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Abstract
Front-of-package and on-shelf nutrition labelling systems in supermarkets, such
as Guiding Stars R , have been shown to lead to only modest increases in the purchase of more nutritious foods. Educational campaigns may increase their use if there
is 1) a lack of consumer awareness and/or understanding of the labels, and 2) the
information provided lead consumers to prefer different products. We study a largescale, national campaign for Guiding Stars conducted by a grocery retailer in Canada
who implemented the program. Using detailed transaction data, we find only a small
increase in the purchase of higher star-rated foods during the campaign, driven by
consumers who were already purchasing healthy products, and 40-50% of the effect
disappears after the campaign’s conclusion. To explain the limited response, exit surveys were conducted outside of stores before and after the campaign. Awareness
and understanding of the nutrition labelling system increased marginally after the
campaign, with no increases in self-reported use. To have impact, on-shelf labelling
programs must achieve higher levels of awareness and understanding and increase
desired usage of the information.
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Introduction

Unhealthy diets are a leading risk factor for chronic diseases and premature death in both
Canada and the United States.1 To help consumers make more informed food purchasing decisions, Nutrition Facts Panels on most packaged foods have been mandatory in
the United States since 1994 and in Canada since 2005. While evidence suggests that demand is sensitive to nutrition information (Ippolito and Mathios 1990, 1995; Kiesel and
Villas-Boas 2008; Mathios 2000), there is also evidence that the majority of consumers have
difficulty interpreting and applying the information in Nutrition Facts Panels (Nielsen
2012). Russo et al. (1986) propose that there are three types of costs associated with the
processing of this information: collection costs (time and effort expended to acquire the
information), computation costs (effort in combining the gathered information into an
evaluation), and comprehension costs (effort necessary to understand the information).
To help address this challenge, there have been substantial efforts to simplify the manner in which nutritional information is displayed to consumers through front-of-package
(FOP) or on-shelf labelling. Ikonen et al. (2019) provide a typology of these types of labels, which include nutrient-specific labels that highlight specific positive or negative attributes, and summary indicators, which incorporate all of the most important health
characteristics into a single indicator, such as traffic light symbols that use green lights to
designate the healthiest products and red lights to designate the least healthy. We provide some examples in Figure 1. Hawley et al. (2013) conclude in their review paper
that while traffic light symbols consistently helped consumers identify healthier products, consumers still struggled to notice, comprehend, and use even simplified nutrition
labelling. In a more recent meta-analysis, Ikonen et al. (2019) similarly find that FOP labels do in fact help consumers identify healthier products, but they have thus far been
limited in their ability to spur the purchases of healthier choices.
[Insert Figure 1 here]
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In this paper, we study the effect of a large-scale, national educational campaign intended to increase the use of simplified, on-shelf nutritional labels. It has been proposed
that consumer education might play a role in increasing consumers’ propensity to use
FOP and on-shelf labels, leading to an increase in the purchase of healthier products.
However, the potential for such campaigns is a priori unclear. Carbone and Zoellner
(2012) summarize the literature on nutrition and health literacy and note that there is a
clear need to explore the moderating and mediating roles of an individual’s health literacy status on nutrition outcomes. Without knowing whether unhealthy diets are a result
of lack of awareness and understanding, which can be addressed via educational campaigns, versus a lack of interest in (or trust of) the information (or the absence of new
information), it is not clear whether these attempts to educate consumers will lead to any
substantive behavioral changes.
This a classic marketing problem: marketers must engage in different interventions
along the consumer purchase funnel, depending on whether consumers are lacking in
awareness, understanding, consideration, or desire for behavioral change. Prior evidence
suggests that food purchasing and consumption patterns are largely influenced by access (availability and price), time and convenience (healthier foods often require time
and ability to prepare), and taste preference (Swinburn et al. 2011). If this is the case,
information-based interventions alone are unlikely to dramatically shift food purchasing
patterns across the population, but they can be a key component of a larger comprehensive strategy.
The large-scale, national campaign that we study in this paper was designed to both
promote the program and educate consumers with regards to how they can use the labels in order to improve awareness and comprehension of the Guiding Stars R on-shelf,
nutrition labelling system, with the ultimate goal of then increasing use of the labels.2
The labels were introduced by a large, national Canadian grocery retailer in Canada in
2

As part of the campaign, the CEO of the retailer stated in a 30-second national television commercial
that “Nutrition has never been more confusing - that’s why we introduced Guiding Stars, an in-store food
rating system that makes food choices simple.”
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multiple banners. Guiding Stars is a summary indicator that uses a simple zero to three
stars metric to summarize the healthiness of food products: the higher the star rating
the higher the relative nutritional quality of the product (see Figure 2 for an example).
This intervention provides a simple, single-dimensional metric of the nutritional quality
of all fresh and packaged foods, which consumers may choose to use when making food
purchases in a supermarket.3
[Insert Figure 2 here]
In addition to television advertisements, the national campaign included radio and
flyer advertisements and enhanced in-store signage describing the Guiding Stars system
and how to use the system in supermarkets (see Figure 3 for some examples). The retailer
also provided information through their grocery store websites to entice consumers to
monitor the star ratings of their purchases over time and to provide information about
the purchases of their fellow shoppers. The website also included a detailed three-minute
video explaining how to use the Guiding Stars labels.4
Although the Guiding Stars system helps consumers by incorporating the tradeoffs
across attributes, the effects of the program in the absence of a complementary campaign
have been found to be small (Sutherland et al. 2010; Cawley et al. 2014; Rahkovsky et al.
2013; Hobin et al. 2017). Hobin et al. (2017) argue that one explanation for the very modest
effect of the labels is that, six months after implementation, fewer than 10% of consumers
reported noticing and understanding them. These results imply that there may be scope
for a national educational campaign to improve awareness, understanding and use of
the Guiding Stars system, ultimately improving the nutritional profile of the food items
3

Guiding Stars is one of the first large-scale nutrition labelling systems for foods that is consistent with
the recommendations for well-designed labels by the US National Academies, formerly the US Institutes
of Medicine, with the notable exception that products with a 0-star rating carry no label. In other words,
products with the lowest nutrition rating do not display any rating and are thus indistinguishable from
products that are not rated.
4
Another video shows a dietician explaining how the ratings are created using a “scientific algorithm” in
which a food get credits for healthy attributes and is debited for unhealthy ones. The dietician also explains
the different star levels and where to look for them.
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consumers purchase thereby. By combining an educational campaign with labeling, the
retailer is using a two-step strategy: the first step is to simplify the information, and the
second step is to educate consumers in how to use it. In our setting, the educational
campaign happened well after the rollout of the Guiding Stars system, which allows us
to isolate the effect of the educational campaign.
We assess the response to the campaign using multiple approaches. First, we use detailed transaction data in Ontario to study the effect of the campaign on foods purchased,
how this effect varies by food category, and how this effect varies by household. We estimate the effect of the national campaign using a difference-in-difference approach in
which we use each store’s previous year as a non-concurrent control group. To attribute
differences to the educational campaign, we must assume that trends are common across
years for the treated units (the stores). Similarly, we perform a cardholder analysis using each household’s previous year as its non-concurrent control; with this analysis, we
only have to assume that household-level trends are common across years (household
preferences for healthy products do not have to be stable and can increase or decrease
over time, but they must do so at a constant rate). Given the usual stability of household preferences over time, the household analysis relies on fewer assumptions because
changes in consumer composition at stores will not affect the results. In both approaches,
we find only a small increase in the share of the most nutritious, three-star items (with
corresponding decreases in other items) during the campaign; approximately half of the
effects carry over to the two months following the campaign.
[Insert Figure 3 here]
To explain the limited response, exit surveys were taken outside of stores before and
after the campaign. Awareness and understanding of the nutrition labelling system increased marginally after the campaign, with no increases in self-reported use. To have
an impact on consumer purchasing, on-shelf labelling programs need to achieve higher
levels of awareness and understanding, and to increase consumers’ desire to use the in4

formation.
We then use the household data to explore whether these mechanisms appear consistent with the transactions data. We find that those households who increase their purchase of products with more stars are those that were purchasing higher-starred products
before the campaign. The campaign actually increases the share of unhealthy purchases
by those households who were purchasing more unhealthy items before the campaign.
This finding, that the campaign serves to reinforce existing behavior, is not encouraging
for policymakers hoping to leverage educational marketing campaigns to spur healthier
consumption behavior by those not eating healthy.
This paper contributes to the literatures on consumer education and information provision. From a substantive perspective, policymakers are very interested in whether information simplification via labels can help consumers make more informed choices, from
domains spanning nutrition, energy, and firm sustainability. In many cases, these labels
do not necessarily provide new information. Instead, they provide key summary statistics of more complex information. This begs the question: who is likely to be affected?
More informed consumers will have already utilized the more complicated information,
i.e. the Nutrition Facts Panels in the domain of nutrition for grocery products. Furthermore, those consumers who are more likely to value the information are more likely to
work to understand the information provided, in both the more complicated and simplified formats. Thus we would expect labelling by itself to influence those consumers
who are aware of the labels and who value the information, but who had high costs of
processing the information in the more complicated format. Following the introduction
of simplified labels, an educational, campaign is likely to serve to increase awareness and
understanding on average, but if consumers who value the information are already aware
and have an understanding of the labels, then it is only affecting those consumers who
place low value on the information, and its impact on health outcomes will be limited.
This is indeed what we find.

5
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Background

Despite its relevance, there is little work in marketing that studies the impact of nutrition
literacy or campaigns intended to increase nutritional knowledge. This is not the case
for all domains: for personal finance, research has focused on education as a remedy to
increase financial literacy and desirable behaviors due to the complicated nature of the information.5 A similar issue with the traditional Nutrition Facts Panels is their complexity,
and consumers’ resulting difficulty in using them.
In 2004, health literacy and nutrition advancement were identified as priority issues by
the Academy of Nutrition and Dietetics. The more recent term “nutrition literacy” reflects
key elements of both health literacy and food literacy (Velardo 2015)6 , encompassing the
“declarative, procedural and subjective knowledge to promote increased awareness and
behavioral changes” (Truman et al. 2019).7 Declarative knowledge is characterized by an
awareness of facts and processes, whereas procedural knowledge encompasses skills and
strategies regarding how to do something. Of course policy makers do not simply want
consumers to know how to make healthy choices; they want them to actually change their
behavior.

2.1

Nutritional Campaigns in Health

National health education campaigns have been shown to only sometimes lead to behavioral change. Davis et al. (2008) summarizes the findings for anti-smoking campaigns,
some of which have been very effective, and in the health domain, Barragan et al. (2014)
showed that a campaign illustrating the number of sugar packs contained in sugary
5

Unfortunately (from a policy-maker perspective), in a large-scale meta-analysis of 168 papers studying the role of financial education, Fernandes et al. (2014) found that interventions intended to improve
financial literacy only explained 0.1% of the variance in financial behaviors, and that the effects of financial
education decay considerably over time.
6
The U.S. Department of Health and Human Services (HHS) defines health literacy as “the degree to
which individuals have the capacity to obtain, process, and understand basic health information needed
to make appropriate health decisions”; food literacy emphasizes the importance of knowledge, skills and
behaviors to improve food intake (Truman et al. 2019).
7
Yuen et al. (2018) provides a review of the and appraisal of the instruments that have been previously
developed to assess nutritional literacy.
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drinks led to increased intention to decrease sugary beverage consumption and an increase in awareness of health messages. In contrast, in the domain of sexually transmitted diseases, many campaigns have been shown to be ineffective (Stekler et al. 2013; Ross
et al. 2016). Noar (2006) provide a summary of the research in national health campaigns
and find that the extent of the impact depends heavily on the desired behavioral outcome.
Nutritional campaigns, specifically, have been used to influence behavior for decades.
Stern et al. (1976) studied a two-year, bilingual, mass-media health-education campaign that was carried out in two communities. Both treatment conditions included a
mass-media campaign, but one of the treatment conditions also included the personal
counseling of high-risk individuals. The authors found that both intensive instruction
and the mass-media campaigns led to significant reductions (20-40%) in cholesterol and
saturated fat consumption. The idea that mass educational campaigns might lead to large
behavioral changes was thus supported, and we have seen a plethora of interventions
since.
Ammerman et al. (2002) perform a meta-analysis covering 92 studies, looking specifically at the efficacy of nutrition interventions among adults that aim to increase fruit
and vegetable consumption and reduce the intake of dietary fat. Despite the finding in
Stern et al. (1976) that a mass-media campaign can be effective in affecting behavior, Ammerman et al. (2002) find that goal-setting and small group interventions were the most
effective types of interventions. In a more recent paper, Uetake and Yang (2019) also find
that small-group settings can serve as strong motivators of behavioral change. This is not
to say that mass-media campaigns are ineffective. Snyder (2007) reviews the evidence
for the effectiveness of health communication campaigns by examining multiple metaanalyses, including studies on fruit and vegetable consumption, breastfeeding, substance
abuse, heart health, and reproductive health. They find that health communication campaigns that include use of the mass media (and avoid coercion) have an average effect
size of about 5 percentage points.
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Snyder (2007) highlight the need for these campaigns to present new information; in
the context of calorie labels on menu boards, Bollinger et al. (2011) also show that if labels
do not reveal new information, then behavioral change is unlikely. This leads to ambiguity as to whether Guiding Stars and other interpretive summary indicator labels will
affect behavior, since they aggregate information that is already on a product’s packaging. The weights used by nutritionists to make tradeoffs across nutrients are likely not
information known a priori to consumers, but the general healthiness of the product can
be assessed attribute-by-attribute by those consumers who value healthiness. However,
Levy and Fein (1998) argue that shoppers struggle with computation and comprehension
costs, and therefore simplified information might be consumed by those consumers who
were unable or unwilling to incur the costs of assessing the more complicated Nutrition
Facts Panels.
Other types of campaigns that don’t focus solely on the provision of declarative information are also an option. Stadler et al. (2010) study whether an intervention that
combines information with self-regulation strategies (procedural knowledge) leads consumers to eat more fruits and vegetables than an information-only intervention. Participants in both groups ate more fruits and vegetables the first four months after intervention, but adding self-regulation training to the information intervention increased its
effectiveness for long-term behavior change. Fear-arousing communications are another
way to affect behavior by attempting to get consumers to care more about the information
presented; many anti-smoking campaigns are good examples of this strategy. However,
Maio et al. (2007) point out that fear-arousing communications have demonstrated that
behavior change is driven by perceived vulnerability to a health risk (not severity). Unless
consumers believe that they are at risk themselves, they are unlikely to take any action
(De Hoog et al. 2007).
One issue with fear-arousing communications is that they require a stance on the
severity of a particular issue. A virtue of labels that only provide declarative information, such as nutritional content, may be more politically feasible to implement. That
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said, Chile recently implemented ”stop sign” warning labels, which not only present information about sugar or fat content, but do so in an evocative way. Araya et al. (2018)
find large effects of these labels, but only in categories where the labels might provide unexpected information (juices and cereals) – they find no impact on chocolates and candies
and cookies. Thus, it appears that new informational content is still critical in eliciting
behavioral change.

2.2

Nutrition Labels

Despite the importance of the informational content of labels, Walls et al. (2009) are pessimistic about the ability of information provision to change behavior, partly due to the
many attributes that consumers must account for in their decision-making process. The
concern is that many consumers do not have the declarative knowledge required to make
informed decisions.8 Comprehension and use of the Nutrition Facts tables is particularly
low for people with lower levels of education (Canadian Council of Food and Nutrition
2008; Canada 2011), and there is real potential for information overload (Jacoby et al. 1974;
Jacoby 1984).
Russo et al. (1975) propose that simplified information can help enable consumers to
incorporate the information in their decision processes. Indeed, the main benefit of the
Guiding Stars label is the fact that it is a simple, at-a-glance, single-index measure of the
nutritional value of a product.9 Thus, the effectiveness of FOP and on-shelf nutrition labels such as Guiding Stars is of high importance to policymakers – the US Food and Drug
Administration and National Academies are both investigating such labels’ effectiveness
in order to provide guidance to policymakers and the food industry (Hawley et al. 2013).
8

Persoskie et al. (2017) use data from the Health Information National Trends Survey and find that 24%
of people could not determine the calorie content of a full ice-cream container, 21% could not estimate the
number of servings equal to 60g of carbohydrates, 42% could not estimate the effect on daily calorie intake
of foregoing one serving, and 41% could not calculate the percentage daily value of calories in a single
serving.
9
This also avoids the issue demonstrated by Schmeiser (2014) in the context of GMOs, who shows how
the weight consumers place on an attribute can change with mandatory disclosure of specific attributes.
The Guiding Stars system may increase the weight on nutrition, but not on one nutritional attribute to the
detriment of another (except through the algorithm underpinning the Guiding Stars ratings).
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Voluntary and mandatory FOP systems are also being considered and implemented internationally (e.g., France, Chile, Ecuador, Australia, Canada, the UK).
Labelling systems that aggregate information on multiple product characteristics into
a single, simple metric have been studied in lab contexts to assess their effectiveness.
Lang et al. (2000) study a color-coded shelf label program using exit surveys (N=361),
and find that awareness of the program was 28.8% but 37% of participants reported they
did not use the shelf-label system. In a quasi-experimental, repeated measures study,
Levy et al. (1985) found that 31% of customers in the shelf label condition reported using
the labels two-years after implementation. Understanding and use of the labeling system
is of course crucial if policymakers want to affect consumer health.10
Although there are many studies assessing response to labels, only a handful explore
the effect of such labels on actual food purchasing behaviors. Ikonen et al. (2019) summarize most of them in their recent meta-analysis. Four studies, of which we are aware,
examine the effectiveness of the Guiding Stars system specifically, in the absence of an
accompanying campaign that would help inform the consumer regarding the system’s
use. Using store-level transaction data from 168 stores in five US states before and after implementation of the intervention, Sutherland et al. (2010) find that 24.5% of products purchased before the intervention earned a star rating. This proportion increased to
25.0% (p < 0.001) and 26.0% (p < 0.0001) at one and two-year follow-ups, with the most
movement in sales from 0- to 1-star products. Cawley et al. (2014) examine changes in
sales following the implementation of Guiding Stars in 150 stores of a single supermarket
chain in the US. They find that sales of foods with 0-stars declined by 8.31% (p = 0.004)
one year post-intervention, while sales of foods with ratings of 1-, 2-, and 3-stars did not
change (p = 0.21). The share of starred food items purchased increased only 1.39%, and
overall sales declined.11 Similarly, Hobin et al. (2017) examine the effect of the Guiding
10

Hawley et al. (2013) provide a nice summary of the papers on shelf and FOP food labels, concluding
that traffic light symbols were the most effect way of conveying information.
11
An issue with both of these studies is the lack of controls for seasonality and other macro trends affecting food purchases. To overcome this issue, Rahkovsky et al. (2013) compared sales of breakfast cereals in
supermarkets with and without Guiding Stars (using propensity score matching) with the use of Nielson
Scantrack data, one year before, and 20 months after implementation. They found that the market share of
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Stars labelling system across all categories, assessing the impact of the program on nutritional quality of food purchases, and find that the labelling led to an increase in the mean
star level of products purchased by just 1.4%.
Although these papers find a quite modest impact of the Guiding Stars labels, Nikolova
and Inman (2015) also study the impact of a simple nutritional summary indicator, the
NuVal label, and report a much larger impact. However, the main results in this paper
use a pre/post study design, with no time trends, and thus trends in the healthiness of
products purchased are attributed to the label. When the authors include data from another retailer as a control group in a robustness check, the main effect of the labels is less
than half of what is reported in the main results.12

2.3

Educational Interventions For Labels

Policymakers have proposed that educational campaigns to support consumer awareness and understanding might substantially increase the use of these labels; thus, an
assessment of these labelling programs in conjunction with a campaign is necessary in
order to predict the true potential of such interventions. Nutrition is not the only domain in which educational campaigns have been used in conjunction with labels. The
government-run Energy Star program has combined appliance energy labels with active
promotion and education via the internet, television ads, public information campaigns,
and partnerships, leading to a much greater response by consumers than competing energy labelling programs (Banerjee and Solomon 2003). Using data from the Residential
Energy Consumption Survey, Murray and Mills (2011) find that consumer attributes can
explain significant heterogeneity in the mere awareness of labels, which can explain why
cereals with 1-, 2-, and 3-stars significantly increased by 1.15%, 0.89%, and 0.54%, respectively, while market
share of 0-star cereals decreased by 2.58% (p < 0.01). The authors found that purchasing of least nutritious
(0-star) cereals was higher among lower income consumers, and this association was found in stores with
and without the Guiding Stars system.
12
The analysis uses household data and is performed at the product level, but with no category-specific
trends, no time dummy variables, no controls for category-specific seasonality, and no household fixed
effects; thus, even with the control group, it is not clear how much of the effect is due to within-household
changes in the healthiness of products purchased versus compositional effects, other macro trends, and
seasonality.
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these campaigns are effective.
For nutritional labels specifically, Moore et al. (2018) review 17 papers studying the impact of other types of educational interventions intended to increase understanding and
use of the labels; the interventions include in-person classes and web-based education.
All studies reported a statistically significant improvement in one or more outcomes of
participant understanding or use of nutrition labels. Seven studies examined the impact
of a single one-off class, and the remaining 10 programs promoted nutrition label use and
understanding skills as part of a healthy eating intervention. A few programs included
at least part of the program at the supermarket.
Eleven of the studies examined nutrition knowledge as an outcome variable, and 13
studies evaluated the impact of the interventions on what the authors describe as nutrition label “use”. But none of the studies included in Moore et al. (2018) study actual use of
the labels. Five of the studies did measure self-reported measures of the degree to which
the subjects read the labels. Other outcome measures described as “use” were measures
of self-confidence in using labels. The closest any of these studies came to measuring actual usage was a small pre/post study of 32 undergraduates. Subjects were shown five
cereal boxes, and eye tracking was used to measure the time spent looking at the nutritional labels. The treatment group then reviewed a picture-based educational nutrition
booklet, and the control group worked on a word-find puzzle. The same cereal boxes
were then shown, and, unsurprisingly, those subjects shown the booklet spent more time
examining the health information than those in the control group, a finding that can be
completely explained by the relevance of the intervention to the information presented.
The lack of studies examining educational tools on actual usage of labels is a substantial gap in the literature – indeed, Moore et al. (2018) acknowledge that the “self-reported
measures are likely to be biased or over-estimated in terms of label use particularly in the
context of the intervention setting.” Another concern is that all 17 studies in the metaanalysis required subjects to select into the study. If only subjects interested in learning
more about health selected into the studies, it would question the external validity of
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the results for the population at large. In a cross-sectional population study, Christoph
et al. (2018) surveyed nearly 2,000 young adults, aged 25-36, to better understand how
Nutrition Facts labels are used. The survey data showed that women, people with more
education, those who are more active, those who are overweight, and those who are trying to change their weight are more likely to read the Nutrition Facts labels. Campos et al.
(2011) provide a systematic review examining nutrition facts labels with similar results.
But a main goal of Guiding Stars and the educational campaign is to influence consumers
who are not already actively engaged in trying to purchase healthier products.
We propose that the campaigns may not affect consumers substantially due to endogenous learning: conditional on awareness, those consumers who value the information
will have incurred the costs of learning how to use the labels. If this is the case, we would
also expect the campaign to increase the healthiness of products purchased by those consumers who are already purchasing healthy products, and to have no effect (or a negative
effect) for consumers who are already purchasing unhealthy products.
In some ways, the educational campaign for the labels is similar to any other product
campaign. It can increase awareness of the labels or the utility of using them. Whether the
labels are then used is determined by whether the usage of the labels provides positive
utility to that consumer. As previously noted, one advantage of our study is that the
educational campaign happens much later than the labelling program begins, allowing
us to disentangle the effects of promotion and labelling.13 In their paper, Nikolova and
Inman (2015) also study the impact of promoting the NuVal system, but the promotion
is through the grocery chain’s weekly flyer. The authors find a positive effect in their
pre/post analysis, but since the NuVal program is promoted when the firm promotes the
healthier products, the estimated positive effect will also be capturing the general product
promotion effect, not just the effect of promoting the NuVal program. Since the campaign
we study does not co-occur with the promotion of specific products, we can separately
identify the effects of information and education from that of product promotion.
13

The labelling began in the banner we study in August 2012.
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3

Campaign Details and Data

The Guiding Stars national campaign was run from January 9, 2015 to February 5, 2015.
Figure 4 shows the exact timing of the implementation of Guiding Stars and the timing of
the national education campaign. One advantage of studying this particular campaign is
that it was scheduled in advance to run several months after the rollout of Guiding Stars
in the other banners nationwide, and thus the timing is not endogenous to consumers’
usage of Guiding Stars in Ontario, where Guiding Stars was first implemented. We also
indicate when we collected survey data on customer awareness, understanding, and use
of the Guiding Stars labels. Because the educational campaign was national in scope, we
do not have a contemporaneous control group. We therefore use the year April 1, 2013 to
March 31, 2014 as a control for the year April 1, 2014 to March 31, 2015. This allows us
to account for seasonality and other time-varying factors which may not be controlled for
by week-of-year dummy variables. Because we need to use the prior year as the control
group, we confine our analysis to the first banner in Ontario, which had implemented the
Guiding Stars system prior to the start of our control period: April 1, 2013.
[Insert Figure 4 here]
The campaign itself consisted of 30-second English and French ads on national television, magazine ads, ads in weekly flyers, in-store demonstrations, and in-store signage.
The retailer worked through their PR team to engage national vendors, and feature print
articles appeared in Chatelaine, Canadian Health & Lifestyle and Best Health. Of note,
the national campaign was not followed by any large, sustained marketing endeavors,
which might have helped to maintain or increase awareness and use of the program.
The primary data for this study includes all transactions for supermarkets in the first
banner in Ontario, Canada between April 1, 2013 and March 31, 2015. Each line in the
raw data corresponds to a particular UPC on a given shopping trip or transaction, where a
shopping trip is defined by a receipt. Each line contains information on the price, quantity
(by weight and number of packages), the UPC code, date and time of purchase, and
14

a store identifier. In addition, a subset of the data has a unique household identifier,
related to their loyalty card, which is affiliated with the supermarket banners. The dataset
includes a total of 77.2 million transactions, 9.7 million of which are by shoppers who use
the retailer credit card, which allow us to track their purchases over time.14 We merge the
transaction data with the Guiding Stars data from the Guiding Stars Licensing Company,
who determine a final star rating for each UPC offered by the banners, as well as nutrition
information for each product.15 The Guiding Stars nutrition information dataset includes
more than sixty thousand unique UPCs.
Within each store-day, we compute a quantity weighted average of the nutrition characteristics for each UPC within a transaction and calculate the quantity-weighted mean
stars and share of each star level. We then calculate a quantity weighted average across
transactions at the store-day level, the unit of observation in our main analysis.
[Insert Table 1 here]
Table 1 presents summary statistics for the stars and nutrition characteristics for the
entire sample period. The upper panel displays summary statistics of calories and nutrients. The lower panel displays summary statistics for the number of transactions and
total number of items.16 On average, there are 2481 transactions per store-day in our data.
The average item purchased contains 114 calories and 4.2 grams of fat per serving, and
has 1.35 stars. The average number of items per transaction is 7.89, meaning there are
19,568 items purchased per day in our data.
14

We trim the purchase data by excluding the shopping trips in the top percentile of items.
A small fraction of products are not rated.
16
Because the quantities in the lower panel are summed across days, rather than means, these two statistics are constructed without weighting across transactions within a store-day.
15
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4

Transaction Data Analysis

4.1

Average Effects

As previously mentioned, in order to estimate the effect of the national educational campaign, we use a difference-in-differences approach in which the control group is the previous year. Figure 5 plots the quantity-weighted average star rating per item purchased
in the transaction data in the first graph, and in the cardholder data in the second. The
treatment group is the second year of our sample, April 1, 2014 to March 31, 2015, and
is represented by the darker line; the control group is April 1, 2013 to March 31, 2014,
represented by the thinner gray line. The solid vertical line denotes the start of the campaign, which ran mostly in January, while the dashed vertical line denotes the end of the
campaign.
Although we use a non-standard identification strategy, it has many advantages over
a pre/post analysis. It allows us to capture seasonality. This is critical because consumer
consumption habits change throughout the year, and it controls for changes that are consistent across years, such as a New Year’s Day effect. It also allows for macro trends, so
long as they are common across years. Although a contemporaneous control group is
typically used, one advantage of using the prior year as a non-contemporaneous control
group is that it removes the need to use matching approaches in order to find suitable
control units (when they may not exist), since the best control for a store is likely itself.
This is even more true when we perform the analysis using the cardholder data, in which
a household is its own control.
As with any difference-in-difference estimator, it is essential to assess whether the
control group is a suitable one. Figure 5 helps us assess the assumption that the previous
year is a suitable control, and also illustrates the variation we use in the identification
strategy. The gray line, which represents the control group, is almost always higher than
the darker line which represents the treatment group, indicating that the overall healthiness of baskets declined between the two years. There is also considerable seasonality
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evident in the graphs, with a large decline in the star ratings of items purchased over the
winter holidays. Although the trends in the pre-treatment period appear to align fairly
well, there is discrepancy in the mean star ratings of purchased products in the holiday
months, relative to the overall decline in healthiness between years one and two. In the
second year, the mean star rating is almost exactly the same across the two years, despite
the general decline. The fact that we see this for both the transaction and cardholder data
can help rule out a consumer composition effect.
Our preferred explanation is that consumers have specific holiday items that they purchase that are the same across both years and thus not subject to the same general macro
trend that leads to lower star levels in the second year. Thus, the more relevant comparisons for the campaign and post-campaign periods (January through March) may be the
preceding non-holiday months. For our main analysis, we include all observations in all
months. However, we report robustness checks in which we focus on the months October to March, excluding December, and in which we include the entire year, excluding
November and December.
The only time the second year is higher than the first year is in January, the primary
month during which the campaign ran. This indicates that there does appear to be a
(small) effect of the campaign on the healthiness of the shopping baskets purchased. After
the campaign’s conclusion, the black line again dips below the gray line, indicating some
of the campaign effect immediately disappears.
[Insert Figure 5 here]
To estimate the effect of the campaign, we use the following difference-in-difference
regression:

log(yjt ) = α(Dt × ζT ) + β(Pt × ζT ) + ζT + γjw + ξd + δnjt + jt .

(1)

We index store by j, day of year by t, week of year by w and day of week by d. We use
log values for our dependent variables of interest, which lets us interpret the coefficients
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as proportional changes due to the implementation of Guiding Stars.17 ζT is a dummy
variable indicating the treatment year, i.e. it is set to one on April 1, 2014.18 This captures
the first difference: differences in mean healthfulness between the treatment and control
groups throughout the sample. Dt is a dummy variable set to one during the campaign
month in both the treated and untreated year. Similarly, Pt is a dummy variable set to
one after the campaign period ends, in both the treated and untreated year. Thus the
interaction Dt × ζT indicates the treatment during the campaign, and Pt × ζT the treatment
post-campaign.
In addition, we include day-of-week dummy variables, ξd , to control for differences in
the foods purchased on different days of the week. γjw are either store and week-of-year
fixed effects, or store × week-of-year fixed effects, depending on the specification. This
captures the second difference, controlling for trends which are common to the treatment
and control groups (i.e. consumers purchasing more unhealthy food in December). In
some specifications, we include dummy variables for the average number of items in a
transaction in store j on day t, njt , denoted by δnjtr , which controls for the year-specific
seasonality in the number of holiday purchases.
[Insert Table 2 here]
Table 2 presents three specifications where mean stars and the mean share of items
purchased having a certain value of stars are the dependent variables. Since the size of
the shopping basket and the nutrition characteristics are related, and because the campaign may affect the number of items in a basket, the second specification adds indicator
variables for the average number of items per day, rounded to the nearest integer, to
control for potential differences in basket size. The third specification replaces the weekof-year X banner fixed effects with the week-of-year X store fixed effects which allows for
different stores to have different trends.
17
18

To prevent taking the log of zero, we add 0.01 x mean of the dependent variable.
ζT = 0 from April 1, 2013 to March 31, 2014 and ζT = 1 from April 1, 2014 to March 31, 2015.
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Table 2 shows that during the campaign, there is an increase in the share of 3-star items
by 2.8-2.9%, and also a decline in the shares of the other star levels. This corresponds
to a one percentage point increase in the share of 3-star items sold. These are different
qualitative effects than those at the initial implementation of Guiding Stars, in which 1and 3-star items exhibited increases in shares, with much of the effect driven by 1-star
items (Hobin et al. 2017).
Despite the very modest increase in the star ratings of products purchased during
the campaign, almost half of these effects disappear immediately post campaign. In
the month after the campaign concludes, the mean stars are 0.9% higher than the precampaign period, only half of the effect persists. The share of 3-star items also declines
by half, the decreases in 0- and 2- star items during the campaign reverse modestly, and
there is an increase in the share of 1-star items purchased.
[Insert Table 3 here]
Because stars are an ordinal measure, and therefore difficult to interpret, we also
present results by nutritional characteristics. Results are shown in Table 3. The campaign leads to an increase in fiber, sugar, and fat (total, as well as saturated and trans-fat),
and a decrease in sodium. Given the increase in the undesirable attributes sugar and fat,
the weights used in calculating the Guiding Stars levels are different than those that were
being used by consumers, apparently with a greater (negative) weight on sodium.

4.2

Robustness Checks

The key assumption we had to make for identification was that the previous year was
a suitable control group. Although the seasonal trends are mirrored across years, the
difference in the extent of the holiday effects and the fact that trends might not be common
across years for the entire year lead us to estimate a specification in which we use October
through March as the period of study, dropping December (so that our pre-period consist
of just October and November). Results are in Table 4. Again, we see an increase in the
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share of 3-star items being purchased, although not as large, and a reduction in the share
of 1- and 2-star items of the same magnitude. Using this smaller time horizon, the drop
in 0-star items disappears, such that the combined effect on mean stars purchased is not
significant. If anything, our main results overestimate the effect of the campaign.
[Insert Table 4 here]
We run a number of other specifications to test the robustness of our main results,
shown in an online Appendix. We include specifications in which we weigh each items
by the number of servings rather than the number of units, weigh purchases across storedays by the number of items purchased that store-day, rather than by the number of
transactions, and use levels instead of logs for the dependent variables. In all specifications, we find that the share of 3-star products and mean stars increase, and the share of
0-, 1-, and 2-star items decrease.
We also would like to address the concern raised in Bertrand et al. (2004), that serially
correlated outcomes can lead to too many statistically significant results. To do this, we
change the temporal aggregation. First, we change the unit of observation to the weekly
level; second, we aggregate to just six time periods for each store, three per year: before,
during, and after the time of the campaign. Tables OA.4 and OA.5 in the online Appendix
display these results. Again, the main results hold, although for the six-period result, the
0-star share result becomes smaller in magnitude and is only significant at the 10 percent
level.

4.3

Assortment and Price Effects

To assess other potential explanations for the effects, we first test for whether there are
changes in assortment or prices. To check whether assortment changes, we proxy for
what is on the shelves by looking at what is sold in a store in a given week. We then run
a similar specification as equation 1 (at the weekly level), to check for changes in what is
being stocked. Table A.1 shows that there is a decline in 3-star items, with an increase in
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1- and 2-star items and a decline in mean stars. The coefficient of -0.03 can be interpreted
as as reduction in the share of 3-star items stocked by 3 percent. This was mostly made up
by increases in 1- and 2-star items being stocked, with little change in the 0-star items. If
our proxy measure is correlated with actual assortment, then the reduction in assortment
could attenuate the effect of the education campaign. It should also be noted that there is
a positive effect of the second year on both 2- and 3-star items, despite the decrease in the
healthiness of shopping baskets across the two years.
To check how prices change, we run UPC-level price regressions, in which the unit
of observation is a store-week-UPC. We use the average price for each UPC-week and
use quantity weights (using the quantities over the entire panel duration, so as to not be
capturing quantity response to short-term price changes). The regressions include store,
week, and UPC fixed effects; the results are shown in Table A.2. During the treatment
period, the prices of the 3-star products increase, which can also help explain the lack of
response; the same is true for the 3- and 2-star products after the campaign concludes.
This price regression only uses within-UPC variation, but the price of all products of
a given star level (accounting for changing product assortment) will also be important.
We thus also assess prices change at each star level. To do this, we construct a balanced
panel of the most common UPC-store combinations. We keep UPC-store combinations
that have at least 10 quantity sold each week of our sample period. This results in 1294
unique UPCs and 14067 UPC-store combinations. We then construct a Laspeyres price
index at the weekly level for each store and star level by aggregating over these UPCs,19
and run a similar regression in which the unit of observation is the store-week-star level;
results are in Table A.3. The 3-star products are more expensive in the second year of our
sample, but the price index for 3-star items is not higher during the treatment period. It
does decrease for 0-star items and increases for 1- and 2-star items.
Because of the changes in prices, we re-run the main analysis, including the star-level
Laspeyres price index as a control variable. The results are in Table A.4 in the Appendix.
The effects of the campaign on the shares of the different star levels are not affected by
19

We use week 14 of 2014, the first week of the second year, as the base period for the price index.

21

including the price index as a control variable.

4.4

Category Effects

To further assess what is driving the results, we study effects at the category-level. The 11
food categories we assess were adapted from those used in the What We Eat in America
dietary intake component of the National Health and Nutrition Examination Survey20
and the Canadian Nutrient File.21
[Insert Table 5 here]
First, we examine the intensive margin by running the main analysis by category. In
Table 5, we report the estimated treatment effect for 11 categories, running a separate
regression for each category with mean stars as the dependent variable. The categories
which increase the most in mean stars are baby foods, health foods, and condiments and
salad fixings. In each of these categories, there is an increase in the share of 3-star items for
that category. While not shown, there is a considerable decline in the sodium contained
in the health foods and condiments and salad fixings purchased. Baby food purchases
show a sizable increase in dietary fiber and protein.
We examine the extensive margin by estimating variants of equation 1, but with the
log share of each major category as the dependent variable. Results are shown in Table 5, along with the quantity-weighted average star level for the category. Fruits and
vegetables, which is the healthiest category, exhibit the greatest increase in share during the campaign, followed by baking, which is an unusual category, since it has many
non-labelled products. Desserts, the least healthy category, exhibit the biggest decline,
followed by health foods and breads and grains. Although the health food effect may appear unintuitive, it is when the Guiding Stars levels change beliefs that we might expect to
20

United States Department of Agriculture. What We Eat in America food categories. http://www.
ars.usda.gov/SP2UserFiles/Place/80400530/pdf/1112/food_category_list.pdf. Published 2012.
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Canadian Nutrient File. Government of Canada website. https://food-nutrition.canada.ca/
cnf-fce/index-eng.jsp. Modified July 14, 2016.
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see behavioral change. Some popular press articles have recently described how products
labelled as health foods are substantially less healthy than consumers believe, and in our
context they only have an average of 1.0 stars.
These findings indicate that there are some effects of the campaign along both the
extensive and intensive margins. In some cases, such as with fruits and vegetables, the
effects move in the same direction; in others, such as health foods and dairy, they move
in opposite directions.

5

Mechanisms

There may be a number of possible explanations for why the campaign had a limited effect. First, it could be that consumers did not notice the campaign at all, i.e. that they
did not see or hear the national TV and radio advertising, and that they were oblivious
of the store signage and materials. If this were the case, we would expect awareness of
the Guiding Stars program to remain unchanged. Second, it could be that the content of
the campaign did not actually increase understanding of Guiding Stars. Third, it could
be that the campaign did both, but that consumers who were affected along these two dimensions either 1) do not wish to use the information, or 2) the information is redundant,
viewed as untrustworthy, or does not affect preferences.
We thus examine the impact of the national educational campaign on consumer awareness, understanding, self-reported use, and trust of the Guiding Stars system in two separate supermarket banners in Ontario owned by the retailer. This allows us to explore these
possible mechanisms for our results. To do this, we conducted a 10-minute survey with
approximately 100 randomly selected shoppers outside each of four supermarket stores
for banner 1 in the Greater Toronto Area, and four supermarket stores for banner 2 in the
Region of Waterloo, both of which are in Ontario. Eligible survey respondents included
adults over the age of 18 years who reported purchasing food and/or beverage products
at the supermarket on the day of the survey. In total, our survey sample includes 883 participants before and 836 participants after the national campaign was implemented across
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Canada.
The exit survey included validated survey items assessing individual-level factors,
including age, gender, household size, ethnicity, self-reported health status, education
levels, self-reported height and weight, perceived weight status, shopping and label use
habits, self-reported diet quality, objective and perceived nutrition knowledge, and interest in nutrition. Consistent with measures applied in previous evaluations of nutrition interventions in supermarkets, the primary outcome measures were: unprompted
consumer awareness (”Did you notice a symbol on the shelf tag located underneath the
product beside the price”, and, if yes, ”Can you describe what you saw?” – a correct response included a reference to stars), understanding (”Can you please tell me what the
symbol means?” – a correct response included a reference to health, nutrition, or diet),
self-reported use (”Did you use the symbol to help you decide on food purchases today?”), and trust (”On a scale of 1 to 5, where 1 is not trustworthy and 5 is extremely
trustworthy, please tell me the extent to which you trust the Guiding Stars symbols on
shelf tags for providing food and nutrition information” – responses of 4 or 5 were categorized as trust) of the Guiding Stars system.
Using a repeated cross-sectional design, we compared differences in consumer awareness, understanding, self-reported use, and trust among shoppers in both banners’ supermarkets across two survey waves, representing time before and after the launch of
the national educational campaign. Using four separate logistic regression models, using awareness, understanding, self-reported use, and trust as dependent variables, we
examine the main effects in unadjusted and adjusted models, wherein supermarket and
socio-demographic factors, shopping habits, and food-related knowledge and behaviors
were included as covariates.
[Insert Figure 6 here]
[Insert Figure 7 here]
[Insert Figure 8 here]
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5.1

Results

Figure 6 shows the percentage of respondents who were aware of the Guiding Stars system before and after the launch of the national educational campaign in the supermarkets.
Figure 6 shows the percentage of respondents who reported that they understood the labels (overall and among those who are aware), and Figure 7 shows the percentage who
reported using the labels (overall and among those who are aware and understood). In total, 25.4% and 28.8% of respondents indicated that they trusted the Guiding Stars system
before and after the national campaign, respectively.
Results from the adjusted logistic regression models indicate that only awareness and
understanding significantly increased after the national campaign (OR=1.6, 95% CI:1.2,
2.2, p=0.004; OR=1.9, 95%CI:1.3, 2.6, p=0.0002, respectively). Consumer factors including
shopping at their ”main” supermarket (OR=1.5, 95%CI:1.0-2.1, p=0.04), and those who reported using the Nutrition Facts panel (OR=1.6, 95%CI:0.2-2.3, p=0.02) were significantly
associated with awareness of the Guiding Stars labels. Consumers aged 25-44 years were
more likely to report understanding the Guiding Stars system (OR=1.5, 95%CI:1.0-2.1,
p=0.04), compared to those aged 45-64 years and those who reported using the Nutrition
Facts panel (OR=1.6, 95%CI:1.1-2.2, p=0.02). Consumers 65+ years old were less likely to
understand the system (OR=0.5, 95%CI:0.3-0.9, p=0.03).
There were no significant differences in self-reported use before and after the launch
of the national campaign (Adjusted OR=0.8, 95%CI:0.4-1.7, p=0.59). However, results
indicate that those who reported trusting the Guiding Stars system were more likely to
report using this system when shopping in the supermarket (OR=2.7, 95% CI: 1.9-4.0,
p<.0001). Finally, consumers aged 18-24 years (OR=0.5, 95% CI: 0.2-1.0, p=0.04) and 25-44
years (OR=0.7, 95% CI: 0.5-0.9, p=0.02) were less likely to trust the Guiding Stars system
than those 45-64 years. Those that were shopping for someone with a health condition,
and those reporting that they use the Nutrition Facts Panel, were also less likely to report
trusting Guiding Stars (OR=0.7, 95% CI: 0.6-0.9, p=0.01); OR=0.8, 95% CI: 0.6-1.0, p=0.04,
respectively). In contrast, those shopping at their main supermarket, and those reporting
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that they understood the Guiding Stars system, were more likely to report trusting the
Guiding Stars system (OR=1.4, 95% CI:1.1-1.9, p=0.01; OR=4.2, 95% CI:3.0-5.9, p<.0001,
respectively).
In summary, the campaign was successful in increasing awareness and understanding
of the Guiding Stars program; in fact, the campaign was designed with this objective
in mind. There was no effect on self-reported use, and indeed, for this objective, other
messaging might have been more effective. Given that some consumers do not trust the
information provided by the program, it is not surprising that they would not change
their purchase behavior.

6

Household Analyses

The survey results suggest a few explanations for why the effect of the campaign may be
limited. Because there are modest changes in awareness and understanding, the results
suggests that we may expect to see small and heterogeneous effects. Furthermore, the
lack of an effect on self-reported use suggests that those who already understand the
stars may be more likely to already be using the stars. Therefore, we should expect to see
the healthiest consumers purchasing healthier food and vice-versa, if there is any effect at
all.
To further explore these hypotheses, in this section, we examine the heterogeneity in
the effect by household. This allows us to better understand which of the household
are most affected and the distribution of effects. In addition, the household-level results
also serve as an important robustness check for the store-level results. First, this helps
to differentiate whether the store-level results are driven by changes in composition or
changes at the household level. Second, the household approach allows us to identify the
average effects of interest exclusively from time-series variation, completely controlling
for household heterogeneity. This helps control for macro trends under the assumption
that a household’s tastes are fairly persistent over time.
For the household-level analysis, the unit of observation is a household’s shopping
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trip, rather than an average of shopping trips at the store-day level. The data sample includes 13,803,074 transactions by 834,134 households over the two year period. We use
the same regression equation as before, in which the t subscript now indicates a transaction, and we replace store x week-of-year fixed effects with household x week-of-year
fixed effects as shown below:
log(yit ) = α(Dt × ζT ) + β(Pt × ζT ) + ζT + γiw + ξd + δnit + it .

(2)

The number of item dummies are now for the number of items in that specific transaction
(with dummies for each group of five). The results are shown in Table 6.22 We see the
same pattern of results as we did with the aggregate data (the third specification that uses
store X week FE is the relevant comparison), with the campaign leading to an increase
in the number of 3-star rated products purchased during the campaign and a smaller
effect in the post-campaign period. Across the two samples, we find an indistinguishable
difference in the increase of 3-star items, although we find a bigger decrease in 1- and
2-star products in the cardholder data, leading to an insignificant effect on mean stars.
[Insert Table 6 here]
To assess household-specific changes in shopping basket composition, we calculate the
difference in the shares of the different star ratings of items purchased in the one month
prior to the campaign, during the one-month campaign, and one month post-campaign
for households with at least 50 items purchased in all three periods, relative to the previous control year. Unlike with the regression results, this analysis focuses inference on
just the month before the campaign, the month of the campaign, and the month after the
campaign, in order to remove the effects of macro trends. On average, there is an increase
in the share of 0- and 3-star shares (although the 3-star share increase is insignificant on
average), and a decrease in 1- and 2-star shares. Figure 9 shows the kernel densities of
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We ran all of the same robustness checks as before, substituting household for store, and as with the
store-day regressions, the results are virtually unchanged across specifications.
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the household-level shifts in the shares of the different star levels. The most discernible
shifts are the share of 2-star items decreasing and 0- and 3-star items increasing during
the campaign.23 These results are consistent with the mean effects estimated using our
difference-in-difference analysis, in which consumers shifted away from one and two star
items to 0- (not statistically significant) and 3-star items during the campaign.
[Insert Figure 9 here]
Another striking result is the reduction in the variance due to the campaign, in particular for the 0- and 3-star items. This is clear from how much lower the peaks of the kernel
densities are in the pre-period. This indicates that the campaign actually leads to more
consistency in the star ratings of products purchased relative to the previous control year,
providing the first evidence that the national campaign may reinforce current behavior
rather than leading households to consume differently. One of the goals of nutrition labelling education is to increase the nutritional quality of food purchased by consumers
who do not already purchase healthy foods, and these densities indicate that this may not
be occurring.
[Insert Figure 10 here]
We can directly assess whether consumers who already purchase relatively more nutritious baskets are the ones most impacted by the campaign. Because of the number
of consumers, we use a bin-scatter plot, which bins consumers into 20 groups by their
pre-campaign share, then takes the mean within each bin. For each discrete star rating
(0 to 3), we plot the change in the shares of items purchased with that rating against that
consumers’ pre-campaign share for that rating. The mean shifts and the standard deviation across households are shown in Figure 10 for both the control and treatment year.
In the control year (shown in red), there is regression to the mean as expected, but in the
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The results are robust to including the previous September as the “pre” month, which removes any
differences in the holiday effect across years.

28

treatment year there is no such pattern. The effect of the campaign is to reinforce current
purchasing habits for those in the upper-most ventile. This means those who purchase
mostly 0-star items purchase even more during the campaign, and those who purchase
more 3-star items also purchase more of them during the campaign.24 Thus, it appears
that those consumers who understand and trust the program are those already using it.
[Insert Table 7 here]
To check whether those who purchase products with more stars revert quickly to their
pre-campaign level shopping habits, we examine correlations between the treatment effect during the campaign and the post-campaign treatment effect. To do this, we calculate
each consumer’s changes in star levels during the campaign relative to before the campaign, and we calculate each consumer’s changes in star levels after the campaign relative
to before the campaign. Table 7 shows the correlations in these two differences. There is
large, positive correlation in the during and post-campaign treatment effects, such that
approximately 60 percent of the effects during the campaign continue after the campaign
concludes, for all star rating levels. This suggests some persistence in the effect at the
household level. On the other hand, roughly 40 percent of the effect disappears immediately after the campaign ends.

7

Discussion

The campaign we study did have limitations. First, there was no recommendation: the
campaign merely provided information. However, in their meta-analysis, Keller and
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Significance for each ventile can be determined with a t-test by dividing the difference across years in
the ventile means by the square root of the sum of squared standard deviations divided by the number of
households in that ventile. The only significant differences across the years are for the top two gentiles for 0star share, and the top decile for 1-, 2-, and 3-star shares. Thus, the only change during the campaign relative
to the previous year is from a small fraction of households who are more likely to reinforce their current
purchase patterns. The effect we see on 0-star items can partially be explained by the ambiguity between
items with zero stars because they are the least nutritious and items which are not rated at all. No distinction
is made in the labelling, which was the sole departure from the National Academies’ recommendations for
effective FOP labelling systems.
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Lehmann (2008) report that messages that also focus on consequences (positive or negative) are more effective in increasing intention to follow health recommendations, by
linking actions to outcomes. The Guiding Stars campaign was also fairly short, with a
duration of one month and no meaningful follow-up activities to encourage consumers
to continue to purchase healthier items. In addition, one of the main critiques of the
Guiding Stars program is the ambiguity associated with 0-star items, but the campaign
did nothing to help remedy any confusion with regards to this issue; the in-store materials directed consumers to look for 1-, 2-, and 3-star products, but did not explain 0-star
items or the absence of 0-star labels.
That said, the fact that we did observe a (small) increase in the awareness and understanding of the campaign indicates that we cannot simply blame the campaign specifics
for the small effect on purchases. The fact that awareness and understanding of the labels increased but usage of the labels did not is more indicative that the campaign was
effectively designed, but that many consumers are still not interested in using the labels.
The main limitation of our study is the lack of a contemporaneous control group, and
it is thus not clear that the entirety of the estimated effect can be attributed to the campaign. The use of household-level data helps to remedy this concern, since changes across
years from compositional effects are ruled out as an alternative explanation. Furthermore, in our robustness checks, we find similar qualitative effects, and any differences
in magnitude indicate that our primary results may actually overestimate the effect of
the campaign. Even if one does attribute the entire estimated effect to the campaign, the
small behavioral responses indicate that these types of campaigns may not be sufficient
to nudge consumers to change their behaviors.
Another limitation of this paper is that we focus on the effect of the Guiding Stars
program with a single grocery chain (excepting the survey results). We do have the transaction data for the second banner but are unable to use the previous year as a contemporaneous control group since the labelling started in the second banner during the previous
year. That said, we did assess the effect of the campaign in the second banner using a
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pre-post analysis with controls for seasonality, and the results were consistent.
One final limitation of this paper is that we do not observe how consumption changes
outside the grocery channel. For example, it is possible that consumers also reduced their
propensity to eat out, which could lead them to buy additional indulgent items from the
focal store. If this were the case, we might underestimate the total positive effect of the
campaign. We also do not see an increase in desserts purchased. However, even if this
were the case, it is likely that the finding that the campaign only served to increase the
healthy behaviors of those who were already consuming healthy food is robust.

8

Concluding Remarks

Moorman et al. (2012) and others who have examined the effect of the NLEA on nutritional quality of existing products have advocated for the use of FOP labels as a way to
increase consideration of nutritional content at the point of sale, and there is evidence that
such labels may increase understanding and purchase intent (Newman et al. 2015, 2018).
However, only recently have we seen such efforts in practice. The emerging literature examining the effectiveness of simplified nutritional labelling systems for consumer packaged goods in grocery markets on increasing the nutritional quality of food purchases has
shown statistically significant, but very modest effects.
Previous research has found a positive effect of state-level nutrition education on obesity (McGeary 2009). Consumer education through educational, promotional campaigns,
in conjunction with labeling, has thus been advocated by the National Academies, with
the hope that these campaigns can increase awareness, understanding, and use of the
labels. Our findings lead us to question whether those consumers whom policymakers wish to affect the most will change their behaviors, given that the campaign reinforced current behavior. If the consumers who are consuming less healthy food are the
lower-income consumers, then our results are consistent with both McGeary (2009) and
Bollinger et al. (2011), who find that higher income, more educated consumers are more
affected by information provision. Our results are also consistent with Allcott et al. (2018),
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who find that consumer preferences are the primary driver of nutritional inequity, rather
than supply-side conditions such as food desserts.
The reason why so many consumers do not change their behavior is explained by our
exit survey data, which indicate that while consumer awareness and understanding of
the Guiding Stars system slightly increased after the campaign, self-reported use of the
labelling system did not, and remained extremely low. A contributing factor is likely that
the majority of products in the supermarkets earn a 0-star rating; under the Guiding Stars
system, no star symbol is displayed on shelf tags to communicate to consumers that these
products have been rated as relatively less nutritious. This labelling limitation, in conjunction with the fact that the campaign is not leading to higher star purchases by those
consumers whom policymakers would most want to target, suggest that other policy instruments, such as the previously enacted ban on advertising fast food to children in the
United States (Dhar and Baylis 2011), may be necessary to affect behavioral change for
more than a small fraction of consumers.
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Tables
Table 1: Summary Stats for Store-Level Analysis

Items/Trans
Fat
Sat Fat
Trans Fat
Sodium
Sugar
Calories
Dietary Fiber
Protein
Omega 3 mg
Mean Stars
Share of 0 Star
Share of 1 Star
Share of 2 Star
Share of 3 Star
Num Transactions
Total Items
Observations

mean
7.89
4.24
1.42
0.05
143.31
6.55
113.65
1.53
4.63
51.38
1.35
0.45
0.10
0.09
0.36
2480.79
19568.26
31502

sd
1.85
0.32
0.13
0.01
15.44
0.45
5.23
0.12
0.23
7.88
0.14
0.05
0.01
0.01
0.04
1037.77
9234.07

This table presents summary statistics for each dependent variable, where each observation is a store-day
weighted average of that variable, weighted by the quantity sold. There are 31502 store-day observations.
The bottom panel presents transactions per day and total number of items per day, which are not weighted
by quantity sold.
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Table 2: Regression Results for Mean Stars and Shares Purchased
Model
During × Treatment=1
(1)
Post × Treatment=1
During × Treatment=1

(2)

Post × Treatment=1
During × Treatment=1
Post × Treatment=1

(3)

Mean Star
0.014∗∗∗
(0.002)
0.005∗
(0.002)
0.014∗∗∗
(0.002)
0.006∗
(0.002)
0.014∗∗∗
(0.002)
0.006∗∗
(0.002)

0 Star Sh
-0.009∗∗
(0.003)
-0.007∗∗
(0.003)
-0.010∗∗∗
(0.003)
-0.008∗∗
(0.003)
-0.010∗∗∗
(0.003)
-0.009∗∗
(0.003)

1 Star Sh
-0.030∗∗∗
(0.003)
0.018∗∗∗
(0.003)
-0.031∗∗∗
(0.003)
0.016∗∗∗
(0.003)
-0.030∗∗∗
(0.004)
0.017∗∗∗
(0.003)

2 Star Sh
-0.046∗∗∗
(0.005)
-0.012∗∗∗
(0.004)
-0.046∗∗∗
(0.004)
-0.012∗∗∗
(0.004)
-0.046∗∗∗
(0.005)
-0.012∗∗∗
(0.004)

3 Star Sh
0.028∗∗∗
(0.003)
0.007∗
(0.003)
0.029∗∗∗
(0.003)
0.008∗∗
(0.003)
0.028∗∗∗
(0.003)
0.008∗∗
(0.003)

(1) 2nd year, week-in-year, day-of-week, and store FE
(2) 2nd year, week-in-year, day-of-week, number of items per transaction, and store FE
(3) 2nd year, day-of-week, number of items per transaction dummies, and store x week-in-year FE
Store-clustered standard errors in parentheses
+
p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
This table presents differences-in-differences interaction coefficients for three different specifications. In each
specification, the number of observations is 31502. The dependent variable is in logs. All results are quantity
weighted.
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40

Dietary Fiber
0.028∗∗∗
(0.002)
0.010∗∗∗
(0.002)
0.003∗
(0.001)
31502

0.005∗∗
(0.001)
0.004∗∗∗
(0.001)
31502

Post × Treatment=1

Second Year=1

-0.009∗∗∗
(0.002)
31502

-0.004
(0.003)

Protein
-0.003
(0.003)

0.011∗∗
(0.003)
31502

-0.004
(0.005)

Omega 3
-0.003
(0.008)

0.021∗∗∗
(0.002)
31502

0.015∗∗∗
(0.002)

Total Fat
0.009∗∗
(0.003)

0.007∗∗∗
(0.002)
31502

0.015∗∗∗
(0.003)

Saturated Fat
0.013∗∗
(0.005)

-0.023∗∗∗
(0.004)
31502

-0.005
(0.005)

Trans Fat
0.034∗∗∗
(0.009)

0.008∗∗
(0.002)
31502

-0.016∗∗∗
(0.003)

Sodium
-0.022∗∗∗
(0.003)

-0.016∗∗∗
(0.002)
31502

0.007∗∗∗
(0.002)

Sugar
0.004∗
(0.002)

Store-clustered standard errors in parentheses
+
p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
This table presents differences-in-differences interaction coefficients for different nutrients. The dependent variable is in logs. The regression includes day-of-week, number of items per transaction, and store times week-in-year fixed effects. All results are quantity weighted.

Observations

During × Treatment=1

Calories
0.002
(0.002)

Table 3: Regression Results for Various Nutrients

Table 4: Regression Results for Mean Stars and Shares Purchased: Oct-Nov & Jan-Mar
Model
During × Treatment=1
(1)
Post × Treatment=1
During × Treatment=1

(2)

Post × Treatment=1
During × Treatment=1
Post × Treatment=1

(3)

Mean Star
0.000
(0.003)
-0.006∗∗
(0.002)
0.001
(0.003)
-0.005∗
(0.002)
0.001
(0.003)
-0.004+
(0.002)

0 Star Sh
0.005+
(0.003)
0.004
(0.002)
0.005
(0.003)
0.003
(0.002)
0.004
(0.003)
0.002
(0.002)

1 Star Sh
-0.031∗∗∗
(0.003)
0.019∗∗∗
(0.004)
-0.032∗∗∗
(0.003)
0.018∗∗∗
(0.004)
-0.031∗∗∗
(0.004)
0.018∗∗∗
(0.004)

2 Star Sh
-0.048∗∗∗
(0.006)
-0.013∗∗
(0.005)
-0.048∗∗∗
(0.006)
-0.013∗∗
(0.005)
-0.047∗∗∗
(0.006)
-0.012∗
(0.005)

3 Star Sh
0.011∗∗∗
(0.003)
-0.006∗
(0.003)
0.012∗∗∗
(0.003)
-0.005∗
(0.003)
0.013∗∗∗
(0.003)
-0.004
(0.003)

(1) 2nd year, week-in-year, day-of-week, and store FE
(2) 2nd year, week-in-year, day-of-week, number of items per transaction, and store FE
(3) 2nd year, day-of-week, number of items per transaction dummies, and store x week-in-year FE
Store-clustered standard errors in parentheses
+
p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
This table presents differences-in-differences interaction coefficients for three different specifications. The
dependent variable is in logs. All results are quantity weighted.
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42
0.255
0.169

Mixed dishes, soups, & side dishes=1

Desserts and snacks=1

Mean Star
b/se
0.002∗∗
(0.001)
0.002
(0.003)
0.030∗∗∗
(0.007)
-0.004
(0.004)
-0.168∗∗∗
(0.013)
-0.056∗∗∗
(0.005)
-0.053∗∗∗
(0.008)
0.081∗∗∗
(0.010)
-0.055∗∗∗
(0.011)
-0.044∗∗∗
(0.011)
-0.001
(0.011)

0 Star Sh
b/se
-0.028∗∗
(0.010)
-0.013
(0.013)
-0.029∗∗∗
(0.007)
-0.028∗∗∗
(0.007)
0.098∗∗∗
(0.007)
0.028∗∗∗
(0.003)
0.030∗∗∗
(0.005)
-0.019∗∗∗
(0.003)
0.017∗∗∗
(0.003)
0.016∗∗∗
(0.002)
0.005∗∗
(0.002)

1 Star Sh
b/se
0.137∗∗∗
(0.021)
-0.027
(0.030)
-0.018∗∗
(0.007)
0.084∗∗∗
(0.008)
-0.011
(0.018)
-0.029∗∗∗
(0.007)
-0.024+
(0.013)
0.025+
(0.014)
-0.081∗∗
(0.028)
-0.133∗∗∗
(0.013)
-0.076∗∗∗
(0.012)

2 Star Sh
b/se
-0.053∗∗∗
(0.013)
-0.102
(0.065)
0.094∗∗∗
(0.013)
-0.059∗∗∗
(0.008)
-0.203∗∗∗
(0.019)
-0.080∗∗∗
(0.010)
-0.065∗∗∗
(0.009)
-0.019
(0.020)
-0.114∗∗∗
(0.014)
0.079∗∗∗
(0.018)
-0.030
(0.020)

3 Star Sh
b/se
0.004∗∗∗
(0.001)
0.005
(0.004)
0.018∗
(0.009)
-0.001
(0.011)
-0.175∗∗∗
(0.014)
-0.047∗∗∗
(0.005)
0.212∗∗∗
(0.030)
0.138∗∗∗
(0.014)
-0.030+
(0.017)
0.012
(0.030)
0.180∗∗∗
(0.018)

0.115

0.068

0.021

0.039

0.057

0.125

0.101

0.084

0.047

0.009

Mean Share
mean
0.338

Share Items
b/se
0.025∗∗∗
(0.004)
-0.037∗
(0.018)
-0.054∗∗∗
(0.010)
-0.048∗∗∗
(0.006)
-0.007
(0.007)
0.016∗∗∗
(0.004)
0.016∗∗
(0.005)
-0.028∗∗∗
(0.006)
0.051∗∗∗
(0.007)
0.002
(0.005)
-0.034∗∗∗
(0.006)

Store-clustered standard errors in parentheses
+
p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
This tables presents differences-in-differences interaction coefficients for different categories. Each row and column correspond to a different regression.
The dependent variable is in logs. The regression includes day-of-week, number of items per transaction, and store times week-in-year fixed effects. All
results are quantity weighted.

0.416

Baking & spices=1

0.889

Dairy, dairy alternatives, & eggs=1

0.527

0.972

Meats, fish, legumes, & meat alternatives=1

Condiments, sauces, spreads, & salad fixing=1

0.982

Breads, grains, and breakfast cereals=1

0.704

1.038

Health foods=1

Beverages=1

2.237

Baby foods=1

Fruits & vegetables=1

Mean Stars
mean
2.800

Table 5: Regression Results by Category

Table 6: Household Regression Results
During × Treatment
Post × Treatment
Observations

Mean Star 0 Star Sh
0.00247 -0.00997
(0.00639) (0.00769)

1 Star Sh 2 Star Sh
-0.0539∗∗ -0.106∗∗∗
(0.0193) (0.0185)

0.00897+ -0.0147∗ 0.0631∗∗∗
(0.00528) (0.00645) (0.0163)
9686079 9686079 9686079

3 Star Sh
0.0275∗∗
(0.00959)

-0.0269+
0.0123
(0.0154) (0.00801)
9686079 9686079

Household-clustered standard errors in parentheses
+
p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
This table presents differences-in-differences interaction coefficients for household level results.
Each column corresponds to a different regression. The dependent variable is in logs. The
regression includes day-of-week, number of items per transaction, and store times week-in-year
fixed effects.

Table 7: Correlation Between Campaign and Post-Campaign Response
post-campaign relative to before
Star 0 Star
1 Star
2 Star
3 Star
campaign
0
0.5929
relative
1
-0.1313 0.5319
to before
2
-0.1633 -0.0753 0.5813
3
-0.4588 -0.1214 -0.1059 0.59951
This table presents household level correlations between during-campaign relative to the pre-campaign
with campaign, and post-campaign relative to pre-campaign.
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Figures

Figure 1: Examples of FOP and On-Shelf Labels

Figure 2: Guiding Stars Labels
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(a) In-Store Signage

(b) Commercial

Figure 3: Example of Campaign Materials
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Figure 4: Labelling and Campaign Timeline

1.5
1.25

1.25

1.3

1.3

Mean Stars per Item
1.35
1.4
1.45

Mean Stars per Item
1.35
1.4
1.45

1.5

This figure presents the timing of the labeling, education campaign, and exit surveys. The labeling was
implemented by the first banner in Ontario in August 2012. The other banners introduced Guiding Stars
in March 2013. The national campaign we study in this paper occurred in January and February 2015. We
administered surveys in February 2013, 2014 and 2015.

April

July

Treatment (for 2015)
Apr 2013-Mar 2014

October

January

April

Apr 2014-Mar 2015

July

Treatment (for 2015)
Apr 2013-Mar 2014

(a) Transaction Data

October

January

Apr 2014-Mar 2015

(b) Cardholder Data

Figure 5: Mean stars, control vs. treatment year
This figure graphs the mean stars per item in the control and treatment year. The horizontal axis plots the
month, starting in April 2013 or April 2014 (represented by 4), going to March 2014 or March 2015. The
solid vertical line at 13 denotes January 8, which was the start of the promotional campaign (indicated with
shading), while the dashed vertical line denotes February 5, the date the promotional campaign ended. The
Cardholder data only includes cardholders present in both years.
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Figure 6: Self-Reported Awareness of Star Labels
Survey results averaged across respondents.

(a) Unconditional

(b) Conditional on Awareness

Figure 7: Self-Reported Understanding of Star Labels
Survey results averaged across respondents.

(a) Unconditional

(b) Conditional on Understanding

Figure 8: Self-Reported Use of Star Labels
Survey results averaged across respondents.
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Figure 9: HH Density of Changes in Shares
This figure presents kernel density plots of the change in star-level shares by household in comparison to
the changes by the household in the previous year. The plots only include households who bought more
than 50 items in each of the three periods. The 0 center line represents households who do not change the
share of that amount of stars they purchase.
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Figure 10: Heterogeneity in Campaign Effects, Pre/Post
This figure presents a “binscatter” plot of pre-campaign levels of shares of stars against their changes.
The horizontal axis is grouped into 20 ventiles of pre-campaign levels of shares of stars. The vertical axis
captures pre-campaign to during campaign difference in shares for both the year of the campaign and the
previous year, showing both means and standard deviations.
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Appendix
Assortment and Price Changes
Table A.1: Weekly Assortment Changes
Mean Star 0 Star Sh 1 Star Sh 2 Star Sh 3 Star Sh
During × Treatment=1
-0.011∗∗∗
-0.000 0.032∗∗∗
0.015∗∗∗ -0.029∗∗∗
(0.002)
(0.001)
(0.003)
(0.003)
(0.004)
Post × Treatment=1

-0.007∗∗
(0.002)

-0.000
(0.001)

0.015∗∗∗
(0.002)

0.021∗∗∗
(0.003)

-0.021∗∗∗
(0.003)

Second Year=1

0.031∗∗∗
(0.002)
4621

-0.011∗∗∗
(0.001)
4621

-0.012∗∗∗
(0.002)
4621

0.024∗∗∗
(0.002)
4621

0.043∗∗∗
(0.004)
4621

Observations

Store-clustered standard errors in parentheses
+
p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
The dependent variable, share of items in a certain star level, is in logs. The unit of observation is
a store-week. The regression includes store and week fixed effects.

Table A.2: Price Regression Results - Quantity Weighted
During × Treatment=1

All
0.000819
(0.00149)

0 Star Price 1 Star Price 2 Star Price 3 Star Price
-0.0126∗∗∗
-0.0151∗∗∗ -0.00982∗∗∗
0.0248∗∗∗
(0.00159)
(0.00159)
(0.00176)
(0.00227)

Post × Treatment=1

0.0134∗∗∗
(0.00145)

0.00178
(0.00109)

-0.00174
(0.00135)

0.00858∗∗∗
(0.00168)

0.0332∗∗∗
(0.00259)

Second Year=1

-0.0362∗∗∗
(0.00159)
42048289

-0.0157∗∗∗
(0.000809)
27902963

-0.00849∗∗∗
(0.000976)
4707740

-0.0232∗∗∗
(0.00120)
3226305

-0.0718∗∗∗
(0.00275)
6211281

Observations

Store-clustered standard errors in parentheses
+
p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
The unit of observation is a store, week, UPC. The dependent variable is the log average price for that UPC at
that store-week. The regression includes store, week and UPC fixed effects. Standard errors are clustered by
store. Items are weighted by quantity.
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Table A.3: Weekly Price Index Results
During × Treatment=1

0 Star Price
-0.021∗∗∗
(0.002)

1 Star Price
0.009∗∗
(0.003)

2 Star Price
0.011∗∗∗
(0.003)

3 Star Price
-0.005+
(0.003)

-0.015∗∗∗
(0.002)

-0.001
(0.003)

-0.042∗∗∗
(0.004)

-0.004
(0.002)

0.029∗∗∗
(0.002)
4343

0.018∗∗∗
(0.002)
4343

0.020∗∗∗
(0.002)
4343

0.057∗∗∗
(0.003)
4343

Post × Treatment=1
Second Year=1
Observations

Store-clustered standard errors in parentheses
+
p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
The dependent variable is log of a price index. The regression includes store and week fixed
effects.

Table A.4: Main Regression Results, Controlling for Price Index
Model
During × Treatment=1
(1)
Post × Treatment=1
During × Treatment=1

(2)

Post × Treatment=1
During × Treatment=1
Post × Treatment=1

(3)

Mean Star
0.014∗∗∗
(0.002)
0.008∗∗∗
(0.002)
0.014∗∗∗
(0.002)
0.009∗∗∗
(0.002)
0.013∗∗∗
(0.003)
0.009∗∗∗
(0.002)

0 Star Sh
-0.010∗∗∗
(0.003)
-0.010∗∗∗
(0.003)
-0.010∗∗∗
(0.003)
-0.010∗∗∗
(0.003)
-0.009∗∗
(0.003)
-0.011∗∗∗
(0.003)

1 Star Sh
-0.025∗∗∗
(0.003)
0.019∗∗∗
(0.003)
-0.026∗∗∗
(0.003)
0.017∗∗∗
(0.003)
-0.027∗∗∗
(0.004)
0.017∗∗∗
(0.003)

2 Star Sh
-0.037∗∗∗
(0.005)
-0.019∗∗∗
(0.004)
-0.037∗∗∗
(0.005)
-0.019∗∗∗
(0.004)
-0.036∗∗∗
(0.005)
-0.021∗∗∗
(0.004)

3 Star Sh
0.026∗∗∗
(0.003)
0.012∗∗∗
(0.003)
0.027∗∗∗
(0.003)
0.013∗∗∗
(0.003)
0.025∗∗∗
(0.003)
0.014∗∗∗
(0.003)

(1) 2nd year, week-in-year, day-of-week, and store FE
(2) 2nd year, week-in-year, day-of-week, number of items per transaction, and store FE
(3) 2nd year, day-of-week, number of items per transaction dummies, and store x week-in-year FE
Store-clustered standard errors in parentheses
+
p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
This table presents differences-in-differences interaction coefficients for three different specifications. In each
specification, the number of observations is 31502. The dependent variable is in logs. All results are quantity
weighted.
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Online Appendix
We run a set of robustness checks with regards to the regression specification, the temporal unit of aggregation, and the including periods of analysis.

Other Specifications
Table OA.1 weights each item by the number of servings rather than the number of units
(or by weight for weighed items). The serving weighted results are larger in magnitude
during the campaign than those weighted by UPC volume, suggesting that in addition
to purchasing a larger share of higher star-rated products, consumers are either purchasing larger sizes of higher star items or smaller sizes of lower star items. In other words,
the effects are caused by a change in the volume of specific products, in addition to substitution to and from products of different star levels. These effects are more driven by
purchases of 3-star items, as those coefficients gain the most, while 1-star items see little
change in their share with these results. Table OA.2 weights purchases across store-days
by the number of items purchased that store-day, rather than by the number of transactions. These results apply more weight to larger purchases, or store-days where more is
sold per item, in the regressions. These results are very similar to the main specifications.
To test robustness to specification choices, in Table OA.3, we use levels for the dependent
variables, i.e. we do not log transform the dependent variable. The coefficient of .011 is
consistent with a 2.8% change in 3-star share (from a mean of .36).
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Table OA.1: Serving Weighted Differences-in-Differences Results
Model
During × Treatment=1
(1)
Post × Treatment=1
During × Treatment=1

(2)

Post × Treatment=1
During × Treatment=1
Post × Treatment=1

(3)

Mean Star 0 Star Sh 1 Star Sh
0.028∗∗∗ -0.008∗∗∗
-0.008∗∗
(0.002)
(0.002)
(0.003)
0.004
-0.002 0.011∗∗∗
(0.003)
(0.002)
(0.003)
0.029∗∗∗ -0.008∗∗∗
-0.010∗∗
(0.002)
(0.002)
(0.003)
0.004
-0.002
0.009∗∗
(0.003)
(0.002)
(0.003)
∗∗∗
∗∗∗
0.029
-0.008
-0.009∗∗
(0.003)
(0.002)
(0.003)
+
0.005
-0.002
0.009∗∗
(0.003)
(0.002)
(0.003)

2 Star Sh
-0.078∗∗∗
(0.007)
-0.026∗∗∗
(0.005)
-0.078∗∗∗
(0.006)
-0.026∗∗∗
(0.005)
-0.078∗∗∗
(0.007)
-0.026∗∗∗
(0.005)

3 Star Sh
0.072∗∗∗
(0.003)
0.013∗∗∗
(0.003)
0.074∗∗∗
(0.003)
0.014∗∗∗
(0.004)
0.074∗∗∗
(0.003)
0.015∗∗∗
(0.004)

(1) 2nd year, week-in-year, day-of-week, and store FE
(2) 2nd year, week-in-year, day-of-week, number of items per transaction, and store FE
(3) 2nd year, day-of-week, number of items per transaction dummies, and store x week-in-year FE
Store-clustered standard errors in parentheses
+
p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
This table presents differences-in-differences interaction coefficients for three different specifications. In each
specification, the number of observations is 31502. The dependent variable is in logs. The first specification
denoted by (1) has second year, week-in-year, day of week and store fixed effects. Unlike the results in the
draft, this table uses serving weights rather than quantity weights.
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Table OA.2: Transactions are Weighted Across Stores by Number of Transactions
and Items
During × Treatment=1
Post × Treatment=1
Second Year=1
Observations

Mean Star 0 Star Sh 1 Star Sh 2 Star Sh 3 Star Sh
0.014∗∗∗
-0.009∗∗ -0.033∗∗∗ -0.046∗∗∗
0.028∗∗∗
(0.003)
(0.003)
(0.003)
(0.004)
(0.003)
0.006∗
(0.002)

-0.009∗∗
(0.003)

0.017∗∗∗
(0.003)

-0.011∗∗
(0.004)

0.009∗∗
(0.003)

-0.012∗∗∗
(0.002)
31502

0.010∗∗∗
(0.002)
31502

0.005∗
(0.002)
31502

0.007∗
(0.003)
31502

-0.017∗∗∗
(0.002)
31502

Standard errors in parentheses
+
p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
This table presents differences-in-differences interaction coefficients. The dependent variable is in
logs. The regression includes day-of-week, number of items per transaction, and store times weekin-year fixed effects. Unlike the results in the draft, this table weighs by number of transactions
and number of items across stores. Each item is quantity weighted.
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Table OA.3: Differences-in-Differences Results In Levels
Mean Star 0 Star Sh 1 Star Sh 2 Star Sh 3 Star Sh
During × Treatment=1
0.021∗∗∗
-0.004∗∗ -0.003∗∗∗ -0.004∗∗∗
0.011∗∗∗
(0.003)
(0.001)
(0.000)
(0.000)
(0.001)
Post × Treatment=1
Second Year=1
Observations

0.008∗
(0.003)

-0.003∗∗
(0.001)

0.002∗∗∗
(0.000)

-0.001∗∗
(0.000)

0.003∗∗
(0.001)

-0.017∗∗∗
(0.002)
31502

0.005∗∗∗
(0.001)
31502

0.001∗
(0.000)
31502

0.001∗
(0.000)
31502

-0.006∗∗∗
(0.001)
31502

Standard errors in parentheses
+
p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
This table presents differences-in-differences interaction coefficients. Unlike the results in the draft,
the dependent variable is in levels, rather than logs. The regression includes day-of-week, number
of items per transaction, and store times week-in-year fixed effects. Results are quantity weighted.

Aggregating the unit of observation to reduce number of time periods
We also would like to address the concern raised in Bertrand et al. (2004), that serially correlated outcomes can lead to too many statistically significant results. To explore whether
this is the case, we aggregate the data in two different ways: first to the store-week, and
second to six aggregated time periods (before, during and after, for both the treatment
and control years).
With weekly aggregation, we use a specification similar to equation 1, but we use week
of the year fixed effects for the time dummies. Because January 9, 2015, the campaign
start date, was a Friday and February 5, 2015, the campaign end date, was a Thursday,
we define all weeks as begining on Fridays and ending on Thursdays (which also aligns
with when the banner’s changes its promotional activities). This allows us to have the
campaign measured in complete weeks and similar days of the week in treatment and
control periods.
Table OA.4 presents the results after aggregating to the store-week. Results are similar
to those at the daily level.
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Table OA.4: Changing the unit of observation to the store week
Mean Star 0 Star Sh 1 Star Sh 2 Star Sh 3 Star Sh
During × Treatment=1
0.013∗∗∗
-0.009∗∗ -0.032∗∗∗ -0.046∗∗∗
0.028∗∗∗
(0.003)
(0.003)
(0.004)
(0.004)
(0.003)
Post × Treatment=1
Second Year=1
Observations

0.011∗∗∗
(0.002)

-0.013∗∗∗
(0.003)

0.014∗∗∗
(0.003)

-0.002
(0.003)

0.013∗∗∗
(0.003)

-0.015∗∗∗
(0.002)
4621

0.014∗∗∗
(0.002)
4621

0.003
(0.002)
4621

0.006+
(0.003)
4621

-0.021∗∗∗
(0.002)
4621

Store-clustered standard errors in parentheses
+
p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
This table presents differences-in-differences interaction coefficients. The dependent variable is
in logs. The regression includes store fixed effect, week fixed effects and controls for the average
number of items per transaction. Each item is quantity weighted.

To reduce the number of time periods to be as small as possible, we also run these
results with just six time periods, before, during and after the campaign in both the treatment and control year. The unit of observation is a store, time period. We include period
fixed effects to control for similar trends in the treatment and control years. We include a
second-year fixed effect to net out the difference in average healthiness between the years,
and a store fixed effect to account for time invariant differences between stores. The variable of interest is the interaction between whether that store-period is in the treatment
year and whether it is during the campaign.
Table OA.5 presents the results from this regression. Note that there are some additional variables for during and post campaign which are not interacted with the second year. The reason for this is that in other tables these variables are accounted for by
weekly fixed effects, which we cannot include when the unit of observation is more disaggregated. The results are similar to Table 2, though the coefficient on the 0-star share is
smaller and now only significant at the 10% level.
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Table OA.5: Treating the pre-period, during and post as one observation per store
During=1
Second Year=1
During=1 × Second Year=1
Post=1
Post=1 × Second Year=1
Observations

Mean Star 0 Star Sh 1 Star Sh
-0.000
-0.003 0.013∗∗∗
(0.002)
(0.002)
(0.003)

2 Star Sh
0.030∗∗∗
(0.003)

3 Star Sh
-0.007∗
(0.003)

-0.014∗∗∗
(0.002)

0.011∗∗∗
(0.002)

0.007∗∗
(0.003)

0.007+
(0.004)

-0.019∗∗∗
(0.003)

0.012∗∗∗
(0.003)

-0.006+
(0.003)

-0.029∗∗∗
(0.004)

-0.047∗∗∗
(0.005)

0.026∗∗∗
(0.003)

0.007∗∗
(0.003)

-0.005+
(0.003)

-0.016∗∗∗
(0.003)

-0.000
(0.003)

0.011∗∗
(0.003)

0.010∗∗∗
(0.003)
267

-0.012∗∗∗
(0.003)
267

0.018∗∗∗
(0.004)
267

-0.009∗
(0.004)
267

0.012∗∗∗
(0.003)
267

Store-clustered standard errors in parentheses
+
p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
The dependent variable is in logs. The regression includes store fixed effect. Each item is quantity
weighted.
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Other Time Periods
Table OA.6: Regression Results for Mean Stars and Shares Purchased - Dropping November and December
Model
During × Treatment=1
(1)
Post × Treatment=1
During × Treatment=1

(2)

Post × Treatment=1
During × Treatment=1
Post × Treatment=1

(3)

Mean Star
0.017∗∗∗
(0.003)
0.008∗∗
(0.003)
0.018∗∗∗
(0.003)
0.009∗∗∗
(0.002)
0.018∗∗∗
(0.003)
0.010∗∗∗
(0.002)

0 Star Sh
-0.013∗∗∗
(0.003)
-0.011∗∗∗
(0.003)
-0.014∗∗∗
(0.003)
-0.013∗∗∗
(0.003)
-0.015∗∗∗
(0.003)
-0.013∗∗∗
(0.003)

1 Star Sh
-0.022∗∗∗
(0.004)
0.025∗∗∗
(0.003)
-0.024∗∗∗
(0.004)
0.023∗∗∗
(0.003)
-0.023∗∗∗
(0.004)
0.023∗∗∗
(0.004)

2 Star Sh
-0.047∗∗∗
(0.005)
-0.014∗∗∗
(0.004)
-0.047∗∗∗
(0.004)
-0.013∗∗∗
(0.003)
-0.047∗∗∗
(0.005)
-0.013∗∗∗
(0.004)

3 Star Sh
0.032∗∗∗
(0.003)
0.010∗∗
(0.003)
0.033∗∗∗
(0.003)
0.012∗∗∗
(0.003)
0.033∗∗∗
(0.003)
0.013∗∗∗
(0.003)

(1) 2nd year, week-in-year, day-of-week, and store FE
(2) 2nd year, week-in-year, day-of-week, number of items per transaction, and store FE
(3) 2nd year, day-of-week, number of items per transaction dummies, and store x week-in-year FE
Store-clustered standard errors in parentheses
+
p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
This table presents differences-in-differences interaction coefficients for three different specifications. The
dependent variable is in logs. All results are quantity weighted.
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