas, 2013, Teisl, et al., 2001). We include eye-tracking data in the
analysis for four food categories (granola bars, chips, cookies, and yogurt). We hypothesized that
these categories would exhibit the differences in responses to warning labels the best and
prioritized collecting gaze duration and fixation data for these categories. Duration and fixation
data aids in increasing the observable characteristics known to the researcher, as explained in the
conceptual framework.
For the categories of juice, soda, tomato sauce, granola bars, and cookies we control for
brand. We were unable to control for brand of yogurt (regression 1-3) and Potato Chips (11-13)
as brand and price are perfectly correlated in our sample, so we control for flavour instead. For
chocolate milk, the brand was constant across all three options but the price was different for
each flavour so we only controlled for price. We collected the data for time spent looking at NFT
and warning labels in four categories (yogurt, cookies, chips, granola bars).
The dairy industry is particularly worried about the warning labels’ effect on demand for
yogurt and chocolate milk (Lunn, 2017). We included these items so we could estimate the
potential impact on demand for these items. Contrary to our expectations, we find that the
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treatment does not have a negative effect on likelihood of purchasing yogurt that is ‘high in’
(Regressions 1-3). This could be for a few reasons 1) out of the 8 types of yogurt, only 1 did not
qualify for a label (Astro Blueberry Yogurt), so there may have not been enough variety for
substitution, 2) participants did not care about the label on the yogurt. Interestingly, we found
that increased time reading NFT for yogurt increased the likelihood of purchasing a high in item.
Other literature has found that likelihood of purchasing unhealthier yogurts increased in
comparison to healthiest yogurts when a label was applied (Boztuğ, et al., 2015). Of interest to
the dairy industry, we found that the treatment had a statistically significant reduction in
likelihood of purchasing chocolate milk (Regression 7) by 50%. Early research on nutrition
labelling in the 1980s found that warning labels on milk increased purchases of healthy milk
(Teisl, et al., 2001). Acton and Hammond (2018) find that participants’ perceptions of
healthfulness of chocolate milk are greatly altered by nutrition labels in comparison to
nutritionally unambiguous categories. In both the yogurt and milk categories price has a
negative, significant coefficient in all regressions.
Participants reacted very strongly to warning labels on juice (regression 4). The warning
label on juice resulted in a 43.5% reduction in likelihood of buying a high in juice. Those with
dependents were more likely to buy juice, which is expected, however, we also find that when
interacting treatment and having dependents there was a significant negative effect on likelihood
of buying a high in juice. Warning labels were found to be effective in correcting healthfulness
perceptions for juice in other studies (Araya, et al., 2018, Ares, et al., 2018). In contrast, the label
had no statistically significant effect on buying high in sodas (regression 5). This finding may
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support the hypothesis that participants may react more strongly to items they perceive to be
healthy.
The demand for tomato sauce (regression 6), that is high in sodium, decreased by 12% as
a result of the treatment. There has not been previous research, to our knowledge, on reaction to
warning labels on tomato sauce however, tomato sauce likely falls into the ambiguous category
for healthfulness.
Surprisingly, the likelihood of purchasing a ‘high in’ granola bar was unaffected by the
treatment (regressions 8-10). There has not been prior research on demand for granola bars with
nutrition labels, but we had assumed that they would be considered an nutritionally ambiguous
item or that the label would be surprising. Being low-income decreases likelihood of purchasing
a high in granola bar. Price has a positive and significant coefficient for being choosing a ‘high
in’ granola bar. This may be because the more expensive granola bars were more likely to have
saturated fat labels due to containing nuts (more expensive bars were more likely to be high-in).
The likelihood of purchasing potato chips is shown in regressions 11 and 12. Being a
recent immigrant (<10 years) has a negative effect on likelihood of purchasing potato chips but
other variables are not statistically significant. When looking at the eye tracking data (regression
5), we see that time spent observing NFT and warning labels have a positive effect on likelihood
of purchasing. Each additional second observing NFT and/or warning labels increases the
likelihood of purchasing a ‘high in’ product by 36% and 40%, respectively. This result supports
that participants may use nutrition information as an indicator of taste, where more unhealthy
items are more appealing (Berning, et al., 2010). We could not test the interaction between
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treatment*nft in this model as treatment and time spent observing warning labels were highly
correlated.
We also collected eye tracking data from the cookie category. We controlled for brand in
all regressions, there are 8 brands and 16 types of cookies. Higher prices decrease the likelihood
of purchasing a high-in cookie. In contrast to potato chips, each second increase in time spent
observing NFT decreases likelihood of purchasing a high in cookie by 33.5%. Average time
spent observing warning labels did not have a statistically significant effect on likelihood of
purchasing a high-in cookie.
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Table 16. Analysis by food category – Dependent Variable is Buy High In

Treatment
Low Income
(<25,000)
Female
Young (18-29)
Fulltime Employment
Dependents (<18)
Recent Immigrant
(<10 years)
Highschool education
or below
Price

(1)
Yogurt

(2)
Yogurt

(3)
Yogurt

(4)
Juice

(5)
Soda

(6)
Tomato
Sauce

(7)
Milk

(8)
Granola

(9)
Granola

(10)
Granola

(11)
Potato
Chips

(12)
Potato
Chips

(13)
Cookies

(14)
Cookie

(15)
Cookies

-0.048
(0.169)
-0.100

-0.037
(0.177)
-0.036

0.023
(0.182)
-0.041

-0.556**
(0.274)
0.066

-0.299
(0.316)
0.210

-0.790***
(0.281)
-0.252

-0.608**
(0.290)
-0.743

-0.436
(0.307)
-0.914*

-0.589
(0.362)
-0.853*

-0.552
(0.365)
-0.834*

-0.254
(0.274)
0.235

-0.276
(0.284)
-0.094

-0.226
(0.280)
-0.093

-0.475
(0.318)
-0.057

-0.494
(0.319)
-0.042

(0.238)
0.201
(0.180)
-0.278
(0.214)
-0.083
(0.178)
0.129
(0.185)
0.158

(0.237)
0.249
(0.182)
-0.335
(0.223)
-0.139
(0.184)
0.186
(0.186)
0.178

(0.235)
0.263
(0.182)
-0.350
(0.225)
-0.145
(0.182)
0.194
(0.185)
0.181

(0.377)
-0.753***
(0.278)
-0.059
(0.338)
0.051
(0.294)
0.709**
(0.320)
0.123

(0.371)
-0.419
(0.285)
-0.503
(0.343)
-0.136
(0.321)
0.376
(0.350)
0.566*

(0.384)
0.636**
(0.322)
0.100
(0.324)
0.345
(0.277)
0.004
(0.342)
-0.500

(0.484)
-0.113
(0.294)
0.174
(0.354)
-0.292
(0.300)
0.725**
(0.319)
0.188

(0.506)
0.089
(0.325)
-0.454
(0.378)
0.346
(0.327)
-0.456
(0.349)
-0.601

(0.504)
0.158
(0.331)
-0.537
(0.400)
0.315
(0.328)
-0.459
(0.348)
-0.530

(0.504)
0.152
(0.333)
-0.520
(0.397)
0.322
(0.328)
-0.478
(0.351)
-0.496

(0.388)
0.089
(0.271)
-0.049
(0.312)
0.439
(0.295)
0.042
(0.287)
-0.798*

(0.474)
0.052
(0.274)
-0.087
(0.331)
0.411
(0.312)
0.022
(0.290)
-0.881

(0.359)
0.092
(0.302)
0.107
(0.325)
-0.175
(0.290)
0.277
(0.329)
-0.439

(0.351)
0.142
(0.307)
0.069
(0.319)
-0.260
(0.294)
0.200
(0.336)
-0.520

(0.356)
0.135
(0.306)
0.071
(0.318)
-0.257
(0.296)
0.207
(0.335)
-0.495

(0.217)
0.053

(0.224)
0.062

(0.222)
0.093

(0.351)
-0.009

(0.301)
0.383

(0.528)
-0.115

(0.349)
-0.097

(0.538)
0.380

(0.538)
0.451

(0.543)
0.484

(0.471)
0.223

(0.539)
0.156

(0.411)
0.489

(0.410)
0.405

(0.409)
0.431

(0.241)
-0.417**
(0.166)

(0.238)
-0.415**
(0.169)
-0.126

(0.236)
-0.416**
(0.169)
-0.102

(0.378)
-0.516
(0.353)

(0.377)
0.129
(0.147)

(0.372)
-0.343
(0.298)

(0.417)
-0.221***
(0.018)

(0.368)
0.581**
(0.232)

(0.376)
0.615***
(0.236)
0.230

(0.382)
0.615***
(0.236)
0.319

(0.385)
0.549
(0.366)

(0.413)
0.492
(0.373)
0.243*

(0.331)
-2.246***
(0.811)

(0.341)
-2.259***
(0.815)
0.425

(0.341)
-2.259***
(0.815)
0.414

(0.145)
0.044*

(0.136)
0.076***

(0.227)
-0.011

(0.221)
0.026

(0.127)
0.221***

(0.287)
-0.862**

(0.282)
-1.871

(0.022)

(0.018)
-0.108

(0.045)

(0.042)
-0.069

(0.073)

(0.373)

(1.378)
1.445

Warning Time
(seconds)
Nutrition Facts Table
time (seconds)
Treatment x Nutrition
Facts Table

(0.074)
Control for Brand
Control for Flavour
Constant
Observations

Yes
-1.121**
(0.548)
1,608

Yes
-1.116**
(0.559)
1,552

Yes
-1.146**
(0.563)
1,552

Yes

Yes

Yes

-2.792***
(0.805)
2,412

-6.024***
(0.775)
8,844

-2.942***
(0.926)
2,412

-2.794***
(0.373)
1,809

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Yes

Yes

(0.067)
Yes

-7.994***
(1.251)
5,226

-8.147***
(1.275)
5,044

-8.222***
(1.291)
5,044

Yes
-5.955***
(1.482)
1,407

Yes
-5.833***
(1.506)
1,358

Yes

Yes

(1.409)
Yes

3.100
(2.220)
1,608

3.320
(2.242)
1,552

3.324
(2.243)
1,552

Table 17. Marginal Effects at the means
(1)
Yogurt

(2)
Yogurt

(4)
Juice

(5)
Soda

-0.00203
(-0.28)
-0.00415
(-0.43)
0.00842
(1.14)
-0.0115
(-1.32)
-0.00351
(-0.47)
0.00562
(0.68)
0.00700

-0.00148
(-0.21)
-0.00145
(-0.15)
0.00989
(1.40)
-0.0131
(-1.53)
-0.00558
(-0.77)
0.00782
(0.97)
0.00755

-0.00811**
(-2.09)
0.000971
(0.17)
-0.0118***
(-2.68)
-0.000846
(-0.18)
0.000742
(0.17)
0.0121*
(1.88)
0.00183

(0.70)
0.00228

(0.76)
0.00256

(0.22)
-0.0177***
(-2.73)

(0.26)
-0.0168***
(-2.64)
-0.00511

Treatment
Low Income
Female
Young
Fulltime
Dependents (<18)
Recent Immigrant
(<10 years)
Highschool
education or below
Price
Warning Label
Time
NFT viewing time
N

1608

(-0.87)
0.00178*
(1.95)
1552

(7)
Milk

(8)
Granola

(9)
Granola

(11)
Chips

(12)
Chips

(13)
Cookies

(14)
Cookies

-0.00113
(-0.95)
0.000838
(0.54)
-0.00164
(-1.33)
-0.00179
(-1.54)
-0.000503
(-0.43)
0.00155
(1.01)
0.00253

(6)
Tomato
Sauce
-0.0146***
(-2.87)
-0.00421
(-0.69)
0.0109**
(2.07)
0.00182
(0.31)
0.00643
(1.20)
0.0000674
(0.01)
-0.00786

-0.0118**
(-2.20)
-0.0117*
(-1.93)
-0.00218
(-0.38)
0.00338
(0.48)
-0.00541
(-1.00)
0.0165*
(1.94)
0.00377

-0.00257
(-1.39)
-0.00422**
(-2.23)
0.000518
(0.28)
-0.00253
(-1.27)
0.00211
(1.04)
-0.00241
(-1.41)
-0.00299

-0.00348
(-1.61)
-0.00395**
(-2.07)
0.000900
(0.48)
-0.00295
(-1.45)
0.00189
(0.95)
-0.00242
(-1.44)
-0.00267

-0.00800
(-0.94)
0.00785
(0.57)
0.00275
(0.33)
-0.00151
(-0.16)
0.0145
(1.44)
0.00132
(0.14)
-0.0205**

-0.00839
(-0.98)
-0.00277
(-0.20)
0.00156
(0.19)
-0.00259
(-0.27)
0.0130
(1.27)
0.000675
(0.08)
-0.0216**

-0.00507
(-0.80)
-0.00203
(-0.27)
0.00205
(0.31)
0.00242
(0.33)
-0.00384
(-0.61)
0.00662
(0.80)
-0.00875

-0.00935
(-1.45)
-0.00109
(-0.16)
0.00273
(0.47)
0.00136
(0.22)
-0.00493
(-0.91)
0.00407
(0.57)
-0.00885

(0.34)
-0.000123

(1.51)
0.00164

(-1.10)
-0.00198

(0.51)
-0.00180

(-1.32)
0.00252

(-1.13)
0.00304

(-2.12)
0.00750

(-2.13)
0.00494

(-1.19)
0.0128

(-1.42)
0.00898

(-0.02)
-0.00740
(-1.47)

(0.90)
0.000485
(0.86)

(-0.32)
-0.00615
(-1.16)

(-0.24)
-0.00421***
(-5.81)

(0.92)
0.00339**
(2.39)

(1.05)
0.00356**
(2.50)
0.00133

(0.53)
0.0172
(1.54)

(0.36)
0.0149
(1.36)
0.00733*

(1.27)
-0.0502***
(-2.89)

(1.06)
-0.0439***
(-2.81)
0.00826

2412

8844

2412

1809

t statistics in parentheses
*

p < .10, ** p < .05, *** p < .01
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5226

(1.05)
-0.0000662
(-0.26)
5044

1407

(1.94)
0.00667***
(3.28)
1358

1608

(1.43)
-0.0167**
(-2.56)
1552

5.6 Chapter Summary

The first results chapter tests several of the key hypotheses. Two logit models are used to test the
hypotheses of whether FoP labels reduce the likelihood of choosing a ‘high in’ product. The
main model shows that mandatory FoP warning label has its intended effect to discourage
purchases of ‘high-in’ products. Then, the overall effect of the treatment in models with different
definitions of being ‘low-income’ results in a 17.79%, 17.67%, and 18.03%21 decrease
respectively in likelihood of purchasing a ‘high in’ product.
Those with children in the treatment group had decreased likelihood of purchasing highin items. Additionally, those with children were especially reactive to warning labels on juice.
Self-reported interest in reading NFTs regularly while shopping resulted in increased
effectiveness of the label, but the label did not discourage likelihood of purchasing ‘high in’
items for those who reported never using NFTs.
The warning label seems to deter purchases in indeterminate categories, such as juice,
chocolate milk, and tomato sauce, better than categories that are perceived to be unhealthy. This
finding is consistent with previous literature that found that warning labels deterred purchases in
categories where the label was surprising (Araya, et al., 2018, Ares, et al., 2018) but had no
effect on categories which are perceived to be unhealthy (Berning, et al., 2010, Kiesel and
Villas-Boas, 2013). The exception to the finding is yogurt, where we assumed the label would be

For example, the first number (17.79%) was calculated: Baseline probability of buying a ‘high in’ product is
0.08%. The coefficient estimate on ‘treatment’ is 0.148 percentage point decrease from the baseline of 0.08%. Thus,
this indicates a 0.148/0.08 = 0.1779% decrease in the likelihood of buying a ‘high in’ product.
21
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surprising to participants. We did not measure perceived healthfulness between categories so
participants’ feelings towards yogurt is unknown, it could also be attributed to lack of variety in
the section.
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6 Multinomial Choice Empirical Model, Methods and Results

6.1 Introduction
One disadvantage with the previous model in which buying a product or buying a ‘high-in’
product was the outcome variable, is that buying a ‘not high-in’ product and not buying a
product are lumped together and not differentiated. We conduct a multinomial logit analysis to
distinguish between the three possible choices: buying a ‘high-in’ product, buying a ‘not high-in’
product, and not buying a product. After seeing that there are overall treatment effects of the
label on the likelihood of buying ‘high in’ products, it is important to see if the labels would
make participants drop out of purchasing or substitute to unlabelled items.

6.2 Empirical Specification

The logistic model is often associated with the random utility model whereby a consumer picks
the alternative that maximizes their utility. The model specification of the multinomial logit
model is an extension of the previously outlined binary logit model. The difference between the
two models is that the multinomial allows additional alternatives so the denominator in the
model is larger, while the numerator (the choice) is the same (Train, 2009). With an additional
alternative, the likelihood of choosing a ‘high in’ item will become smaller when we break out
the ‘not buy high-in’ option into no choice and buy regular item.
Our conceptual framework uses the theory of the Random Utility Model. When we expand
our dependent variable from 2 choice categories to 3 choice categories the underlying concepts
of random utility still apply. A participant, i, will only choose product j if the utility that they
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receive from product j exceeds the utility that they get from choosing product l. In the
multinomial logit model, there is always a comparison to a base category, for example, if we
define product j as the decision to purchase a ‘high in’ item as the base category, then l will
become the choice to purchase a regular item (unlabelled). With another choice to buy nothing,
there will be another variable, m, which will be in reference to the base category j. If a consumer
gets more utility, which is made up of the observable and unobservable factors, from buying a
product that is ‘high in’ the specified nutrients then they will choose a ‘high in’ product.
The logit probability with three options becomes:
𝑃𝑟(𝑌𝑖 = 1 | 𝑟𝑖𝑗 ) =

•
•
•
•
•
•

𝑒 𝑟′𝑖 𝛽𝑗
+ 𝜖
∑3𝑗 𝑒 𝑟′𝑖 𝛽𝑗

i is a participant
Yi is the choice of a participant
ri is the attitudes and preferences of a participant
βi is the coefficient vector
j is the alternative, one is needed for the reference alternative
𝜖 is the error term

We can tailor this equation to our variables:
𝑃𝑟𝑜𝑏(𝐵𝑢𝑦 𝐻𝑖𝑔ℎ 𝐼𝑛𝑖 ) =
𝑒 𝛽1𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑏+𝛽2 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 ∗𝐻𝑖𝑔ℎ 𝐼𝑛 𝐴𝑛𝑦𝑏+ 𝛽3𝑋𝑏+−𝑏+𝛽4 𝑃𝑟𝑖𝑐𝑒𝑏+ 𝛽5𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑦𝑏
+ 𝑒𝛽1 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑟 + 𝛽2 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 ∗ 𝐻𝑖𝑔ℎ 𝐼𝑛 𝐴𝑛𝑦𝑟+ 𝛽3𝑋𝑟 +𝛽4𝑃𝑟𝑖𝑐𝑒𝑟 + 𝛽5𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑦𝑟 + 1

𝑒𝛽1𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑛 + 𝛽2 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 ∗ 𝐻𝑖𝑔ℎ 𝐼𝑛 𝐴𝑛𝑦𝑛+ 𝛽3 𝑋𝑛 +𝛽4 𝑃𝑟𝑖𝑐𝑒𝑛 + 𝛽5𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑦𝑛

The above example illustrates the probability of buying high in (‘b’) is shown in terms of
the other options, buying regular (‘r’) and not purchasing (‘n’). For our multinomial logit model
we switch between using each state as the base case to which we compare the probability. The
three states include: No purchase, denoted as ‘n’ (0), buying ‘not high in’ or ‘regular’ items
denoted as ‘r’ (1), and buying ‘high in’ foods denoted as ‘b’ (2).
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𝑃( Yi ∣ 𝑗, 𝑟𝑖 ) = α + β1 𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑖𝑗 + β2 𝑙𝑜𝑤 𝑖𝑛𝑐𝑜𝑚𝑒𝑖 + β3 𝑓𝑒𝑚𝑎𝑙𝑒𝑖 + β4 𝑦𝑜𝑢𝑛𝑔𝑖
+ β5 𝑓𝑢𝑙𝑙𝑡𝑖𝑚𝑒𝑖 + β6 𝐷𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡𝑠𝑖 + 𝛽7 𝑅𝑒𝑐𝑒𝑛𝑡 𝐼𝑚𝑚𝑖𝑔𝑟𝑎𝑛𝑡𝑖
+ β8 ℎ𝑖𝑔ℎ𝑠𝑐ℎ𝑜𝑜𝑙 𝑜𝑟 𝑏𝑒𝑙𝑜𝑤𝑖 + β9 𝑝𝑟𝑖𝑐𝑒𝑗 + ϵ𝑖𝑗
•
•
•
•
•
•

i is each participant
Yi is the choice of the participant (0, 1, 2)
ri is the attitudes and preferences of the participant
βi is the coefficient vector
j is the category, one is needed for the reference category
𝜖 is the error term, clustered by individual level

All probabilities of purchasing/not purchasing must be made in reference to a base category
in the multinomial logit model, this is typically either the most often occurring choice or the last
choice (Agresti, 2003). We show all the possible base categories so we can have a clear view of
the impact of the treatment.
The base probabilities of each outcome being chosen are below. The impact of a change in
the value for independent variables in multinomial logit models cannot be interpreted just by
looking at their output.

Figure 12: Predicted Probabilities of the three alternatives
Note: The above graph includes the predicted probabilities of purchasing 1) a high in product, 2)
a regular/healthy product and 3) not buying anything.
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6.3 Results of Multinomial Logit Model
Table 20 shows the results of the multinomial logit model. We show the results of the models
switching between base categories. Cycling through each of the options of base categories allows
a better picture of the impact of the treatment across all the choices.
When using the ‘no buy’ choice as the base category (columns 1-3) treatment has a negative
significant impact on likelihood of buying a high in item in reference to the base category. The
probability of buying a high in item in relation to the probability of buying nothing was the only
outcome with a negative price coefficient. It makes sense that higher prices would lead to higher
‘no buy’ choices but it is unknown why there is a positive coefficient for the price variable for
buying a regular food item. Being young decreases the probability of buying both high in items
and regular items. This may be due to younger participants purchasing fewer items, as shown in
the data description section. Women have a higher likelihood of making a purchase in
comparison to buying nothing (base). Similar to previous findings, recent immigrants (<10
years) are less likely to make either kind of purchase.
When the base probability is buying a non-labelled item (not high in) there is a negative
significant coefficient on likelihood of buying a ‘high in’ item (regressions 4-6). Price has a
negative significant coefficient on likelihood of buying a ‘high in’ item and a positive coefficient
on buying nothing- this is intuitive as when prices increase the likelihood of not buying an item
increases in relation to the base category.
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When the base category is ‘buy high in’ there seems to be evidence of those in the treatment
group having higher likelihood of buying unlabelled (column 8) or not buying an item (column
7) at the 5% level of significance.
The marginal effects, unlike Table 20, are not reported in reference to a base category.
Partial derivatives are the marginal effects with respect to the attribute of interest, which is
evaluated at the means of the data, except for indicators where the switch from 0 to 1 is reported.
The marginal effects are the change in the probability of choosing a particular product as a result
of an instantaneous change in the attribute of interest (Agresti, 2003). The base probabilities of
each of the three choices are shown in Table 19, below.
Table 18. Base Probabilities
Outcome

Observations

No Buy
Buy
Buy 'High In'

91857
91857
91857

Mean (base
probabilities)
0.972
0.020
0.008

Std.
Dev.
0.006
0.005
0.002

Min

Max

0.955
0.009
0.001

0.986
0.043
0.017

We will consider the results of the marginal effects for the multinomial logit model.
Treatment decreases probability of buying a high in product by 18.5%22. Women are less likely
to choose to buy nothing and more like to choose to buy a regular item. Similar to other
regressions, young people are less likely to purchase anything and instead more likely to
purchase nothing. Recent immigrants are less likely to purchase high in products or to purchase

22

((Pr(high in) – marginal effect treatment)/ Pr(high in))

107

regular products, this may be related to previous literature on the healthy immigrant effect and
the composition of the store (McDonald and Kennedy, 2005).

6.4 Chapter Summary
There is evidence of switching to not buying anything and buying a regular item when buying a
‘high in’ product is the base category. When looking at the marginal effects the result is the same
as the binary logit model, which is to be expected, of a decreased likelihood of purchasing a
‘high in’ item of 18.5%. Other results are consistent to previous findings. Young people and
recent immigrants are less likely to make purchases while women are more likely to purchase.

108

Table 19. Multinomial Logit Model

VARIABLES

(1)
Base
No Buy

Treatment
Low Income
(<25,000)
Female
Young (18-29)
Fulltime
Employment
Dependents (<18)
Recent Immigrant
(<10 years)
Highschool education
or below
Price
Constant

Observations

91,857

(2)

(3)

(4)

Buy

No Buy

-0.006
(0.064)
-0.063

Buy High
In
-0.188**
(0.089)
-0.050

(0.094)
0.162**
(0.068)
-0.275***
(0.076)
0.050

(5)
Base
Buy

(6)

(7)

(8)

No Buy

Buy

0.006
(0.064)
0.063

Buy High
In
-0.182**
(0.077)
0.013

0.188**
(0.089)
0.050

0.182**
(0.077)
-0.013

(0.124)
0.097
(0.086)
-0.188*
(0.100)
0.089

(0.094)
-0.162**
(0.068)
0.275***
(0.076)
-0.050

(0.115)
-0.064
(0.082)
0.086
(0.096)
0.039

(0.124)
-0.097
(0.086)
0.188*
(0.100)
-0.089

(0.115)
0.064
(0.082)
-0.086
(0.096)
-0.039

(0.067)
0.050
(0.075)
-0.288**

(0.090)
0.056
(0.106)
-0.300**

(0.067)
-0.050
(0.075)
0.288**

(0.081)
0.006
(0.096)
-0.012

(0.090)
-0.056
(0.106)
0.300**

(0.081)
-0.006
(0.096)
0.012

(0.125)
0.131

(0.128)
0.170

(0.125)
-0.131

(0.113)
0.039

(0.128)
-0.170

(0.113)
-0.039

(0.091)
0.027***
(0.009)
-3.988***
(0.091)

(0.120)
-0.108***
(0.024)
-4.318***
(0.139)

(0.091)
-0.027***
(0.009)
3.988***
(0.091)

(0.102)
-0.135***
(0.025)
-0.330**
(0.131)

(0.120)
0.108***
(0.024)
4.318***
(0.139)

(0.102)
0.135***
(0.025)
0.330**
(0.131)

91,857

91,857

91,857

91,857

91,857

91,857

91,857

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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(9)
Base
Buy
High In

91,857

Table 20. Multinomial Logit Model Marginal Effects
Treatment

No Buy
0.00156
-0.95

Low Income
(<25,000)

0.00155

-0.00117

-0.00038

Female

-0.67
-0.00374**
(-2.27)

(-0.68)
0.00300**
-2.41

(-0.40)
0.000737
-1.12

Young (1829)

0.00643***

-0.00502***

-0.00141*

-3.51

(-3.67)

(-1.87)

-0.00163

0.000933

0.000696

(-0.94)

-0.73

-0.97

-0.00138

0.00094

0.000437

(-0.69)

-0.65

-0.51

0.00715***

-0.00500**

-0.00214**

-2.82

(-2.56)

(-2.54)

-0.00394

0.00255

0.00139

(-1.53)
0.000335
-1.24
91857

-1.38
0.000522***
-3.03
91857

-1.33
-0.000857***
(-4.50)
91857

Fulltime
Employment
Dependents
(<18)
Recent
Immigrant
(<10 years)
Highschool
education or
below
Price
N

Buy Regular
-0.0000811
(-0.07)

Robust standard errors in parentheses
*

p < 0.1, ** p < 0.05, *** p < 0.01
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Buy High In
-0.00148**
(-2.18)

7 Whole Basket Empirical Model, Methods, and Results
7.1 Introduction
This chapter presents the results from the ordinary least squares regression analysis. First, we
begin with an overview and specification of the ordinary least squares model used for this
portion of the analysis. We switch to using a ‘whole basket’ approach to evaluate whether the
warning label affects nutritional composition in an average basket of an individual participant.
We evaluate effectiveness through the average grams of sugar, sodium, and saturated fat per
serving per basket as well as the average health score23 of each basket. We use demographic
information to identify population groups that respond to the label and how demographics affect
aggregate composition.

7.2 Empirical Model
For this section of the results, our aim is to evaluate if the treatment (warning label) changes
demand for sugar, sodium, saturated fat, and/or the health score at the basket level. As our
dependent variables: number of high in products, % of basket of ‘high in’, sugar, sodium,
saturated fat, and health score, are continuous we are able to use ordinary least squares (OLS) to
test whether the treatment has an effect on demand. Ordinary least squares can be used to
evaluate which independent variables explain changes in the dependent variables.
The OLS model minimizes the squared residuals, however, this can be seen as a
drawback because it always minimizes the sum of squared errors (residuals) (Kennedy, 2010).

The health score is calculated using Australia’s Health Star Rating formula. The health star rating formula takes
into account the type of food and the level of protein and fibre in the food product. Higher scores indicate that the
food item is healthier. Products without any nutritional value, like tea, are excluded from the calculation.
23
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OLS is one of the most commonly used estimators because is the best linear unbiased estimator
and interpreting the magnitude of the effects is straightforward.
We chose to include socio-economic, nutrition literacy, and treatment status in the
regression so we can evaluate which determinants have the most impact on demand for sugar,
sodium, saturated fat, and healthfulness score.
Y = β1 Treatment + β2 Female + β3 Recent Immigrant + β4 Young + β5 Highschool or Below +
β6 Low Income + β7 (Number of Items Purchased / Nutrition Literacy Score / Treatment X Low
Income) + Ԑ
Where:
•

Outcome Y is the number of high in items, percentage of items that are high in, average
health score, grams of sugar, grams of saturated fat, and milligrams of sodium per serving
in a basket of a participant.

•

In the model we switch the variables associated with β7 depending on the outcome
variable

7.3 Results of Empirical Model
The Ordinary Least Squares (OLS) model aggregates all the products in a participants’ basket
based on the various outcomes of interest.
Column 1 in Table 23 uses the number of high in items in a participant’s basket as the
dependent variable. We control for number of items purchased. Treatment has a statistically
significant large negative effect on number of ‘high in’ items purchased.
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The table below shows the proportion of a basket that is ‘high in’, as a percentage of their
total basket in column 2. The treatment has a negative, significant effect on the percentage of
items purchased that are high in.
Columns 3 and 4 show that the treatment has no statistically significant effect on the
average Health Star Rating of items in the basket. Although the label does not focus on
improving healthfulness, rather decreasing demand for ‘high in’ items, it is interesting that
overall healthfulness does not increase even though the treatment shows promising reductions in
high in products purchased24. Interestingly, higher nutrition literacy scores are associated with
increased average health star ratings per basket.
We use the average grams per basket per serving of specified nutrients to evaluate the
impact of the treatment across participants’ baskets (shown in columns 5,6 and 7). Being a recent
immigrant has a negative effect on average milligrams of sodium in their basket (column 7) but
does not have a statistically significant impact in other measures. Being a woman is associated
with higher levels of sodium per serving in their basket (column 7) while being young has a
positive effect on the grams of saturated fat per serving in their basket (column 6). Low-income
participants were more likely to make healthier choices with regards to sugar and sodium levels
under the treatment, based on the negative coefficient estimate on the interaction term
‘Treatment x Low Income’. This suggests that the proposed FoP labels might help marginalized
population groups in Canada make healthier food choices. Policy makers need to carefully

24

The healthfulness rating takes into account the type of product and other nutrition information
like fibre and protein. We use the Australian Health Star Rating calculator.
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consider heterogeneous treatment effects of the proposed policy on different groups of
Canadians. Zhu et al. (2015) found that high income shoppers were indifferent to FOP labels and
that there was evidence that low income shoppers did react to the labels (Zhu, et al., 2015).
Lower income groups are typically less sensitive to labels, perhaps because they are more
focused on price (Ducrot, et al., 2016). While price is a dominant factor for low income groups,
healthier product options within a product are priced the same. For example, plain yogurt and
flavoured yogurt are often the same price within brands. Zhu et al (2015) found that high income
shoppers were indifferent to FOP labels and that there was evidence that low income shoppers
did react to the labels (Zhu, et al., 2015).

7.4 Chapter Summary
In the final results chapter, we look at the aggregate basket of our participants using the OLS
model as we use continuous dependent variables. Treatment has a statistically significant
negative impact on number of ‘high in’ items purchased and the proportion of the basket that is
‘high in’. However, when using a health star rating scheme that takes into account protein, fibre,
and category type in addition to sodium, sugar, and saturated fat, being in the treatment does not
improve overall average health star rating. Low-income participants were more likely to make
healthier choices with regards to sugar and sodium levels under the treatment.
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Table 21: Ordinary Least Square Model
Variables

Treatment
Female
Recent Immigrant
(<10 years)
Young
High School
Education or
Below
Low Income
Number of Items
purchased

(1)
Number
High In

(2)
% of items
high in

(3)
Health Score
(basket avg)

(4)
Health Score
(basket avg)

(5)
Average
Sugar
(g/basket)

(6)
Average Sat.
Fat (g/basket)

(7)
Average
Sodium
(mg/basket)

-0.672**
(0.335)
0.383
(0.319)
-1.063***

-0.062***
(0.020)
-0.029
(0.021)
0.021

0.049
(0.064)
-0.070
(0.065)
-0.217***

0.056
(0.064)
-0.083
(0.065)
-0.155*

0.195
(0.550)
0.265
(0.504)
0.596

0.086
(0.060)
0.051
(0.055)
0.004

10.394
(7.441)
19.463***
(6.810)
-21.332**

(0.377)
-0.785**
(0.336)
0.592

(0.034)
0.016
(0.023)
-0.010

(0.083)
0.034
(0.071)
-0.038

(0.088)
0.018
(0.070)
-0.028

(0.639)
0.791
(0.545)
-0.028

(0.069)
0.131**
(0.059)
-0.002

(8.636)
0.658
(7.375)
-9.206

(0.486)
-0.279
(0.441)
3.477***

(0.027)
0.027
(0.030)

(0.085)
-0.169**
(0.080)

(0.084)
-0.153*
(0.080)

(0.660)
1.430*
(0.815)

(0.072)
-0.123
(0.088)

(8.924)
11.825
(11.016)

-2.655**

0.087

-32.649*

(0.386)
Nutrition Literacy
Score

0.043**
(0.022)

Treatment X Low
Income
Constant

Observations
R-squared

4.371***
(0.356)

0.324***
(0.023)

2.496***
(0.072)

2.324***
(0.111)

(1.230)
6.677***
(0.570)

(0.133)
0.683***
(0.062)

(16.631)
115.098***
(7.709)

201
0.117

201
0.082

201
0.072

201
0.091

201
0.053

201
0.051

201
0.106

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Note: We use the nutrition literacy score here with a caveat that we did not administer the survey
in the validated delivery format, although some researchers believe self-administered delivery is
an acceptable method (Linnebur and Linnebur, 2018). For brevity, we show the results with the
interaction term in columns 5,6 and 7. The coefficient signs and significance did not change
when we did not include the interaction term (Treatment X Low Income).
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8 Discussion and Implications
This chapter will discuss our key findings and provide insight into the implications of our
findings. First, we return to our hypotheses to provide a framework to our discussion.
Table 22: Hypotheses
Hypotheses

Supported

H1: Mandatory FoP warning labelling will reduce the likelihood of choosing a

Not

‘high-in’ product.

always

H2: The effectiveness of the warning label will depend on the perceived

Yes

healthfulness of the category.

H3: Interest in nutrition information will make the label more effective.

Yes

H4: The treatment effect of the mandatory FoP warning labels will vary across

Not

demographic groups.

always

H5: Mandatory FoP warning labelling will reduce the grams of sugar, sodium,

Not

and sat fat purchased per serving in a basket.

always
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We did see an overall negative treatment effect in our sample. Those in the treatment
group were less likely to buy labelled items and had a lower proportion of items ‘high in’ in their
baskets.
While there is an overall treatment effect on likelihood of purchasing high-in items after the
treatment, certain categories drive more of the changes to behaviour. The treatment seems to
decrease demand for labelled products in food categories for which perceived (un)healthiness of
the products is more ambiguous. Demand for categories that are likely perceived to be unhealthy
was either not affected or increased by the mandatory FoP label. The label may have unintended
consequences by participants making more extreme purchases across their baskets where
individuals may be attracted to unhealthy products that are high-in but correct their choices in
ambiguous categories.
This type of labelling may significantly reduce healthcare costs if Canadians respond to
the labels over time, however, as demand in certain categories is more sensitive to information
cost changes the demand changes may be concentrated in certain areas. The ambiguous
categories showed the greatest change in result to the label. The dairy industry may not see large
changes in demand for yogurt as a result of the label, but chocolate milk sales may decrease
considerably.
Additionally, the labels may have unintended consequences on demand for ‘high in’
foods considered to be unhealthy by increasing their attractiveness. If this is the case, it is
unlikely that food manufacturers would reformulate to make their products healthier.
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Those who self-reported interest or habitually looking at NFTs were more receptive to
the change in information cost and had reduced likelihood of purchasing ‘high in’ products.
Participants who were uninterested in looking at NFT were unlikely to respond to the labels.
Health Canada was hoping that the label would be most effective for those who did not observe
NFTs or had low nutrition knowledge.
Although there seems to be an overall treatment effect, we did not find that the label
made those who are most at risk of being obese (those with lower socio-economic status) less
likely to purchase ‘high in’ items. We saw that low-income participants decreased their average
grams per basket of sugar and sodium but saturated fat was unaffected. It seems that participants
seem to think of saturated fat differently than other nutrients.
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9 Limitations & Suggestions for Future Research
We did not ask participants for their perceptions of healthfulness of the categories as we did not
want to overburden our participants. This would improve the accuracy of the comparison across
categories. Future research can better explain whether the labels change behaviour within
categories by switching to unlabeled items or dropping out of the category altogether.
Future research could improve upon our delivery of the Nutrition Vital Signs by either
having a nurse read them in person or have an audio component to the survey. We acknowledge
that our BMI data may be inaccurate as the calculations were based on self-reported data. Future
research could measure actual weight and height of participants.
This research only took place at one point in time. It would be beneficial to have a study
that uses panel data to track behaviour over time. Future research should explore heterogeneous
treatment effects by using a mixed logit model to test reaction of the labels to high-risk groups of
participants. In order to sufficiently address heterogeneous responses to front of package labels,
another study can set up choice experiments with different information treatments to test
responses to more than one labelling type. Our study does not compare multiple label types.
Having more participants would improve the power of our results. We included all eyetracking recordings no matter the gaze accuracy. By including recordings with low accuracy
there are gaps in the gaze fixation times. Our reason for including them is that the fixation points
were manually recorded so a protocol for recording fixation point on packages was followed.
Whenever a fixation was blurry or undeterminable, it was not recorded. This approach likely
underrepresents time spent looking at certain product aspects.
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Another area for future research is the effect of positive information on the packages on
the effectiveness of the treatment. The federal government has proposed that the labelling
regulation would prohibit positive information in conjunction with a warning label, thus our
results may underrepresent the reaction to the labels. Future research can address the effects that
positive information has on the reception of warning labels.
Some of the items in the store were expired at the time of the study. Although we told
participants that we have stock of the items, they may have been deterred from purchasing an
item if it was expired.
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10 Appendix A
10.1 Table 23: Summary Statistics about Fixation During for Key Products
Control
Cookie

Granola

Potato
Chips

Yogurt

NFT
Price
Positive
Information
Flavour
Brand
NFT
Price
Positive
Information
Flavour
Brand
NFT
Price
Positive
Information
Flavour
Brand
NFT
Price
Positive
Information
Flavour
Brand

Treatment
Cookie
NFT
Price
Positive
Information
Flavour
Brand
Warning Label
Granola
NFT
Price

Std.
Unit
Obs Mean Dev.
Min Max
Seconds
95
0.154
0.631 0.000
4.058
Seconds
95
0.840
1.078 0.000
5.297
Seconds
Seconds
Seconds
Seconds
Seconds

95
95
95
95
95

0.648
5.145
2.117
1.114
1.202

Seconds
Seconds
Seconds

95
95
95

Seconds
Seconds

0.000
0.000
0.000
0.000
0.000

4.577
19.069
8.515
19.843
16.770

0.683
10.044
3.156

0.934 0.000
10.186 0.000
2.748 0.000

3.738
64.822
13.022

95
95

0.087
0.618

0.699 0.000
1.285 0.000

6.761
6.061

Seconds
Seconds
Seconds
Seconds
Seconds

95
95
95
95
95

0.828
4.173
1.839
0.451
0.997

1.097
4.429
2.602
2.382
1.653

0.000
0.000
0.000
0.000
0.000

5.317
21.887
18.423
20.883
10.714

Seconds
Seconds
Seconds

95
95
95

0.812
1.264
1.006

1.436
1.992
1.599
Std.
Obs Mean Dev.
Seconds
99
0.354
2.166
Seconds
99
1.032
1.306

0.000
0.000
0.000

9.854
11.733
9.582

Min Max
0.000
20.383
0.000
5.681

Seconds
Seconds
Seconds
Seconds
Seconds
Seconds

0.000
0.000
0.000
0.000
0.000
0.000

99
99
99
99
99
99
130

0.644
5.129
2.481
0.403
1.175
1.314

0.778
4.697
2.056
3.491
2.173

0.861
4.954
2.664
0.606
4.443
1.753

6.081
25.764
15.763
3.321
38.146
10.702

Positive
Information
Flavour
Brand
Warning Label
Potato
Chips

Yogurt

NFT
Price
Positive
Information
Flavour
Brand
Warning Label
NFT
Price
Positive
Information
Flavour
Brand
Warning Label

Seconds
Seconds
Seconds
Seconds

99
99
99
99

0.673
9.697
3.615
0.555

Seconds
Seconds

99
99

Seconds
Seconds
Seconds
Seconds
Seconds
Seconds
Seconds
Seconds
Seconds
Seconds

0.000
0.000
0.000
0.000

6.841
53.188
22.924
8.081

0.012
0.537

0.066 0.000
0.969 0.000

0.560
4.461

99
99
99
99
99
99

0.684
4.570
2.451
0.263
0.651
0.607

0.946
5.677
3.392
1.041
2.024
0.919

0.000
0.000
0.000
0.000
0.000
0.000

4.361
28.304
23.603
9.461
10.022
4.901

99
99
99
99

0.993
1.395
1.474
0.485

1.644
2.121
1.834
1.093

0.000
0.000
0.000
0.000

7.981
9.402
7.781
6.041
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1.168
10.920
3.425
1.164

10.2 Table 24: Summary Statistics of Variables of Interest
Variable
Low Income
LOW INCOME CUT
OFF(low)
LOW INCOME CUT
OFF(high)
Female
Food Security (overall)
Food Security (adult)
Food Security (child)
Subjective Numeracy Scale
Newest Vital Signs Scale
Education Group

Std.
Obs Mean Dev.
201 0.204 0.404

Min
Max
0.000
1

201 0.249

0.433

0.000

1

201
201
201
201
201
201
201
201

0.473
0.493
2.335
2.230
0.337
1.292
1.380
0.786

0.000
0.000
0.000
0.000
0.000
1.667
0.000
0.000

1
1
10
9
2
8
7
3

0.333
0.592
1.498
1.418
0.080
5.755
3.995
1.950
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10.3 Table 25: Probabilities of being in Treatment Group
Pr (Buy High In),
predict()
0
Treatment
Low Income Cut Off
(LICO)
Female

Mean
1
0.49 Treatment
Low Income Cut Off
0.75 (LICO)
0.41 Female
Young (18-29) (18Young (18-29) (18-29)
0.62 29)
Fulltime
0.61 Fulltime
Dependents ( < 18)
0.73 Dependents ( < 18)
Immigrant ( < 10
Immigrant ( < 10 years)
0.79 years)
Highschool or below
0.83 Highschool or below
Price
3.58 Price
Nutrition Literacy
Nutrition Literacy Score
4 Score
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Mean
0.51
0.25
0.59
0.38
0.39
0.27
0.21
0.17
3.58
4

10.4 Photo of Manual Eye Tracking

Figure 14: Photo of Manual Eye Tracking Mapping
Figure 13: Photo of Manual Eye Tracking Mapping
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Table 26: Additional Interaction Terms, Marginal Effects for NFT attention

Treatment
Low Income (<25,000)
Female
Young (18-29)
Fulltime Employment
Dependents (<18)
Recent Immigrant
(<10 years)
Highschool education
or below
price
Mostly/Always use
NFT

(5)
Buy High In
-0.00146**
(-2.19)
-0.000356
(-0.38)
0.000869
(1.30)
-0.00143*
(-1.92)
0.000648
(0.93)
0.000326
(0.40)
-0.00232***

(7)
Buy High In
-0.188**
(-2.14)
-0.0481
(-0.39)
0.0924
(1.04)
-0.182*
(-1.84)
0.0880
(0.99)
0.0545
(0.51)
-0.294**

(-2.69)
0.00128

(-2.29)
0.167

(1.23)
-0.000854***
(-4.50)
-0.00149**

(1.41)
-0.109***
(-4.46)

(-2.19)
Never use NFT
_Cons
N

91857

-0.0127
(-0.09)
-4.334***
(-30.49)
91857

t statistics in parentheses
*

p < .10, ** p < .05, *** p < .01
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11 Appendix B
11.1 Survey Questions
Please answer the following questions to the best of your ability.
This is a survey, not a test. Your answers will help identify which dietary advice people find
confusing. It is important that you complete it by yourself. Your answers will remain
anonymous. If you don’t know the answer, mark “not sure” rather than guess. Thank you for
your time.
1. Have you tried to consume more or less of the following in the past year?
LESS

NO EFFORT MORE

a. Calories
b.
Carbohydrates
c. Fat
d. Trans fat
e.
Sugar/Added
Sugar
f. Salt/Sodium
g. Cholesterol
h. Dairy
Products
i. All meats
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Prefer not to
answer

j. Red Meat
k. Gluten
l. Geneticallymodified
Organisms
(GMO)
m. Organic
Foods

2. Has a doctor ever advised you to do the following? (Select all that apply)
o Lose weight
o Reduce sodium or salt intake
o Reduce cholesterol in your diet
o Other diet advice
o None of the above
o Don’t know
o Prefer not to answer
3. Do you do most of the food shopping in your household?
o
o
o
o
o

Yes
No
Share equally with other(s)
Don’t know
Prefer not to answer

4. Indicate how many times a month you shop at the following locations:
___ Discount Stores (for example: Freshco, No Frills, Food Basics)
___ Grocery Stores (for example: Metro, Zehrs, Longos)
___ Specialty Stores (for example: Goodness me!, Stone Store, Angelinos, Market Fresh,
Himalayan Grocery)
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___ Superstores (for example: Costco, Walmart)
___ Convenience Stores (for example: Esso, Husky, Shell etc.)
___ Farmer’s Market
___ Online (for example: Amazon, Grocery Gateway)
___ Other, Please Specify: ________

5. What is your average monthly budget for grocery shopping?
o _________ (enter closest dollar amount)
o Don’t know
o Prefer not to answer
6. How would you rate your nutrition knowledge?
o Not at all knowledgeable
o A little knowledgeable
o Somewhat knowledgeable
o Very knowledgeable
o Extremely knowledgeable
o Don’t know
o Refused
7. On average, how many calories should a healthy, moderately active adult [male/female]
consume each day to maintain a healthy weight?
o Enter number:________
o Don’t know
o Refused
8. a) Do you count the calories you consume each day?
o Never
o Sometimes
o Most of the time
o Don’t know
o Prefer not to answer
9. How often do you use the Nutrition Facts Table when deciding to buy a food product?
o Never
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o Rarely
o Sometimes
o Most of the time
o Always
o Don’t know
o Prefer not to answer
The next few questions (10-14) are about interpreting nutrition facts Table information
for ice cream:

10. If you eat the entire container, how many calories will you eat?
o _____________ (please enter)
o Don’t know
o Prefer not to answer

11. If you are allowed to eat 60 grams of carbohydrates as a snack, how much ice cream
could you have?
o _________ (enter number of cups)
o Don’t know
o Prefer not to answer

13. Your doctor advises you to reduce the amount of saturated fat in your diet. You usually
have 42g of saturated fat each day, which includes one serving of ice cream. If you stop
eating ice cream, how many grams of saturated fat would you be consuming each day?
o _________ (enter number of grams)
o Don’t know
o Prefer not to answer
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14. If you usually eat 2,500 calories in a day, what percentage of your daily value of calories
will you be eating if you eat one serving?
o __________(Enter percentage)
o Don’t know
o Prefer not to answer
15. Pretend that you are allergic to the following substances: penicillin, peanuts, latex gloves,
and bee stings. Is it safe for you to eat this ice cream?
o Yes
o No. Why not? ______________
o Don’t know
o Prefer not to answer
16. What percent (%) daily value does Health Canada consider to be “a LITTLE”?
o ________________Enter %: [numeric, 0 to 100]%
o Don’t know
o Prefer not to answer
17. What percent (%) daily value does Health Canada consider to be “a LOT”?
o __________________Enter %: [numeric, 0 to 100]%
o Don’t know
o Prefer not to answer
18. Which cooking method should be avoided if avoiding additional saturated fat?
Sautéing □

Steaming □

Boiling □

Baking □

19. Do you have any of the following health conditions?
o
o
o
o
o
o
o
o
o

Grilling □
(Select all that apply).

Celiac disease
Obesity
Eating disorder
Diabetes
High blood pressure/ Hypertension
Heart disease
Cancer Please specify type: [open-ended]
Stomach or intestinal ulcers
Bowel disorder (e.g., Crohn’s Disease, ulcerative colitis, Irritable Bowel Syndrome,
bowel incontinence)
o None of the above
o Don’t know
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o Prefer not to answer
20. How many people are there in your household including yourself?

___ 1
answer

___ 2

___ 3

____ 4

____5

____5+ ____ Prefer not to

21. In your home are there any children or dependents under the age of 18? Y/N
If yes, how many?
___ 1

___ 2 ___ 3+ ____ Prefer not to answer

The following questions are about the food situation for your household in the past 12
months.
22. Which of the following statements best describes the food eaten in your household in the
past 12 months, that is since [current month] of last year?
o You and other household members always had enough of the kinds of foods
you wanted to eat.
o You and other household members had enough to eat, but not always the kinds
of food you wanted.
o Sometimes you and other household members did not have enough to eat.
o Often you and other household members didn’t have enough to eat.
o Don’t know / Prefer not to answer (Go to end of module)
23. You and other household members worried that food would run out before you got money
to buy more. Was that often true, sometimes true, or never true in the past 12 months?
o Often true
o Sometimes true
o Never true
o Don’t know/Prefer not to answer
24. The food that you and other household members bought just didn’t last, and there wasn’t
any money to get more. Was that often true, sometimes true, or never true in the past 12
months?
o Often true
o Sometimes true
o Never true
o Don’t know/Prefer not to answer
25. You and other household members couldn’t afford to eat balanced meals. In the past 12
months was that often true, sometimes true, or never true?
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o Often true
o Sometimes true
o Never true
o Don’t know/Prefer not to answer
26. You or other adults in your household relied on only a few kinds of low-cost food to feed
the child(ren) because you were running out of money to buy food. Was that often true,
sometimes true, or never true in the past 12 months?
o Often true
o Sometimes true
o Never true
o Don’t know/Prefer not to answer
27. You or other adults in your household couldn’t feed the child(ren) a balanced meal,
because you couldn’t afford it. Was that often true, sometimes true, or never true in the past
12 months?
o Often true
o Sometimes true
o Never true
o Don’t know/Prefer not to answer
28. The child(ren) were not eating enough because you and other adult members of the
household just couldn’t afford enough food. Was that often, sometimes or never true in the
past 12 months?
o Often true
o Sometimes true
o Never true
o Don’t know/Prefer not to answer
29. a. In the past 12 months, since last [current month] did you or other adults in your
household ever cut the size of your meals or skip meals because there wasn’t enough money
for food?
o Yes
o No (Go to Q9)
o Don’t know / Prefer not to answer
b. How often did this happen?
o Almost every month
o Only 1 or 2 months
o Some months but not every month
o Don’t know/ Prefer not to answer
30. In the past 12 months, did you (personally) ever eat less than you felt you should
because there wasn’t enough money to buy food?
o Yes
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o No
o Don’t know / Prefer not to answer
31. In the past 12 months, were you (personally) ever hungry but didn’t eat because you
couldn’t afford enough food?
o Yes
o No
o Don’t know / Prefer not to answer
32. In the past 12 months, did you (personally) lose weight because you didn’t have enough
money for food?
o Yes
o No
o Don’t know / Prefer not to answer
33. For each of the following questions, please check the box that best reflects how good you
are at doing the following things:
Not at all
Extremely
good
good
1
2
3
4
5
6
7
8
a. How good are you at
working with fractions?
b. How good are you at
working with
percentages?
c. How good are you at
calculating a 15% tip?
d. How good are you at
figuring out how much a
shirt will cost if it is 25%
off?

34. For each of the following questions, please check the box that best reflects your
answer:
a. When reading the newspaper, how helpful do you find tables and graphs that are parts of
a story?
囗1
囗2
囗3
囗4
囗5
囗6
囗7
囗8
Not at all
helpful

Extremely
helpful

b. When people tell you the chance of something happening, do you prefer that they use
words ("it rarely happens") or numbers ("there's a 1% chance")?
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囗1
囗2
囗3
囗4
囗5
囗6
囗7
囗8
Always
Always
Prefer
Prefer
Words
Numbers
c. When you hear a weather forecast, do you prefer predictions using percentages (e.g.,
“there will be a 20% chance of rain today”) or predictions using only words (e.g., “there is
a small chance of rain today”)?
囗1

囗2

囗3

囗4

囗5

囗6

囗7

囗8

Always
Prefer
Percentages

Always
Prefer
Words

d. How often do you find numerical information to be useful?

囗1

囗2

囗3

囗4

囗5

囗6

囗7

Never

囗8
Very
Often

35. How do you see yourself: are you a person who is generally willing to take risks, or do
you try to avoid taking risks? Please circle the number on the 0 to 10 scale below, where
a 0 means you are “completely unwilling to take risks” and a 10 means you are “very
willing to take risks".
Completely
Unwilling to
Take Risks

Very Willing
to Take Risks
0

1

2

3

4

5

6
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7

8

9

10

36. What is your gender?
o Woman
o Man
o My gender identity is not listed above ____________________
o Prefer not to answer
37. Age Group
o
o
o
o
o
o
o
o
o

18-25
25-29
30-39
40-49
50-59
60-69
70-79
80+
Prefer not to answer

38. What is the highest degree or level of school you have completed?
If currently enrolled, please select the highest degree you have received.
o Less than highschool
o Highschool
o Apprenticeship training and trades
o College/University
o Graduate School/Professional degree
o Don’t know
o Prefer not to answer

39. Do you currently work at a job or business?
o Yes- Full Time (30 Hours or more per week)
o Yes- Part Time (less than 30 hours per week)
o No- Looking for Work
o No- Not looking for work
o Don’t know
o Prefer not to answer

40. My current relationship status is?
o Married
o Cohabitating
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o
o
o
o
o

Divorced
Separated
Single
My relationship status is not listed here: _________________________
Prefer not to answer

41. Would you describe yourself as: (select all that apply)
o Vegetarian
o Vegan
o Pescatarian
o Following a religious practice for eating: ______________ (Please Specify)
o None of the above
o Don’t know
o Prefer not to answer

42. Which of the following BEST describes your ethnic background? Please CHECK ALL
THAT APPLY
o
o
o
o
o
o
o
o
o
o

Indigenous (Inuit/First Nations/Métis)
White/European
Black/African/Caribbean
Southeast Asian (e.g., Chinese, Japanese, Korean, Vietnamese, Cambodian,
Filipino.etc)
Arab (Saudi Arabian, Palestinian, Iraqi, etc)
South Asian (East Indian, Sri Lankan, etc)
Latin American (Costa Rican, Guatemalan, Brazilian, Columbian, etc)
West Asian (Iranian, Afghani, etc)
Other (please specify) _________________________________
Prefer not to answer

43. How long have you lived in Canada?
o Less than 10 years
o More than 10 years
o Born here
o Prefer not to answer
44. What was your total household income before taxes in 2018?
o Less than $25,000
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o
o
o
o
o
o
o
o
o
o

$25,000 to $34,999
$35,000 to $49,999
$50,000 to $74,999
$75,000 to $99,999
$100,000 to $124,999
$125,000 to $149,999
$150,000 to $199,999
$200,000 +
Don’t know
Prefer not to answer

It is helpful to know the height and weight of survey participants.

45. How much do you weigh without clothes or shoes?
o Enter number: ______ lbs, OR ________ kgs
o Don’t know
o Prefer not to answer

46. How tall are you without shoes?
o Enter number: ______ feet______ inches, OR _______ centimeters
o Don’t know
o Prefer not to answer

Thank you for your time.
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11.2 Community Services Handout

COMMUNITY RESOURCES
Mental health resources
Canadian Mental Health Association to access call: 1-844-264-2993
Homewood Health Centre to access call: 519-824-1010
Ontario Mental Health Helpline to access call: 1-866-531-2600

Emergency and community food providers
Organization Contact

Description

Hours

Eligibility

Brant Avenue
Neighbourhood
Group

Once a month food
cupboard

Office:
Tues/Thurs
9am-3pm

Brant
neighbourhood
resident

519-821-9243
brant.ave.ng@gmail.com

Twice a month
morning meal
program for schoolage children

Bread:
Tues/Thurs
Food cupboard:
Tues/Thurs
1pm-3pm

Chalmers
Community
Services
(Downtown/
West)

519-822-8778
community@chalmerscentre.c
a

2-3 days of fresh
produce, eggs,
cheese, canned
and dried goods,
support and
referral, coffee and
snacks

148

Various
locations on a
rotating basis

No ID or proof
of income.

If visiting with
children, an ID
of children
must be
presented on
first visit

Society of St.
Vincent de Paul
(various
locations)

519-654-3575 (Church of Our
Lady)
519-265-8944 (Sacred Heart)

Emergency food
vouchers
dependent on
family size and
need.

Call to make an
appointment.

Information
needed:

Appointments
are booked and
home visits
performed.

name,
address,
phone number
and additional
information
may be
required
depending on
the client
request.

Emergency food
cupboard and fresh
bread every other
Sunday.

Wednesdays:
6:30-7:30pm

Preference
that you live in
Grange Hill
East.

Various models
offered during
service hours. New
‘Self-Help Shopping
Model”.

October to April:

519-824-7311 (St. John’s)

info@ssvpguelph.ca

Grange Hill East
Neighbourhood
Group

519-836-9427
info@gheng.ca
www.gheng.ca

Guelph Food
Bank

519-767-1380
guelphfoodbank@gmail.com

Saturdays: 910am

Monday-Friday
9-11:45am

Identification
needed and
eligibility is
based on
need.

May to
September:
MondayThursday
9-11:45am

HOPE house

519-265-4299

Both nonperishable and
perishable items

Various hours
throughout the
week, call to
confirm.

Call to make
an
appointment.
Need based.

Onward Willow
Neighbourhood
Group

519-824-6892

2-3 days of
emergency food.

Monday-Friday
10am-4pm

Must live in
Onward Willow
neighbourhood
.

onwardwilownsw@gmail.com
(closed
Tuesday)
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Parkwood
Gardens
Neighbourhood
Group

519-824-6340

Food pantry with
various nonperishable foods

Call for
appointments.

Preference
that you live in
Parkwood
Gardens.

Salvation army

519-836-9824

Free shelf &
hampers

Tuesday-Friday
1-3:45

Interview
Process.

Trinity United
Church

519-824-4800

Emergency Food
Cupboard

Tuesdays 911am

All welcome.

Two Rivers
Neighbourhood
Group

519-837-4248

Emergency Food
Cupboard

Rotating days.

Preference
that you live in
Two Rivers.

North Riverside
Neighbourhood
Group

519-821-9677

Emergency
Practical Needs
Shelf

By appointment.

Preference
that you live in
North
Riverside.

Welcome In
Drop In Centre

519-837-0080

Non-perishable
food pantry

Monday-Friday
8am-3pm

Everyone
welcome.

West Willow
Village
Neighbourhood

519-826-9930

Emergency Food
Supplies and nonperishable foods

As needed.

Preference
that you live in
West Willow
Village
Neighbourhoo
d.

The SEED
Community
Food Market

519-821-6638 x 309

Choose what you
pay scale. The low
end is 30-50% less
than grocery prices
and the upper scale
is retail value.

Fresh fruits and
vegetables
available
Tuesdays 37pm

All are
welcome.

info@tworiversng.ca

northriversidegroup@hotmail.c
om

info@westwillowvillage.ca

Adapted from 2019 Guelph-Wellington Food Access Guide. Guelph & Wellington Task Force
for Poverty Elimination.
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11.3 Consent Form
Department of Food, Agricultural and Resource Economics
50 Stone Road E, Building 025
Guelph, ON N1G 2W1

Experimental Grocery Shopping Exit Survey
You are invited to participate in a research project at the University of Guelph. This project is funded
by the Ontario Ministry of Agriculture, Food and Rural Affairs.
The 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: Dr. Yu Na Lee, Assistant Professor, Department of Food, Agricultural
and Resource Economics, University of Guelph, ylee13@uogueph.ca, 519-824-4120 ext.
53427
Other Investigator: Dr. Michael von Massow, Associate Professor, Department of Food,
Agricultural and Resource Economics, University of Guelph, mvonmass@uoguelph.ca, 519824-4120 ext. 56347
Other Investigator: Laura Stortz, Masters Student, Department of Food, Agricultural and
Resource Economics, University of Guelph, lstortz@uoguelph.ca
If you have any questions or concerns about the research, please feel free to contact the principal
investigators.
PURPOSE OF THE STUDY
The purpose of this project is to understand how consumers shop within grocery stores and how they
interact with the shelves and packages.
PROCEDURES
If you volunteer to participate in this study, we would ask you to do the following things: You will be
wearing eye tracking glasses which will have to be adjusted to suit you, you will be asked to think
about your typical budget and what you normally purchase keeping in mind that you will be taking
home one of the products you select, bring all your items to the check out, remove the glasses, then
you will be asked to complete a survey, and you will have the option of obtaining the results following
the experiment’s completion.
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If at any point through the survey you do not feel comfortable answering a question or would rather
not answer the question you have the option to indicate your choice on the survey.
You will be asked to shop normally and answer a questionnaire, the entire process will take between
30-40 minutes.
RISKS AND BENEFITS
Aside from discomfort wearing the glasses while shopping, there is little to no physical risk to you to
participate in this project. You may feel uncomfortable answering some questions about your health,
food security status and body perceptions, be assured that your data will be anonymized and not to
you. If you have suffered from body image related issues or food insecurity you may feel
uncomfortable answering some of the questions. If you would like to have a summary of the results,
you can leave your contact information (either a mailing address or an email) and we can send you a
brief report at a later date. If you have more questions, please feel free to contact the principal
investigator.
The responses to this survey will be coded for the duration of the analysis (until spring 2020)
afterwards it will be anonymized. If you have questions about how the data will be used, you may ask
the researcher here or contact the principal investigator.
There are no direct benefits to you for your participation. Your contribution will be helping researchers
better understand individuals’ food choices and contribute to evidence-based policy. By participating
in this research, you are helping to strengthen Ontario’s food sector through helping understand
consumer demand and preferences. Responses collected through this study will be anonymous and
may be used for future studies. The responses will primarily be used for a thesis project and future
academic papers related to how consumers shop.
You will receive reimbursement for your time ($20) less the amount of a randomly selected food
product in your basket. You may also request reimbursement for travelling via Guelph transit if you
retained your transit stub.
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. If you withdraw before the survey portion you will be compensated $5 and if
you withdraw at the end you will receive full compensation. . Due to the lack of individual identifiers
in the survey data, upon completion of the survey there is no way to remove your responses from the
data set. You may also check ‘Prefer not to answer’ for any questions you do not want to answer and
still remain in the study. The investigator may withdraw you from this research if circumstances arise
that warrant doing so. Participants may be excluded if they are 1) under the age of majority 2) do not
have glasses that fit under the eye tracking glasses (if applicable) 3) are not sufficiently literate in
English.
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RIGHTS OF RESEARCH PARTICIPANTS
This project has been reviewed by the Research Ethics Board for compliance with federal guidelines
for research involving human participants. If you have any questions regarding your rights and welfare
as a research participant in this study (REB #19-07-022) please contact:
Manager, Research Ethics, University of Guelph
reb@uoguelph.ca, 519-824-4120 ext. 56606.
You do not waive any legal rights by agreeing to take part in this study.
CONFIDENTIALITY
All data collected in the survey will be confidential, no individual identifiers will be attached to the
survey data. This written consent form will be stored separately from the survey questionnaires. Your
responses on the survey will be coded and then anonymous. Laura Stortz will have access to the data
until the documents are delivered to the primary investigator, which will occur directly after the survey
session has concluded. Either Laura Stortz or Andrew Baynham may run the experiment and they have
both completed the Ethical Conduct for Research Involving Humans
Course on Research Ethics 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 (Dr. Yu
Na Lee) and other investigators (Laura Stortz, Dr. Michael von Massow).
SIGNATURE OF RESEARCH PARTICIPANT
I have read the information provided for the study “Experiential Grocery Shopping Survey” as
described herein. My questions have been answered to my satisfaction, and I agree to participate in this
study. I have been given a copy of this form.
________________________________________
Name of Participant (please print)

________________________________________

_________________

Signature of Participant

Date

If you would like to receive a copy of the results, please provide us with your mailing address or an
email address:
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___________________________________________
___________________________________________
___________________________________________
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11.4 Partial Disclosure Script
“When you decided to participate in this study we only said that it was a grocery shopping
experiment. We did not tell you that it was nutrition warning label study. The federal
government has proposed mandatory front-of-package nutrition warning symbols. Before
they implement the labels more research was needed to test the effectiveness of the labels. If
we told you the nature of the experiment our results may have been compromised as you
may have been looking for the labels during the experiment or looked at NFT during the
study more often then you normally would. Partial disclosure was necessary to see how you
shop normally estimate if the labels are noticeable and if they influenced your choices. If you
have any questions about the study and how we will use the results you may ask them now.
If you would like to remove your data from the experiment you may also let us know. Your
compensation will not be affected.”
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11.5 Flyer for recruitment
The flyer put up in public areas for recruitment is on the next page.
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Recruitment Document

LOOKING FOR ADULTS TO PARTICIPATE IN A
GROCERY SHOPPING STUDY
Do you want to assist in a grocery
shopping study?
We are recruiting 200-350 adults
who live in Guelph, between the
ages of 18 to 65, to use mobile eye
tracking technology in a controlled
experiment on the University of
Guelph campus.
Participants will be required to visit
the University of Guelph for:
•
•

Grocery shopping using eye tracking technology
Post-shopping survey

Screening, experiment and survey should take no more than
30-40 minutes of your time and you will receive $20
(combination of cash and food item from your basket).
If you wear large glasses, please contact the research team to discuss your eligibility in
participating as in some cases the eye tracking technology may not be compatible.
To find out more about the study and your eligibility as a participant please contact.

Research Team

Department of Food, Agricultural and Resource Economics

Email: guelph.food.lab@uoguelph.ca

J.D. MacLachlan Building

Ph: 519-831-6091 or 519-721-7015

50 Stone Road East
Guelph, Ontario, Canada, N1G 2W1

This project has been reviewed by the Research Ethics Board (REB) for compliance with federal guidelines for
research involving human participants. If you have any questions regarding your rights and welfare as a
research participant in the study, please contact REB at University of Guelph (REB#19-07-022).
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11.6 Newspaper ad for Recruitment
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11.7 Grocery Lists used in study

Grocery List A:

Cereal
Yogurt
Peanut Butter/Jam
Tea/Coffee
Popcorn
Soup
Pasta/Pasta Sauce
Cookies
Crackers
Ketchup/Mustard
Milk/ Soda/ Juice/ Water
Granola Bars
Potato Chi
159

Grocery List B:

Cereal
Peanut Butter/Jam
Cookies
Yogurt
Potato Chips
Milk/ Soda/ Juice/ Water
Granola Bars
Popcorn
Soup
Ketchup/Mustard
Crackers
Pasta/Pasta Sauce
Tea/Coffee
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Grocery List C

Ketchup/Mustard
Crackers
Milk/ Soda/ Juice/ Water
Peanut Butter/Jam
Popcorn
Yogurt
Cereal
Granola Bars
Cookies
Potato Chips
Tea/Coffee
Pasta/Pasta Sauce
Soup
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Grocery List D

Milk/ Soda/ Juice/ Water
Crackers
Peanut Butter/Jam
Soup
Pasta/Pasta Sauce
Potato Chips
Yogurt
Ketchup/ Mustard
Tea/Coffee
Cookies
Popcorn
Cereal
Granola Bars
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