
This article was downloaded by: [190.215.255.205] On: 06 March 2023, At: 05:10
Publisher: Institute for Operations Research and the Management Sciences (INFORMS)
INFORMS is located in Maryland, USA

Marketing Science

Publication details, including instructions for authors and subscription information:
http://pubsonline.informs.org

Identifying Food Labeling Effects on Consumer Behavior
Sebastián Araya, Andrés Elberg, Carlos Noton, Daniel Schwartz

To cite this article:
Sebastián Araya, Andrés Elberg, Carlos Noton, Daniel Schwartz (2022) Identifying Food Labeling Effects on Consumer Behavior.
Marketing Science 41(5):982-1003. https://doi.org/10.1287/mksc.2022.1356

Full terms and conditions of use: https://pubsonline.informs.org/Publications/Librarians-Portal/PubsOnLine-Terms-and-
Conditions

This article may be used only for the purposes of research, teaching, and/or private study. Commercial use
or systematic downloading (by robots or other automatic processes) is prohibited without explicit Publisher
approval, unless otherwise noted. For more information, contact permissions@informs.org.

The Publisher does not warrant or guarantee the article’s accuracy, completeness, merchantability, fitness
for a particular purpose, or non-infringement. Descriptions of, or references to, products or publications, or
inclusion of an advertisement in this article, neither constitutes nor implies a guarantee, endorsement, or
support of claims made of that product, publication, or service.

Copyright © 2022, INFORMS

Please scroll down for article—it is on subsequent pages

With 12,500 members from nearly 90 countries, INFORMS is the largest international association of operations research (O.R.)
and analytics professionals and students. INFORMS provides unique networking and learning opportunities for individual
professionals, and organizations of all types and sizes, to better understand and use O.R. and analytics tools and methods to
transform strategic visions and achieve better outcomes.
For more information on INFORMS, its publications, membership, or meetings visit http://www.informs.org

http://pubsonline.informs.org
https://doi.org/10.1287/mksc.2022.1356
https://pubsonline.informs.org/Publications/Librarians-Portal/PubsOnLine-Terms-and-Conditions
https://pubsonline.informs.org/Publications/Librarians-Portal/PubsOnLine-Terms-and-Conditions
http://www.informs.org


Identifying Food Labeling Effects on Consumer Behavior
Sebastián Araya,a Andrés Elberg,b,* Carlos Noton,a Daniel Schwartza

aDepartment of Industrial Engineering, University of Chile, Santiago 8370456, Chile; bSchool of Management, Pontifical Catholic University
of Chile, Santiago 7820244, Chile
*Corresponding author
Contact: searaya@ing.uchile.cl (SA); aelberg@uc.cl, https://orcid.org/0000-0002-7776-379X (AE); cnoton@dii.uchile.cl (CN);
daschwar@dii.uchile.cl, https://orcid.org/0000-0003-2768-9349 (DS)

Received: March 26, 2020
Revised: February 22, 2021;
November 30, 2021
Accepted: December 12, 2021
Published Online in Articles in Advance:
June 10, 2022

https://doi.org/10.1287/mksc.2022.1356

Copyright: © 2022 INFORMS

Abstract. We examine a large-scale mandatory food labeling regulation to identify its
effects on consumer behavior. We take advantage of exogenous variation in product-
labeling status from the gradual and asynchronous introduction of labeled products on
store shelves many weeks before the legal deadline. We combine individual-level scan
data from a large retailer with on-the-shelf information on the actual warning label status
for breakfast cereals, chocolates, and cookies. Warning labels decrease demand and pur-
chase probabilities in the cereal category, and this effect is larger on medium-low socioeco-
nomic groups. We find inconclusive results of the warning label on chocolates and cookies.
Overall, results suggest that the warning label effect is consistent with information disclo-
sure influencing consumers’ choices when the advertised information is unexpected.
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1. Introduction
Obesity has rapidly become a first-order public health
concern for governments around the world.1,2 One
approach that has gained prominence in recent years
to help curb the global obesity epidemic is the use of
nutrition labeling. As the scientific evidence linking
obesity, and associated chronic diseases, to dietary hab-
its hasmounted, theWorldHealth Organization (WHO)
has forcefully advocated the use of nutrition labeling
schemes and the provision of nutritional information
as leading strategies to improve healthy food choices
(WHO 2004). In line with the WHO’s recommenda-
tions, many countries have required food providers,
such as supermarkets, to disclose calorie and nutri-
tional content information (Hawkes and World Health
Organization 2004, WHO 2004). However, a potential
drawback of this approach is that consumers may mis-
understand or misuse nutritional information, imped-
ing effective communication (Cowburn and Stockley
2005). To overcome this problem, some retailers have
voluntarily provided simplified information on health-
ful products to persuade customers interested in
improving their food choices at the point of sale.3 More

broadly, several countries are moving toward manda-
tory simple front-of-package labeling, focusing on
unhealthful products, to change shoppers’ behavior.

Despite its importance, identifying the effect of food
labeling on consumer behavior has proved elusive to
date. Bleich et al. (2017), for instance, review 53 studies
on the impact of calorie labeling on consumer behavior
and conclude that the lack of statistical power and strong
designs challenge clear conclusions about the effects of
calorie labels.4 Moreover, the fact that most regulations
are implemented at a single point in time poses addi-
tional challenges to pin down the effect of front-of-pack-
age labeling. For instance, before-after estimations need
the unobserved components of consumer behavior to be
time invariant (Ippolito and Mathios 1995, Dumanovsky
et al. 2011, Nikolova and Inman 2015, Elshiewy and Boz-
tug 2018, Correa et al. 2020, Taillie et al. 2020b). Also,
comparing regulated markets with other geographic
locations (as control) requires unobservables to have a
parallel trend across markets (Elbel et al. 2009, Bollinger
et al. 2011, Finkelstein et al. 2011, Hobin et al. 2017).

We take advantage of the gradual implementation
of a comprehensive and mandatory food labeling
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regulation introduced in Chile to identify its effects on
consumer behavior. The regulation was prominently
featured in the international press (Jacobs 2018, Boseley
2020) and described as “the world’s most ambitious
attempt to remake a country’s food culture” and “could
be a model for how to turn the tide on a global obesity
epidemic” by the New York Times. The new regulation
established that products exceeding certain thresholds of
critical nutrients should display mandatory warning
labels by the end of June 2016. However, food suppliers
gradually introduced the warning labels in different
retail stores a few months before the regulation came
into force. During this period, supermarkets began sell-
ing labeled products driven by stock availability in each
store, and suppliers were delivering labeled and unla-
beled products in a seemingly unplanned manner.

We collected daily data on the label status of specific
products (at the Universal Product Code (UPC) level)
and observe substantial variation in labeled and nonla-
beled products across time and supermarkets, allowing
us to overcome identification problems present in some
of the previous literature. We combine the label informa-
tion with individual-level transaction data from a big-
box retailer. We focus on three categories in which a
large proportion of products was expected to be labeled
and affected by the regulation: breakfast cereals, choco-
lates, and cookies. Our scan data come from all transac-
tions in the loyalty card records of the retailer.

We conduct several analyses. First, we leverage the
staggered rollout in a differences-in-differences (diff-
in-diff) approach using product-level panel data, in
which the warning label varies by UPC, store, and
day. We estimate the warning level effect on pur-
chased quantity and category share. Second, we use
household-level panel data to examine heterogeneous
treatment effects based on two dimensions: socioeco-
nomic status (SES) and the presence of small children
in the household. We also provide evidence on the
exogeneity of the labeling rollout as a robustness
check, and we perform a placebo test to support our
identification strategy. We also examine changes in
prices to rule out alternative explanations.

Finally, we use a hierarchical discrete choice model to
assess the policy’s effectiveness in substituting purchases
of unhealthy products. We compare demand patterns
under the labeling policy with those predicted by our
model in a counterfactual scenario of labels removal. We
further estimate the ad valorem tax rate that would have
equivalent effects on demand as the labeling policy.

Across analyses, we find that shopper responses to
the warning labels vary widely between product cate-
gories. In the breakfast cereal category, the warning
labels reduce the purchased volume in 6.2 percentage
points (pp.), and the purchase probability by 3.7%. In
chocolates and cookies, we find inconclusive evidence
to determine substantial effects of the regulation. This

suggests that the warning labeling effect may be con-
sistent with information disclosure being more effective
when it adds new insights to the consumer initial infor-
mation set (Loewenstein et al. 2014).5 Furthermore, in
the breakfast cereals category, our estimates from the
household analysis indicate that medium/low-income
consumers and families with children are sensitive to
warning labels. These two groups are generally high-
lighted as a priority to tackle the obesity pandemic
worldwide (Robertson 2014, Centers for Disease Control
and Prevention 2019). Our demand model finds that, in
breakfast cereals, thewarning label effect is explained by
a large share of substitution from unhealthy to healthy
products and, to a lower degree, to a reduction of pur-
chase in the food category.

Our paper contributes to a growing literature
studying the role of interpretive nutritional informa-
tion on consumer behavior and point-of-sale advertis-
ing on several dimensions.6 First, we contribute to the
statistical identification of nutritional warning label
effects. As mentioned earlier, most research on nutri-
tional labels has used a diff-in-diff strategy (before-
after approach and treatment-control geographic
locations), exploiting the label implementation in a
specific time or territory. In our setting, the staggered
rollout of warning labels affected products and stores
differently. The mix of labeled and not labeled UPCs
in the stores was different over time. Furthermore, the
mandatory nature of the regulation ensured that cus-
tomers could not systematically avoid labels by
switching stores. Attempting to address the identifica-
tion concerns, other authors have implemented
experiments to assess the effects of food labeling. Kie-
sel and Villas-Boas (2013) conducted a study in which
they manipulated the information content of nutri-
tional shelf labels in one product category (microwave
popcorn) across five treatment stores selected by the
supermarket chain and one synthetic control group.7

Whereas the experimental setting allows the authors
to compare labeled versus unlabeled microwave pop-
corn, the selection on unobservables to create a control
store remains a potential issue. In our study, stores
were not participating in a voluntary experiment but
under a mandatory regulation, which allows us to
provide evidence on consumers’ in-store purchase
behavior relevant for countries planning or introduc-
ing similar compulsory nutritional labels. We also add
to this research by considering other relevant food cat-
egories from managerial and health policy perspec-
tives. Downs et al. (2009) conducted two experiments
showing people a menu with calorie information.
They found a small effect of calorie information,
which may even backfire for dieters. One concern is
that consumers may be aware of their participation in
a study, potentially driving their attention to the new
nutritional information. Previous research has shown
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that awareness of participation may change people’s
behavior (Schwartz et al. 2013). Our field setting, com-
bined with the use of vast amounts of transactional
data, avoids potential biases from surveys and labora-
tory experiments as it captures the normal shopping
behavior of consumers during the introduction of an
exogenous change in information.

Also, thanks to the staggered rollout of warning
labels occurring months ahead of the date the law
entered into force, we are able to separately identify
the impact of warning labels from the effect of other
policies included in the law, which entered into force
concurrently with the warning label system, such as
the ban on advertising directed to children and the
prohibition to display cartoon characters in the pack-
age of products exceeding the regulatory thresholds.
Thus, our paper can inform marketers, industry par-
ticipants, and policymakers about the specific effects
of nutritional warning labels on purchase behavior.

Second, the mandatory nature of the policy we
study allows us to overcome some challenges facing
previous work on the effects of interpretive warning
labels. Compared with other nutritional label schemes
that require people to interpret and understand the
information (e.g., calorie posting), warning labels
advertise distinct information levels and provide an
interpretation about which food is unhealthful.8 Simi-
lar to our work, Bollinger et al. (2019) estimated the
effect of an interpretive nutritional label, the guiding
stars system, on purchase behavior in supermarkets’
point of sale. However, the authors found that con-
sumers did not understand nor were sufficiently
aware of the guiding stars, a voluntary system, mak-
ing it difficult to examine the label’s effect.

The mandatory law affected all products and stores
and had a simple and publicized design that ensures
widespread awareness, understanding, and consider-
ation from consumers (Centro de Estudios del Retail
2016, Valdebenito et al. 2016).9 In effect, the Chilean
warning label system has become a prominent stand-
ard implemented or discussed in several countries
(e.g., Israel, Canada, Mexico, Brazil, South Africa, and
Peru)—our findings help stakeholders evaluate a cru-
cial piece of the legislation that has attracted most of
the attention worldwide.

Finally, our paper contributes to the debate on man-
datory information disclosure and its potentially het-
erogeneous effect across different segments of the
population (Cawley et al. 2016). Finding effective
measures to close the gap in nutritional inequality has
proved to be difficult.10 We find that the labeling pol-
icy may help modify the purchasing behavior of lower
socioeconomic consumers—who tend to suffer more
from obesity—in specific food categories.

The remainder of this paper is organized as follows.
Section 2 describes the nutritional warning information

we study, institutional details, and summary statistics
of our supermarket data. Section 3 presents our analy-
sis based on the panel data of products and house-
holds. Section 4 presents our analysis using a structural
demand model. Section 5 discusses the overall results
and concludes.

2. Data and Institutional Background
2.1. The Chilean Law of Food Labeling and

Advertising and Its Gradual Implementation
In the last few years, Chile introduced groundbreak-
ing changes to its legislation regulating nutritional
food labeling. The new regulatory framework was
broadly aimed at improving point-of-sale nutritional
information using simple interpretive front-of-pack-
age labeling.11 Under the new regulations, prepack-
aged food products whose contents of four critical
nutrients—sugar, sodium, saturated fats, and calories12

exceed certain thresholds must display standardized
black labels warning that the product contains exces-
sive levels of the corresponding critical nutrients.13

According to the regulation, the warning labels
must be prominently displayed on the front pack of
the product. They take the form of octagons, resem-
bling a black stop sign, displaying the legend “high
in” followed by the name of the critical nutrient being
exceeded.14 Figure 1 presents the labels introduced by
the law. The regulation is precise about the size of the
warning labels and the position they must occupy to
ensure saliency to the public. For instance, according
to the law, a product that exceeds a critical nutrient
limit and whose front pack exceeds 300 square centi-
meters (approximately 0.32 square feet) must include
a warning label of dimensions 3.5 by 3.5 centimeters
(about 1.38 by 1.38 inches). The law divided products
into solids and liquids and specified the thresholds
for labeling a product in terms of a fixed quantity of
the product (100 grams for solids and 100 ml. for
liquids).15

The Chilean Law of Food Labeling and Advertising
established a three-stage process over which products
would be progressively labeled as high in a critical
nutrient. The initial phase began on June 27, 2016, one
year after the official order specifying the details of
the new regulation was published. More stringent
thresholds were mandated to be gradually introduced
in June 2018 and June 2019. In this paper, we focus on
the impact of the nutritional labels introduced during
the first phase of the process.16

An international comparison puts Chile among the
early adopters of a mandatory front-of-pack nutrition
labeling law, an ambitious policy intervention that is
being increasingly considered by other countries
worldwide (Hawkes 2010, Jacobs 2018, Boseley 2020).
For example, Canada has begun discussing the
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adoption of a mandatory front-of-pack nutrition label-
ing system which, according to the initial specifica-
tions set by the Canadian Ministry of Health, would
include several elements contained in the Chilean
law.17 Among the countries that have already imple-
mented mandatory front-of-pack nutrition labeling sys-
tems are Bolivia, Ecuador, Peru, Uruguay, Israel, and
Mexico.18

The actual implementation of the new regulation
plays a key role in our empirical strategy. The law
mandating the introduction of the warning labels was
approved in June 2012, but its implementation
required the completion of several administrative and
legal procedures. The legislation was finally enacted
in April 2015 and entered into force on June 27, 2016.

There was an initial period of confusion about
whether the stock of unlabeled products exceeding
the limits of critical nutrients would be allowed to be
exhibited on store shelves after the June 2016 dead-
line. The authorities ruled that all products high in
some nutrients would have to display the warning
labels by June 27, 2016, regardless of their manufactur-
ing date. Stores that failed to comply with the new
regulations by the deadline would be subject to fines.
This clarification prompted large retailers to demand
delivery of labeled products several months in advance
of the legal deadline. This process resulted in some
products displaying the black warning label in some
stores but not in others.

Our empirical strategy exploits this gradual imple-
mentation of the warning labels. Since retail stores
received labeled products before the deadline set by
the law, we can observe at a given point in time a
product displaying a warning label in one store and
the same product in a similar outlet without the warn-
ing label.19 This overlap of labeled and unlabeled
products changing over time, coupled with observa-
tions of purchasing behavior at the UPC-store level,
allows us to measure the impact of the food warning
labeling on consumer behavior.

One potential concern is that the assignment of
labeled products to retail outlets was manipulated by
manufacturers based on sales or prices, being consid-
ered endogenous to consumers. From several inter-
views we conducted with large suppliers of products
directly affected by the regulations, we learned that it
was logistically impractical for them to determine
which specific stores would end up receiving the
labeled products. Nevertheless, we conduct an econo-
metric analysis to test this potential concern in Section
3.2. We introduce our data and discuss the observed
implementation in the following subsection.

2.2. Data Description
We partnered with a large chain of supermarkets in
Chile to study the impact of the nutrition labeling law
on purchasing behavior.20 We were able to measure
whether specific UPCs displayed warning labels on
the shelves of six supermarkets located in the two
most populated regions of Chile over a period of
gradual and asynchronous introduction of warning
labels in supermarkets. Our team of research assis-
tants visited the stores before the legal deadline, dur-
ing May–July 2016, took pictures, and recorded the
label status of each UPC and the specific type of warn-
ing label it displayed. On average, each store was vis-
ited 40 times over the period in which the warning
label status of a given UPC exhibited variation across
stores.21

We combine our collected data on the presence of
warning labels with consumer-level point-of-sale
data, which include all items in consumers’ shopping
baskets, the prices paid for each item, and the date
and time of the transaction. Our scan data identify
individual consumers using customer membership in
the retailer loyalty program and the unregistered con-
sumers. According to the retailer, purchases made
through its loyalty program account for approxi-
mately 80% of its total revenues. Our consumer-level
data also contains gender, age, and socioeconomic

Figure 1. Warning Labels in Chile

Notes. From left to right: high in sugar, high in calories, high in saturated fats and high in sodium. At the bottom of each label it states Ministry
of Health.
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status (SES). The retailer classifies a customer into one
of five SES categories (ABC1, C2, C3, D, and E) based
on the specific street block where the customer resides
using census data. Also, our data set includes histori-
cal data extending back to early 2015 with purchases
made by the same set of customers. We use data from
May to July 2015 for placebo tests.

We focus on three product categories, as a large
fraction of these products was targeted by the regula-
tion: breakfast cereals, chocolates and cookies.22 As an
illustration of the variation we observe, Figure 2
shows the evolution of warning labels per category in
the six stores included in our sample for the top-
selling products in each category. As expected, there
is an upward trend in the number of labeled UPCs
over time across all stores and categories. There is
considerable variation in the food labeling implemen-
tation across products, stores, and time.23

Additionally, Figure 3 shows the number of days in
advance of the legal deadline when the warning labels
were implemented for each of the same top-selling
products in each category. The figure displays average
and standard deviation across stores of the number of
days ahead of the deadline when the warning label
was first introduced.24 Importantly, the charts in Fig-
ure 3 show no clear pattern linking market shares
with the timing of the introduction of warning labels
across stores. In Section 3.3, we perform a formal
econometric test to verify whether the time of label
implementation can be explained by preregulation
sales, prices, or quantities.

Table 1 shows summary statistics for our data.
Panel A presents details of the product-level panel
data such as the number of products, average price,
and the average of products sold per store-day. Panel
B describes the household-level panel data reporting
the number of households, their average (and median)
number of trips, as well as their purchased quantity.
Panel C shows the number of labeled UPCs per cate-
gory and their respective fraction of products and
market shares in July 2016 (i.e., when the law came
into force). We observe that most cookies and choco-
lates ended up with three labels (stop signs with high
in).

The product-level panel data used in Section 3
aggregates transactions for each store-day, from regis-
tered and unregistered households and considers all
the UPC-store-day observations with an average of
more than six transactions per day per store to ensure
that the product was available to consumers as stock-
outs are unobservable, and research assistants could
only get information from products on the shelves.
Using this threshold, the set of products represents a
large portion of the universe of products in the entire
period in all stores (between 71% and 76%). In each
observation (UPC-store-day), we observe whether the

product was labeled. We also use category-specific
household panel data to examine heterogeneous
effects. In this case, we built the entire set of available

Figure 2. Evolution of the Number of Labeled Products per
Store over Time

Note. The y-axis is the number of labeled products (from the top-
selling products per category); the x-axis is the timeline in weeks.
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UPCs for each consumer in a store visit. To control for
household fixed effects, we use the category-specific
sample of registered consumers with at least six trips
in 2015 and another six in 2016. Finally, Section 4 esti-
mates a discrete choice demand model using the same
set of households and the top 10 products in each
category.

3. Product-Level Analysis
We first leverage the gradual rollout using a staggered
diff-in-diff strategy at the product level.25 We estimate
the warning label effect using a linear regression
model, including the available UPCs in each store per
day.26 Each observation is at UPC-store-day level,
indicating whether the product was labeled, the num-
ber of stop sign labels, its presence on transactions,
volume sold, and the mean price. We use the follow-
ing specification:

Yjst � βPjst + γLjst + δjs + ξt + λt + εjst, (1)

where the dependent variables for UPC j at store s on
day t, Yjst, can be (1) the percentage of transactions of
the product j within its category, or (2) the log quan-
tity sold of product j in that store-day combination.
The term Ljst indicates whether product j was labeled
on day t at store s. This equation also includes other
explanatory variables, such as UPC mean price (Pjst)
at the store-day level, product-store fixed effects (δjs)
to control for baseline differences across stores (e.g.,
layout, store-specific promotions, and space on the
shelf), day-of-the-week dummy variables (ξt), and
week fixed effects (λt) to control for purchase patterns
on different days of the week and week-specific
shocks, respectively. We compute two-way clustered
standard errors by UPC and by store (Bertrand et al.
2004). We use this specification for each food
category.27

3.1. Main Labeling Effect
Table 2 presents the estimates of the average treat-
ment effect of the warning label in the breakfast cere-
als category. We present different specifications
including different sets of covariates. We begin by
noting that the estimated price coefficient is consis-
tently negative in both panels. More importantly, we
find that the warning label effect is consistently nega-
tive across all specifications. Estimates in column (3)
of panel A, using the full set of covariates from Equa-
tion (1), indicate that the volume of breakfast cereals
is reduced by 6.2 pp. (confidence interval (CI) 95%
(−10.9 pp., −1.5 pp.)) when a product is labeled. To
get a sense of this effect, we observe that, on average,
each cereal sold 20 units per store-day during the time
of the study. The warning level effect reduced this

Figure 3. Timing of Warning Label Implementation Across
Stores

Notes. The x-axis displays each of the top-selling products per category.
The y-axis is the number of days in advance of the actual implementation
of the warning labels before the legal deadline. The red dots represents the
mean of the number of days in advance across stores for each product, and
the error bars represent the corresponding variation (using the standard
deviation). Dots at Y � 0 correspond to unlabeled (healthful) products.
Products are sorted by sales, being product 1 theUPCwith the largest sales.
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number by between one and two units in each store
per day. Also, based on panel B, when a product is
labeled, it is less likely to be present in a ticket that
includes any cereal by 0.07 pp. (CI 95% (−0.15 pp.,
−0.001 pp.)). Because in breakfast cereals, a particu-
lar UPC will be in a transaction in 1.9% of the tickets
that contain any cereal, this number goes down to
1.83% when the UPC is labeled (i.e., a 3.7%
reduction).

Tables 3 and 4 present the analysis for chocolates
and cookies, respectively. In both cases, for the change
in volume, the magnitude of the coefficient associated
with the warning label is positive but not sizably dif-
ferent from zero (CI 95% (−2.5 pp., 5.7 pp.) and CI
95% (−2.3 pp., 6.0 pp.), respectively). Therefore, we
cannot reject the hypothesis that γ � 0, that the warn-
ing label changes demand in these cases. Similarly, for
the percentage of transactions, the 95% confidence
intervals overlap with zero leading to inconclusive
evidence of the warning label effect in these categories
(−0.11 pp., 0.13 pp.) for chocolates and (−0.03 pp., 0.10
pp.) for cookies. Because a particular chocolate UPC is
sold 28 times, on average, and a cookie 31 times, the
point estimates would indicate a variation in half of a
unit in both categories.28 For the change in percentage
of transactions, considering that a particular chocolate
product is in 1.1% of the tickets with chocolates, and a
cookie in 1.4% of the ones with cookies, the point

estimates represent a variation of 1% and 2%. These
results suggest that the effect of the nutritional label
has a moderate magnitude for cereals and is small
and inconclusive (given the imprecision of the esti-
mates) for cookies and chocolates. In this regard,
online Appendix B compares the estimates across the
three categories, finding that the estimates for quan-
tity sold of cereals are significantly smaller than those
for chocolates and cookies, with no sizable difference
between the last two (for the percentage of transac-
tions, the results were similar, except between cereals
and chocolates, in which the difference was not siz-
ably different from zero at the 5% significance level).

We also examine the effect of the number of warn-
ing labels estimating Equation (1) but using three
dummy variables for one, two, and three warning
labels instead of a single indicator Ljst. In Table 5, we
find that in breakfast cereals, the magnitude of the
coefficient associated with one, two, or three warning
labels are similar, but showing wider standard errors
compared with the previous analysis, especially for
the three-warning label due to fewer products with
this number of warning labels in this food category
(12% of all cereals). In the chocolate category, we find
positive coefficients, and none are sizably different
from zero at a 10% significance level, and we need to
consider that only 9% of the chocolate products ended
up with a one-warning label. For cookies, there are

Table 1. Summary Statistics

Panel A: Product statistics

Category Number of products Average price Price standard deviation Average quantity per UPC-store-day

Breakfast Cereals 225 1,715 878 19.5
Chocolates 308 1,405 912 27.5
Cookies 423 846 623 30.8

Panel B: Household statistics

Category Number of households Average number of trips Median of trips Average quantity per UPC-day

Breakfast cereals 4,801 25.2 21 1.4
Chocolates 16,117 25.1 21 1.4
Cookies 12,396 26.3 22 1.7

Panel C: Label distribution

Category 0 1 2 3 Total

Breakfast cereals 75 52 71 27 225
UPC share [%] 33.3 23.1 31.6 12.0 100
Market share [%] 28.5 37.4 24.5 9.6 100

Chocolates 27 13 35 233 308
UPC share [%] 8.8 4.2 11.3 75.7 100
Market share [%] 3.4 1.7 5.3 89.6 100

Cookies 36 80 44 263 423
UPC share [%] 8.5 18.9 10.4 62.2 100
Market share [%] 1.2 10.0 3.7 85.1 100

Notes. Prices in Chilean pesos (the average exchange rate in May–July 2016 was USD 1 � CLP 673.5). Note that not all products are sold in each
store every day. Also, no product had four labels in the categories we studied.
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negative and positive estimates, the latter for three-
warning labels, but again none of them are sizably dif-
ferent from zero at a 10% significance level (most of
the cookies ended up with three-warning labels). The
estimates in these products are consistent with the
intuition that unhealthy warning labels may be

interpreted as “tasty indicators” (Raghunathan et al.
2006, Ikonen et al. 2020). Similarly, Kiesel and Villas-
Boas (2013) found a negative effect of a low-fat nutri-
tional label on microwave popcorn. They argue that a
trade-off between taste and nutritional content might
be an explanation for their finding.

Table 3. Label Effect on Chocolates at the Product-Level Analysis

Panel A: Dependent variable: Log of Quantity

(1) (2) (3)

Label 0.013 0.039 0.016
(0.029) (0.020) (0.016)

Price −0.724***
(0.114)

R2 0.715 0.732 0.751

Panel B: Dependent variable: Percentage of Transactions

(1) (2) (3)

Label 0.0003 0.0003 0.0001
(0.0009) (0.0005) (0.0004)

Price −0.008*
(0.004)

R2 0.748 0.749 0.756
Store-UPC fixed effects � � �

Day-of-the-week fixed effects � �

Week fixed effects � �

Number of observations 12,094 12,094 12,094
Number of stores 6 6 6
Number of products 264 264 264

Notes. OLS estimates of Equation (1). As the dependent variable, panel A uses the log of purchased quantities, and panel B uses the percentage
transactions in a given store-day combination containingUPC j. Two-way clustered-robust (at the store-UPC level) standard errors are in parenthesis.

*p < 0.1; ***p < 0.01.

Table 2. Label Effect on Breakfast Cereals at the Product-Level Analysis

Panel A: Dependent variable: Log of Quantity

(1) (2) (3)

Label −0.177*** −0.065** −0.062**
(0.037) (0.021) (0.018)

Price −0.616***
(0.147)

R2 0.574 0.638 0.672

Panel B: Dependent variable: Percentage of Transactions

(1) (2) (3)

Label −0.0011** −0.0008* −0.0007**
(0.0004) (0.0003) (0.0003)

Price −0.012**
(0.004)

R2 0.568 0.571 0.605
Store-UPC fixed effects � � �

Day-of-the-week fixed effects � �

Week fixed effects � �

Number of observations 12,891 12,891 12,891
Number of stores 6 6 6
Number of products 195 195 195

Notes. Ordinary least squares (OLS) estimates of Equation (1). As the dependent variable, panel A uses the log of purchased quantities, and
panel B uses the percentage transactions in a given store-day combination containing UPC j. Two-way clustered-robust (at the store-UPC level)
standard errors are in parenthesis.

*p < 0.1; **p < 0.05; ***p < 0.01.
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3.2. Pricing
To examine whether pricing behavior was affected by
the gradual implementation of the warning labels, we
estimate the following regression:

Pjst � γLjst + δjs + ξt + λt + εjst: (2)
Using the same notation of Equation (1), we seek to

test whether prices were endogenous to the label
treatment.

Table 6 shows that for cereals and cookies it is
unlikely that prices were affected by the warning
label, or its effect is tiny, during the implementation
period (CI 95% (−0.03, 0.03) and CI 95% (−0.01, 0.01),
respectively). As a reference, Chilean pesos (CLP) 5
(from the coefficient γ � 0.005, in thousands of CLP)
were less than one cent in U.S. dollars at the time of
the study.29 In the case of chocolates, there was a dif-
ference of CLP 31 (CI 95% (−0.05, −0.01)), but this
effect was minimal (equivalent to 4.6 cents in U.S. dol-
lars), as the average mean price of chocolates was CLP
1,405 (standard deviation � 912). These results indi-
cate that price promotions were not associated with
the early implementation of the warning labels.

3.3. Labeling Timing and Placebo Tests
Identification of the food labeling effect relies on the
staggered implementation of the labels conducted by
suppliers at different times and stores. We first test
whether the warning label implementation was asso-
ciated with products’ sales. For example, it is plausible

that products that were sold faster were replaced by
labeled products at the beginning of the implementa-
tion period. We examine this issue by regressing
the number of days in advance of the official deadline
that the product was labeled in a given store for the
first time on either sales, volume, or price using pre-
vious aggregated sales from May–July 2015.30 This
analysis is conservative because it assumes that when
a UPC is labeled in a given store, it remains labeled.
However, we often observe a product’s labeling status
being reversed from labeled to unlabeled in the same
store.

The estimates in Table 7 show that in none of the
categories considered we find a meaningful correla-
tion between the timing of a product’s first labeling
and its previous sales, quantity sold, or price. All esti-
mates are quite small and not sizably different from
zero at the 10% significance level (almost all p-values
are greater than 0.5), and only in the case of cookies is
there a negative coefficient indicating that more
expensive cookies were labeled earlier. However, the
corresponding effect size is very small: cookies that
cost CLP 1,000 more were labeled five to six days
before on average (CI 95% (−8.3, −2.4)), and the aver-
age price of cookies was CLP 846.31

As an additional robustness check of our results, we
conduct a placebo test and artificially introduce warn-
ing labels over a period predating the intervention
period when the food labels were actually imple-
mented. Our falsification test uses data for the same

Table 4. Label Effect on Cookies at the Product-Level Analysis

Panel A: Dependent variable: Log of Quantity

(1) (2) (3)

Label −0.015 0.019 0.019
(0.023) (0.018) (0.016)

Price −1.314***
(0.264)

R2 0.662 0.683 0.701

Panel B: Dependent variable: Percentage of Transactions

(1) (2) (3)

Label 0.0003 0.0004 0.0003
(0.0003) (0.0002) (0.0002)

Price −0.017**
(0.006)

R2 0.630 0.631 0.642
Store-UPC fixed effects � � �

Day-of-the-week fixed effects � �

Week fixed effects � �

Number of observations 24,925 24,925 24,925
Number of stores 6 6 6
Number of products 376 376 376

Notes. OLS estimates of Equation (1). As the dependent variable, panel A uses the log of purchased quantities, and panel B uses the percentage
transactions in a given store-day combination containing UPC j. Two-way clustered-robust (at the store-UPC level) standard errors are in
parenthesis.

**p < 0.05; ***p < 0.01.
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months for which we observe the actual rollout of the
warning labels, but a year before when no warning
labels had been introduced yet.32 Table 8 presents the
estimates of the placebo warning labels on consumer
choice using the same Equation (1) for each product
category. All warning label coefficients are not sizably
different from zero in any product category, even at
the 10% significance level, indicating an unlikely pla-
cebo warning label effect.33

3.4. Heterogeneous Effects and Household-
Level Analysis

To study heterogeneity of the warning label effect, we
estimate our main regression using household-level
data. This approach complements the product-level anal-
ysis by examining whether the warning labeling effects
depend on the socioeconomic status and the presence of
children in the household—both key variables for a
nutritional labeling policy. We use a panel of households
covering May, June, and July of 2015 and 2016.34

We estimate the main equation, extending the nota-
tion to include a household subscript i:

Yijst � βPjst + γLjst + ηi + νj + ζs + ξt + λt + εijst, (3)

where Yijst is a purchase indicator equal to 1 if household
i purchased product j at time t in store s (0 otherwise).
As the main explanatory variables, we have the warning
label, Ljst. The specification also controls for price (Pjst)
and household (ηi), product (νj), store (ζs), day-of-the-
week (ξt), and week (λt) fixed effects. We compute two-
way clustered standard errors by household and UPC,
analogous to the product-level analysis.35

To build the category-specific household panel, we
consider consumers with at least six trips (two per
month approximately) in 2015 and six other trips in

Table 5. Number of Labels

Panel A: Dependent variable: Log of Quantity

Dependent variable: Price Cereal Chocolate Cookies
(1) (2) (3)

One label −0.069** 0.178 −0.011
(0.023) (0.094) (0.022)

Two labels −0.056* 0.005 −0.039
(0.025) (0.043) (0.038)

Three labels −0.060 0.013 0.030
(0.052) (0.017) (0.016)

Price −0.616*** −0.724*** −1.313***
(0.147) (0.114) (0.264)

R2 0.672 0.751 0.701

Panel B: Dependent variable: Percentage of Transactions

Cereal Chocolate Cookies
(1) (2) (3)

One label −0.0007 0.0005 −0.00001
(0.0004) (0.0004) (0.0003)

Two labels −0.0007 0.0001 −0.0004
(0.0004) (0.0003) (0.0003)

Three labels −0.0009 0.0001 0.0005
(0.0011) (0.0005) (0.0003)

Price −0.012** −0.008* −0.017**
(0.004) (0.004) (0.006)

R2 0.605 0.756 0.642
Number of observations 12,891 12,094 24,925
Number of stores 6 6 6
Number of products 195 264 376

Notes. OLS estimates of Equation (1). As the dependent variable, panel A uses the log of purchased quantities, while panel B uses the percentage
transactions in a given store-day combination containing UPC j. Two-way clustered-robust (at the store-UPC level) standard errors are in
parenthesis.

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

Table 6. Label Effect on Prices

Dependent variable: Price Cereal Chocolate Cookies
(1) (2) (3)

Label 0.005 −0.031*** −0.0004
(0.012) (0.007) (0.0039)

R2 0.957 0.974 0.985
Store-UPC fixed effects � � �

Day-of-the-week fixed effects � � �

Week fixed effects � � �

Number of observations 12,891 12,094 24,925
Number of stores 6 6 6
Number of products 195 264 376

Notes. OLS estimates of Equation (2). Prices are in thousands of
Chilean pesos. The average exchange rate in May–July 2016 was USD
1 � CLP 673.5. Two-way clustered-robust (at the store-UPC level)
standard errors are in parenthesis.

***p < 0.01.
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2016.36 For the product list, we consider the same
UPCs as in the previous analysis.37

First, we use a sociodemographic characterization of
the consumers. This measure (created by the retailer)
combines the consumer address with census data to
input the average income and other socioeconomic
attributes at the block level, as described in Section 2.
Thus, we estimate the warning label effect using the
subsamples of the top and the remaining groups,
denoted as “ABC1” and “No ABC1,” respectively.

Table 9 shows the estimates for the two subsam-
ples for the breakfast cereals, chocolates, and cookies

categories. In the cereal category, we find that the
estimate of the warning label effect is almost three
times larger for the low-/middle-income households
relative to the top income group. The ABC1 group
reduced the likelihood of purchasing by 0.11 pp. (CI
95% (−0.25 pp., 0.03 pp.)), and the rest by 0.30 pp.
(CI 95% (−0.54 pp., -0.06 pp.)). However, the confi-
dence intervals overlap, making any difference
between these two groups unclear. Similar to the
previous analyses with chocolates and cookies, the
socioeconomic subsamples in these product catego-
ries do not show conclusive evidence on the warning
label effect.38

As the second dimension of heterogeneity, we
study households that are likely to have children. We
have to infer this status from their purchase decisions,
and thus, we chose a subset of cereals that, given their
flavors and box design, are clearly intended for chil-
dren (e.g., Froot Loops, Chocapic, and Trix). We
defined as a household with children those registered
consumers that purchased these selected UPCs in
2015. We expect that their purchase behavior in 2016
will shed light on their response to food labeling.

Table 10 shows the estimates using the parent groups
defined previously. Our estimates suggest that the par-
ent subsample negative response is slightly stronger in
the breakfast cereal category, although their 95% confi-
dence intervals overlap with zero and their regions also
overlap between the two groups. In particular, house-
holds that are more likely to have children have an esti-
mate of −0.17 pp. (p � 0.09 with CI 95% (−0.36 pp., 0.03
pp.)). In the other product categories, the estimates show
inconclusive evidence of the label and are quite similar
regardless the presence of children. We explore alterna-
tive definitions for households with children with simi-
lar conclusions.

In Online Appendix C, we also show the results of
this household-level analysis for the average house-
hold—that is, using the whole sample. As a consis-
tency check, results are remarkably similar to the
product-level analysis. In the same appendix, we
present a placebo test similar to the one conducted in
the previous subsection, but using the household-
level panel data, finding very small label coefficients
and not sizably different from zero.39

Finally, at the product and household levels, both
analyses identify an average treatment effect of the
warning label, assuming a homogeneous effect, as a
standard policy evaluation. However, these analyses
cannot determine whether consumers substitute healthy
for unhealthy products or whether they prefer an out-
side option. The following section uses structural model-
ing to study the warning label effect accounting for the
substitution patterns across UPCs and conduct a coun-
terfactual analysis.

Table 7. Effect of Product Characteristics on Timing of
Label Implementation

Panel A: Cereals

(1) (2) (3) (4)

Previous sales −0.125 −2.240
(1.996) (3.092)

Previous quantity −0.0003 0.003
(0.003) (0.005)

Previous price 2.537 3.668
(2.242) (2.699)

Number of observations 220 220 220 220
Number of products 80 80 80 80

Panel B: Chocolates

(1) (2) (3) (4)

Previous sales 0.298 0.062
(0.582) (1.128)

Previous quantity 0.0003 0.0003
(0.0005) (0.0011)

Previous price 0.282 0.313
(0.730) (0.783)

Number of observations 246 246 246 246
Number of products 108 108 108 108

Panel C: Cookies

(1) (2) (3) (4)

Previous sales 0.382 1.223
(1.032) (1.613)

Previous quantity 0.0008 −0.0002
(0.0006) (0.0010)

Previous price −5.365*** −5.758***
(1.522) (1.747)

Number of observations 616 616 616 616
Number of products 199 199 199 199
UPC random effects � � � �

Store fixed effects � � � �

Notes. OLS estimates using as dependent variable the number of
days in advance the product was first labeled in a store. The
explanatory variables are aggregated initial sales, quantities and
mean price from each UPC-store; using data from 2015 (or May 2016
for new products). Sales and prices in millions and thousands of
Chilean pesos, respectively. Standard errors are in parenthesis.

***p < 0.01.
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4. Demand Model
In this section, we use a structural demand model to
evaluate the effectiveness of the warning label policy.
Unlike other policy options (e.g., nutrient taxes), which
might not be exclusively motivated by health-related
concerns,40 the labeling policy we study was explicitly
aimed at curbing the consumption of products the law

identifies as unhealthful. Thus, to assess the effective-
ness of the policy, we estimate a flexible discrete choice
model, which allows for heterogeneous treatment effects
while accounting for substitution patterns and point of
sales factors (e.g., pricing), and use it to compare the
predicted demand patterns under the labeling policy
and those predicted under a counterfactual scenario

Table 9. Heterogeneous Effects on Purchasing Probability by Socioeconomic Status

Dependent variable: Purchase Indicator

Cereal Chocolate Cookies

ABC1 No ABC1 ABC1 No ABC1 ABC1 No ABC1
(1) (2) (3) (4) (5) (6)

Label −0.0011 −0.0030** 0.0006 0.0004 0.0002 0.0005
(0.0007) (0.0012) (0.0005) (0.0007) (0.0004) (0.0005)

Price −0.042*** −0.044*** −0.022*** −0.026*** −0.065*** −0.076***
(0.008) (0.008) (0.005) (0.006) (0.010) (0.012)

R2 0.013 0.016 0.016 0.021 0.016 0.018
Number of observations 1,000,494 263,032 3,028,566 1,245,649 4,245,767 1,915,040
Number of households 3,302 1,153 10,141 4,821 7,545 3,893
Number of products 224 225 308 308 423 423
Household fixed effects � � � � � �

UPC fixed effects � � � � � �

Store fixed effects � � � � � �

Day-of-the-week fixed effects � � � � � �

Week fixed effects � � � � � �

Notes. OLS estimates of Equation (3) using different subsamples of the household-level data based on socioeconomic groups. Columns (1), (3),
and (5) use households from the top income group, denoted ABC1, and columns (2), (4), and (6) consider the rest of the households. The
dependent variable is a purchase indicator for each UPC in a given household-store-day. Two-way clustered standard errors at the household
and product levels are in parenthesis.

**p < 0.05; ***p < 0.01.

Table 8. Placebo Label Effect

Panel A: Dependent variable: Log of Quantity

Cereal Chocolate Cookies

Label −0.024 0.020 0.007
(0.012) (0.011) (0.015)

Price −0.830*** −1.070*** −1.453**
(0.073) (0.173) (0.366)

R2 0.672 0.762 0.737

Panel B: Dependent variable: Percentage of Transactions

Cereal Chocolate Cookies

Label −0.0005 0.0006 −0.0001
(0.0004) (0.0006) (0.0004)

Price −0.018*** −0.019* −0.023**
(0.003) (0.009) (0.008)

R2 0.564 0.752 0.731
Store-UPC fixed effects � � �

Day-of-the-week fixed effects � � �

Week fixed effects � � �

Number of observations 10,895 11,141 24,362
Number of stores 6 6 6
Number of products 165 234 327

Notes. OLS estimates of Equation (1). As the dependent variable, panel A uses the log of purchased quantities, while panel B uses the percentage
transactions in a given store-day combination containing UPC j. Two-way clustered-robust (at the store-UPC level) standard errors are in
parenthesis.

*p < 0.1; **p < 0.05; ***p < 0.01.
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where nowarning labels are implemented. This scenario
allows examining the effect of the labeling policy, ob-
serving substitutions between healthy and unhealthy
products and inside and outside a product category, and
for different subpopulations. In addition to estimating
the changes in demand patterns under label removal,
we estimate a tax equivalent to the labeling policy; that
is, we compute the ad valorem tax rate that would
have to be applied on objectionable products to mimic
the demand patterns predicted by our model under the
actual implementation of the policy.

4.1. Model
Our setting considers a consumer facing a choice
between J inside products in a category and an outside
option (labeled j � 0). The inclusion of a no-purchase
alternative allows us to investigate the effects of warn-
ing labels on category contraction or expansion. We
assume that household choices are driven by product
prices and labels, in addition to time-invariant store-
product attributes and other time-specific product char-
acteristics. Importantly, whether a product displays a
warning label is included as an attribute that may
impact households’ choices. More formally, we specify
the following conditional indirect utility function:

uijst � αij + βipjst + γiLjst + θjt + δjs + εijst, j � 1, : : : , J,
uijst � εijst, j � 0,

(4)

where pjst is the price of product j faced by household
i on a visit to store s at time t, Ljst is a dummy variable,

which takes the value 1 if product j displays a warn-
ing label at store s and time t.41

The product-week fixed effects, θjt, may capture
national marketing campaigns and other product-
specific activities that change over time but are com-
mon across stores. For example, we could account for
advertisement in a particular brand of Easter eggs,
and still identify the warning label effects in that
weekend as long as we have stores with and without
the warning labels for that specific product. The
product-store fixed effects, δjs, capture factors such as
the time-invariant location characteristics that affect
products differently such as the consumer demographics.
Finally, εijst is an independent and identically distributed
(i.i.d.) extreme value type I error term. We normalize the
deterministic component of the utility of the outside good
to zero.

The key parameter in the household’s indirect util-
ity function is the warning label coefficient, γi, that
captures the intensity of the household’s like/dislike
for the presence of (one or more) warning labels on
the front pack of product j. Our model is agnostic
about the specific mechanisms driving the house-
hold’s marginal utility associated to the warning
labels. For instance, the household’s taste for the
warning labels might be a function of its concern for
healthful eating, information about the product’s
excessive content of specific critical nutrients being
disclosed by the warning labels, or concern about the
product flavor communicated through the warning
label. The coefficient might also be sensitive to how
well informed a given household is with regard to the

Table 10. Heterogeneous Effects on Purchasing Probability by Children’s presence

Dependent variable: Purchase Indicator

Cereal Chocolate Cookies

Parent No parent Parent No parent Parent No parent
(1) (2) (3) (4) (5) (6)

Label −0.0017* −0.0011 0.0006 0.0005 0.0001 0.0004
(0.0010) (0.0007) (0.0007) (0.0006) (0.0005) (0.0004)

Price −0.049*** −0.036*** −0.026*** −0.023*** −0.078*** −0.067***
(0.009) (0.006) (0.006) (0.005) (0.012) (0.010)

R2 0.016 0.015 0.020 0.017 0.023 0.015
Number of observations 642,888 639,168 1,145,460 1,580,012 1,872,120 2,315,909
Number of households 2,142 2,341 3,966 5,471 3,302 4,256
Number of products 225 225 308 308 423 423
Household fixed effects � � � � � �

UPC fixed effects � � � � � �

Store fixed effects � � � � � �

Day-of-the-week fixed effects � � � � � �

Week fixed effects � � � � � �

Notes. OLS estimates of Equation (3) using different subsamples of the household-level data based on the presence of children. Columns (1), (3),
and (5) use households that have previously purchased children products, and columns (2), (4) and (6) consider the rest of the households. The
dependent variable is a purchase indicator for each UPC in a given household-store-day. Two-way clustered standard errors at the household
and product levels are in parenthesis.

*p < 0.1; ***p < 0.01.
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product’s critical nutrients (or overall healthful status)
prior to facing the warning labels. Thus, the coefficient
might be more negative, for instance, if the presence of
warning labels in a product changes prior expectations.

Our choice to introduce the effects of warning labels
as a simple dichotomous variable—instead of account-
ing for the different permutations of warning label
types—is grounded on the limited variation in warning
label combinations we observe in the data and previ-
ously shown. For instance, among the top 10 breakfast
cereal products (by market share), only one of them is
required to display both a high in calories and a high in
sugars label (Nestlé Trix), the rest are required to display
only a calorie label. Similarly, we observe no variation in
label combinations among the top 10 products in the
chocolates and cookies categories. Thus, it turns out to be
unfeasible to separately identify the effects of alternative
warning label combinations from the effects of labels on
individual products.

Our specification allows for the alternative-specific
constants αij as well as the sensitivities to warning
labels, γi, and prices, βi, to vary over households. In
principle, we could allow the taste coefficients associ-
ated to the warning labels to vary across alternatives
as well, to account for a differential impact of warning
labels across different products (e.g., the warning
labels for specific products might be more informative
for certain households). However, the fact that some
of the products (i.e., the healthy ones in the choice set)
do not get labeled over the whole sampling period
(and beyond) precludes us from identifying alternative-
specific warning label coefficients.

A usual concern in demand estimation is the poten-
tial for price endogeneity. In our setting, however, pri-
ces are identical for consumers in the same store (no
coupons are used by the retailer). Moreover, store
managers have little discretionality to set prices as the
retailer follows a mostly national pricing policy. In
our data, cross-store price variation within a category
accounts for between 1.2% (chocolates and cookies)
and 2.2% (breakfast cereals) of total price variation. To
the extent that the retailer sets prices based on unob-
servables (to the researcher), our structural model
would still be subject to price endogeneity when
examining substitution patterns. We mitigate the
problem by using weekly product intercepts (θjt) to
control for weekly product-specific characteristics, as
suggested in Chintagunta et al. (2005).42 The fact that
estimated price elasticities are within the range of pre-
viously reported estimates (see Table 11) suggests that
price endogeneity (which typically leads to an attenu-
ation bias)43 might not be a major issue in our setting.

We adopt a hierarchical Bayesian approach (Rossi
et al. 2005) to model taste heterogeneity between house-
holds. LettingΘi � {βi,γi, {αij}j�Jj�1} be a vector containing

the random coefficients in the model, we specify first-
stage normal priors for {Θi}Ni�1:

Qi ~N(m,R): (5)

We denote by σ � (σβ,σγ,σα1,: : : ,σαJ ) the population

standard deviations (e.g., σβ � �����

Σ11
√

,σγ � �����

Σ22
√

) and
allow R to be nondiagonal. We follow Rossi et al.
(2005) and specify normal and inverse Wishart priors
on m and R, respectively, at the second stage.

As discussed in the reduced form analysis pre-
sented earlier, the identification of the warning label
preference parameters comes from the staggered roll-
out of warning labels across stores. Identification of
the γi parameters relies on the variation of the warning
over time and in different stores. For a given product
on a given day, we observe stores where the product
displays the warning label as well as stores where the
same product does not. Differences in consumer pur-
chasing probabilities between and within stores allow
us to identify the warning label effect.

Identification of the price coefficients, βi, relies on
the observed price variation across time, stores, and
products. In effect, we observe price promotions (i.e.,
temporary price reductions) that differ primarily over
time and across products.

4.2. Estimation and Results
We estimate the model at the category level (i.e., break-
fast cereals, cookies, and chocolates) aswe did in the pre-
vious section. In each category, we select the 10 most
important products (at the UPC level) by market share
and define the outside option as visits to the supermar-
ket that do not include purchases of any of the products
in the category.We group other less popular products in
a category into two composite goods aggregating, each
one of them, products displaying and not displaying
warning labels in a given purchase occasion (i.e., a par-
ticular store-day can have different of these composited
products). As is standard in the literature (e.g., Dubé
et al. 2010, Simonov et al. 2020), we use Monte Carlo
Markov chain (MCMC) methods to estimate our
demand model. Given diffuse standard priors for the
parameters, we take draws through a Gibbs sampler
with aMetropolis-Hastings step (Train 2009).44

Table 11 reports summary statistics for the posterior
mean of the first-stage prior for the warning label and
price coefficients. The table also reports price elasticities
andwarning labels semi-elasticities to facilitate compari-
sons across categories. Warning label semi-elasticities
are computed as the difference between choice probabil-
ities obtained when a given targeted product is labeled
according to the actual label implementation—while all
other products remain unlabeled—and the correspond-
ing choice probabilities when none of the products are
labeled over the duration of the data.
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The results are broadly consistent with our findings in
the previous section. We find a significantly negative
effect of warning labels in the breakfast cereals category.
The point estimate (i.e., the mean of the mean posterior)
for the warning label parameter equals −0.404, and the
95% credible interval ranges between−0.727 and−0.063.
The associated average semi-elasticities, across unheal-
thy, unlabeled products, equal −28.8%with a 95% credi-
ble interval ranging between −46.1% and −5.4%. We
stress that these numbers represent an upper bound to
the consumer response to the warning labels as they
result from comparing a situation inwhich a single focal
product is labeled with a situation in which none of the
products displays a warning label. In contrast, we do
not find significant results for the effects of warning
labels in chocolates and cookies. The point estimates
equal 0.084 and 0.005 for chocolates and cookies, respec-
tively, with 95% credible intervals ranging between
−0.170 and 0.326 in the case of chocolates, and between

−0.092 and 0.118 in the case of cookies. Thus, we cannot
reject the hypothesis that warning labels are ineffective
in the case of these two categories.

As expected, point estimates for the price coeffi-
cients and own-price elasticities are negative across all
three categories, and the associated 95% credible inter-
vals do not include zero in any of the three categories.
Own-price elasticities are within the range of previ-
ously reported figures: Approximately −3.25, −2.36,
and −4.14 for cereals, chocolates, and cookies, respec-
tively. For instance, Bijmolt et al. (2005) report an aver-
age price elasticity of −3.74 across several categories
and Nevo (2001) finds price elasticities on the order of
−3 for the breakfast cereal category, in line with our
mean estimate for the same category.

The results also suggest that the covariance between
price and warning label sensitivity is only relevant in
the breakfast cereal and chocolate categories. The point
estimate equals −0.565 with a 95% credible interval of

Table 11. Discrete Choice Model Estimates

Panel A: Breakfast cereals

Random parameter

Mean, m Standard deviation, s Average elasticities/semi-elasticities.

Posterior mean 95% CI Posterior mean 95% CI Mean 95% CI
(1) (2) (3) (4) (5) (6)

Price −1.4546 [−1.6270, −1.2830] 0.9675 [0.7684, 1.1380] −3.2529 [−3.6343, −2.8684]
Label −0.4042 [−0.7265, −0.0625] 1.1538 [0.9073, 1.4553] −0.2882 [−0.4612, −0.0540]
Covariance (σβγ) −0.5649 [−0.9718, −0.2042]
Avg. log-likelihood −21,453.3 Number of households 3,452
Null log-likelihood −66,106.4 Number of trips 25,773

Panel B: Chocolates

Random parameter

Mean, m Standard deviation, s Average elasticities/semi-elasticities.

Posterior mean 95% CI Posterior mean 95% CI Mean 95% CI
(1) (2) (3) (4) (5) (6)

Price −1.1053 [−1.2931, −0.9530] 0.3410 [0.2501, 0.4322] −2.3627 [−2.7648, −2.0342]
Label 0.0839 [−0.1703, 0.3263] 0.6901 [0.4882, 1.0210] 0.0595 [−0.0957, 0.2334]
Covariance (σβγ) −0.1421 [−0.2709, −0.0283]
Average log-likelihood −15,868.9 Number of households 3,671
Null log-likelihood −56,970.1 Number of trips 22,211

Panel C: Cookies

Mean, m Standard deviation, s Average elasticities/semi-elasticities.

Random parameter Posterior mean 95% CI Posterior mean 95% CI Mean 95% CI
(1) (2) (3) (4) (5) (6)

Price −3.6726 [−3.9146, −3.4246] 1.6938 [1.3897, 2.1110] −4.1463 [−4.4201, −3.8595]
Label 0.0049 [−0.0918, 0.1175] 0.3952 [0.3026, 0.4987] 0.0041 [−0.0485, 0.0705]
Covariance (σβγ) −0.0475 [−0.2848, 0.1919]
Average log-likelihood −24,603.1 Number of households 2,623
Null log-likelihood −60,889.3 Number of trips 23,739

Notes. Warning labels semi-elasticities indicate the percentage change in choice probabilities obtained from comparing a situation in which a
given (eventually labeled) product is labeled according to the actual policy rollout and a situation in which no product is labeled throughout the
period. We run the MCMC procedure for 800,000 iterations and use the last 400,000 for estimation. Elasticity and semi-elasticity estimates use
10,000 draws from the simulated posterior distributions. Following Equation (4), all estimations include product-store and product-week fixed
effects, in addition to price and a warning label indicator.
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[−0.972, −0.204] in breakfast cereals and −0.142 with a
95% credible interval of [−0.271, −0.028] in chocolates,
suggesting that more price-sensitive individuals tend
to display a lower distaste for the warning labels.45 In
the case of the cookies category, we cannot reject the
hypothesis that the price andwarning label coefficients
are uncorrelated as the 95% credible interval for the
covariance between the coefficients includes zero.

Figure 4 examines the distribution of warning label
taste coefficients across households for the three prod-
uct categories. We observe important differences in
distribution of distaste coefficients across categories.
Warning label coefficients show substantial heteroge-
neity across households in the breakfast cereals cate-
gory, with most of the probability mass concentrated
below zero. In the chocolate category, in contrast,

whereas the distaste for warning labels varies to an
important extent across households, most of the prob-
ability mass is concentrated above zero, indicating
that the majority of households derives positive utility
from the presence of warning labels. Finally, in the
cookies category, we observe a smaller degree of het-
erogeneity with a similar mass of probability above
and below zero with the distribution peaking in the
negative region.

4.3. Impact of the Labeling Policy on the Demand
for Unhealthful Products

We use our estimates to assess the effects of the labeling
policy on the demand for healthful and unhealthful
products. We focus on the breakfast cereal category, as
it is the single category in which we consistently find

Figure 4. Distribution of Warning Label Coefficients Across Households

Notes. The figure presents the distributions of household-specific taste coefficients for warning labels using a hierarchical Bayes model. Distribu-
tions based on 400,000 MCMC iterations. The number of households are 3,452, 3,671, and 2,623 for breakfast cereals, chocolates, and cookies,
respectively.
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significant warning label demand effects. Although our
results are inconclusive regarding the effects of the pol-
icy on cookies and chocolates, the average demand
effects of warning labels in these two categories are
substantially less negative than those we find for the
cereal category (they are either close to zero or lie in
the positive range). Thus, we argue that the demand
effects of warning labels in the breakfast cereal category
are likely to provide us with an upper bound on the effec-
tiveness of the policy among the categories we study.

We compare the demand for cereals predicted by
our model with the predicted demand in a counterfac-
tual scenario where the labeling policy is not imple-
mented (i.e., all labels from unhealthful products are
removed). Since the goal of our counterfactual analy-
sis is to assess the effectiveness of the policy in shifting
demand away from products mandated to display
warning labels, we focus the analysis on the last
weeks of the data, after July 1, when the law already
had come into force and labels were implemented in
almost all top products (99.4%).

The results, presented in Table 12, show that the
demand for unhealthy cereal products contracts mod-
erately under the actual labeling policy compared
with a scenario in which no policy is enacted. We
observe a demand contraction across all top cereal
products. On average, column (1) indicates that the
share of top labeled products shows a reduction of
5.4% relative to a situation where no warning labels
are imposed on unhealthy products. Part of that lower
demand for labeled products goes to nonlabeled

products within the cereal category—the shares of
nontargeted products goes up by approximately
4.1%—and part goes to the outside option—the share
of the outside alternative increases by approximately
3.2%. Therefore, consumers both substituted unheal-
thy cereal products with more healthy ones, as
defined by the law, and reduced their purchase in the
breakfast cereal category.

We further investigate how the impact of removing
the warning labels varies across different consumer
segments. As in the previous section, we focus on two
groups based on socioeconomic status and the pres-
ence of children in the household. We find that the
impact of the warning label policy is similarly strong
across all market segments (see columns (2)–(5) in
Table 12).

4.3.1. Tax Equivalent to the Labeling Policy. To pro-
vide a further perspective on the impact of the label-
ing policy, we compute the counterfactual ad valorem
tax that would have to be levied on labeled products
in order to replicate the demand configuration pre-
dicted by our model under the labeling policy. As
before, we focus our analysis on the last four weeks of
the data when labels have already been implemented
across the top products and stores. We compute the
percentage increase in prices of unhealthy cereals (i.e.,
those exceeding the regulatory thresholds) in a sce-
nario characterized by the absence of labels which
would most closely match—in a minimum mean
square error sense—the predicted demand when

Table 12. Effects of Warning Labels Removal in the Breakfast Cereal Category

Predicted % change in demand

Product description
All customers ABC1 Non-ABC1 Parents Nonparents

(1) (2) (3) (4) (5)

Labeled products

Quaker Oatmeal Squares 370 g −0.0541 −0.0644 −0.0390 −0.0636 −0.0437
Nestlé Fitness & Yogurt 490 g −0.0696 −0.0780 −0.0582 −0.0744 −0.0639
Quaker Granola Honey & Almonds 380 g −0.0461 −0.0570 −0.0313 −0.0542 −0.0367
Nestlé Fitness Honey & Almonds 480 g −0.0609 −0.0706 −0.0469 −0.0663 −0.0553
Nestlé Trix 480 g −0.0782 −0.0860 −0.0680 −0.0848 −0.0712
Nestlé Cheerios Multigrain 400 g −0.0090 −0.0223 0.0109 −0.0146 −0.0019
Composite labeled −0.0607 −0.0705 −0.0474 −0.0683 −0.0521
Mean −0.0541 −0.0641 −0.0400 −0.0609 −0.0464

Unlabeled products

Nestlé Chocapic 800 g 0.0341 0.0357 0.0326 0.0369 0.0312
Quaker Oatmeal 900 g 0.0474 0.0485 0.0423 0.0536 0.0417
Nestlé Chocapic 600 g 0.0383 0.0400 0.0367 0.0414 0.0351
Quaker Oatmeal Multiseed 800 g 0.0319 0.0330 0.0270 0.0359 0.0280
Composite unlabeled 0.0532 0.0554 0.0516 0.0570 0.0493
Mean 0.0410 0.0425 0.0380 0.0450 0.0371

Outside option 0.0318 0.0333 0.0307 0.0344 0.0291

Notes. The table compares the demand of top breakfast cereal products under the actual warning label policy with a counterfactual scenario in
which nowarning labels are implemented. The analysis is restricted to the last four weeks of the data.

Araya et al.: Identifying Food Labeling Effects on Consumer Behavior
998 Marketing Science, 2022, vol. 41, no. 5, pp. 982–1003, © 2022 INFORMS

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

19
0.

21
5.

25
5.

20
5]

 o
n 

06
 M

ar
ch

 2
02

3,
 a

t 0
5:

10
 . 

Fo
r 

pe
rs

on
al

 u
se

 o
nl

y,
 a

ll 
ri

gh
ts

 r
es

er
ve

d.
 



labels are in place across 180 different store-time com-
binations. We find that a tax of 8.4% levied on unheal-
thy, high in cereals would have the same effects as the
warning label policy on cereal demand. This reinfor-
ces the conclusion that the policy was effective in
shifting demand away from unhealthy cereals. By
way of comparison, Seiler et al. (2021) find that a tax
of 1.5 cents per ounce on sweetened beverages in Phil-
adelphia leads to a 34% price increase and a 46%
reduction in purchased quantities. Therefore, our
findings provide a tax equivalent of the warning label
that may yield a moderate effect, considering also that
it may require a relevant degree of salience, as the
labels have (Chetty et al. 2009).

5. Conclusions
Providing consumers with simplified nutritional
information is an increasingly favored policy option
to induce healthier food choices (Hawkes 2010). In
this paper, we study the effects of a comprehensive
nutrition labeling law enacted in Chile, which man-
dated the introduction of front-of-pack labels warning
of the high levels of calories, sugars, sodium, and
saturated fats contained in frequently bought pack-
aged goods. There was a strong and divided reaction
in the industry as the law added uncertainty on how
consumers would respond to the new labeling.
Whether consumers react to the implemented warn-
ing label regulation has profound managerial implica-
tions for the food industry, and policy lessons for the
health authorities worldwide as the Chilean regula-
tion has been singled out as an ambitious policy and
followed closely by several countries.

A distinctive feature of our empirical setting is the
rich variation we observe in the display of warning
labels across time and stores. This variation allows us to
overcome a traditional challenge of identifying the
effects of nutrition labeling policies on consumer choices
when they are fully implemented in a single period.46

Our analysis focused on three product categories
in which most products were affected by the regula-
tion. Our results indicate that consumers reduced
their purchases of labeled breakfast cereals whereas
the noisy estimates provide inconclusive evidence for
cookies and chocolates. This study does not examine
the underlying mechanisms that explain the ob-
served purchase patterns despite the more substan-
tial effect on cereals being consistent with labels
changing consumer decisions when providing new
or unexpected information about foods’ nutritional
content.

Furthermore, the warning labels not only convey
information (MinSal 2018) but they also attempt to
nudge healthy behavior. Thus, our results per cate-
gory are in line with research using more informative

labels on purchases (Hobin et al. 2017) and consum-
ers’ intentions (Ikonen et al. 2020). However, there are
other differences across these categories; the regula-
tion severity allowed for nonlabeled breakfast cereal
products (one-third approximately), whereas almost
all UPCs in the chocolate and cookie categories ended
up tagged as unhealthful products, and the inclination
for taste may affect more products that are considered
indulgent (Ikonen et al. 2020).

Our results also suggest that purchases by medium
socioeconomic groups and families with children are
susceptible to be modified by the provision of simpli-
fied nutritional information. These findings are highly
relevant for policymakers who typically target both
groups, given their higher risk of developing obesity
(especially given the alarming obesity rates among
children (Institute for Health Metrics and Evaluation,
Human Development Network, The World Bank
2013)). The effectiveness of the Chilean warning label
policy among medium socioeconomic households
could be driven by the fact that, in our setting, prices
did not play a significant role as unlabeled and
labeled cereals displayed similar price levels. Hence,
substituting away from labeled breakfast cereals was
not seriously affecting household expenditures.

Although our empirical approach allows us to iden-
tify consumer responses to nutrition labeling in natu-
ral market environments, there are some limitations.
First, our study focuses on a single retail chain. To the
extent that purchasing behavior and, in particular, the
response to interpretative nutritional information may
be different in other retailers, our results cannot be
extrapolated to the population at large. We should
emphasize, however, that our analysis used stores
from the two most populated regions of the country,
and the focus on one retail chain does not compromise
the internal validity of our findings. A second limita-
tion is that we quantify the short-run impact of the
intervention over the first few months of its introduc-
tion. Hence, we are unable to capture learning effects
that may be taking place over a longer time horizon.
However, this long-term effect may include many
other elements other than the warning labels that
could have affected food purchases. The law included
other components beyond the warning label, such as
prohibitions to sell labeled products in schools, bans
on the advertising of tagged products targeting chil-
dren, and the removal of cartoons from cereal boxes
(Jacobs 2018), which were all implemented after June
2016. Even though all these changes were relevant for
this particular policy (Taillie et al. 2020b), they do not
allow separately identifying the effect of the warning
labels on consumer choices. Moreover, the evidence
showed that suppliers did not change the product for-
mulation before the law came into force, which they
did afterward (Kanter et al. 2019, Barahona et al. 2020,
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Reyes et al. 2020, Alé-Chilet and Moshary 2022) as
well as their prices (Pachali et al. 2021). Therefore, the
present study manages to identify the impact of the
warning label on purchase patterns. Our results stress
that warning labels might not be sufficient to curb the
purchase behavior of unhealthful products, and
additional measures, such as banning unhealthy
products from schools, seem to complement the
disclosure of food information. To tease apart the
successful channels required to change food purchase
behavior is necessary to understand the consumer
responses to the warning labels. The effect of this type
of information will help assess one of the main
components of nutritional labeling policies and an
essential marketing strategy for point of sale
advertising used in retail chains worldwide.
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Endnotes
1 According to the Global Burden of Disease Study (Institute for
Health Metrics and Evaluation, Human Development Network,
The World Bank 2013), the number of obese and overweight indi-
viduals rose by 28% for adults and 47% for children worldwide
over the past 30 years.
2 Cawley (2015) and Malnick and Knobler (2006) document the
adverse consequences of obesity and other nutrition-related dis-
eases on health and economic outcomes.
3 The guiding stars system has been implemented by a few grocery
stores in North America.
4 See Kiszko et al. (2014), Harnack and French (2008), Taillie et al.
(2020a), and Ikonen et al. (2020) for additional systematic reviews
with similar findings; all reviews conclude that more research is
needed to determine whether nutrient warning labels work with
actual purchases.
5 Along the same lines, Hobin et al. (2017) find that people prefer
more nutritious cereals after a nutritional guiding stars system was
implemented, but this does not hold for snacks.
6 See Griffith and Nevo (2019) for a survey of the quantitative mar-
keting literature on nutrition labeling.
7 Kiesel and Villas-Boas (2013) randomly assigned different “low”
tag labels (a combination of low calorie, low fat, and low trans-fat)
to each store. The authors use a synthetic control group to address
the store selection issue, as the supermarket chain did not provide
information on how they selected the five treated stores.
8 The marketing literature distinguishes between reductive (e.g.,
calorie posting) and interpretive (e.g., warning labels) information
(Ikonen et al. 2020), with the former considered more complex and
time consuming for consumers. Examining the U.S. regulation on
calorie posting for restaurant chains, Bollinger et al. (2011) find that
mandatory calorie posting causes average calories to decrease by
6% in Starbucks, comparing New York City, where a calorie posting
law was first implemented, with other cities. Our paper extends this
research by examining advertising information different in nature
in addition to the identification procedure.
9 For example, a survey with more than 3,000 customers at the exit
of supermarket stores indicated that 73% of consumers identified

products with the new food labeling before the law came into effect
(Centro de Estudios del Retail 2016).
10 For instance, Allcott et al. (2019) found that product availability
does not explain the substantial purchasing differences of healthful
products across income groups in the United States.
11 The law only targets processed packaged products and not bulk
goods or unpackaged food such as bread.
12 Although calories are not, strictly speaking, a nutrient, we refer
hereafter to all four food components regulated by the law (i.e.,
sugar, sodium, saturated fats, and calories) as nutrients for exposi-
tional convenience.
13 Also, the new legislation regulated the advertising of the labeled
products and their sales in schools. In particular, advertising of
unhealthy tagged products targeting children under age 14 years
was prohibited as was the sale of these products in or within 100
meters of a school.
14 All the black stop signs included the name of the ministry of
health. Mentioning the institution backing the nutritional message
has been found to enhance the warning (Feunekes et al. 2008).
15 For further details on the design and threshold considered see
Corvalán et al. (2013), Reyes et al. (2019).
16 The thresholds for solid (liquid) products over the initial phase
were defined as 350 (100) for calories, 800 (100) for sodium, 22.5 (6)
for sugars, and 6 (3) for saturated fats.
17 In a recent stakeholder engagement meeting organized by Health
Canada, the authority required stakeholders to submit possible
front-of-package nutrition symbols, which complied with three cri-
teria included in the Chilean law. The three principles are (1) follow
the high in approach, (2) focus on the three nutrients of public
health concern (sugars, sodium, and saturated fats), and (3) use
only black and white colors (Health Canada 2017).
18 In other nations, graphical nutrition labeling schemes are applied
voluntarily. A pioneering intervention along these lines is the traffic
light system implemented in the United Kingdom. The system was
born as an initiative of the industry and has replicated by some
retailers in France and Portugal (Hawkes 2010).
19 We identify a product based on its Universal Product Code
(UPC).
20 Our data come from one of the top three supermarket chains. The
three largest chains in Chile account for more than 90% of the
market.
21 Our data also include transactions between June 27 and July 22,
2016, when the law had already entered into effect.
22 We also collected data on juices and started collecting data on
yogurt. However, only one product for juices and none for yogurts
were labeled under the current law. Soft drinks are another relevant
category, but these products, mainly from the biggest supplier,
were all labeled several weeks before we began collecting data on
whether products displayed the new label (i.e., several months
before the law came into force).
23 Only as an example, using one of the top UPCs (in terms of sales)
that exceeded the regulatory thresholds in the breakfast cereals cat-
egory, we observe that in store #1, this UPC displayed warning
labels on May 4, and then continued that way. In store #2, this UPC
displayed warning labels from May 10, but only for a few days. It
started displaying warning labels again on June 3. In store #3, it dis-
played warning labels from May 17. In store #4, it displayed warn-
ing labels for the first time on May 10, then on the third and fourth
week of May, it displayed warning labels only half of the days.
Moreover, this top UPC displayed no warning labels from June 3 to
June 16, and then it kept displaying warning labels. In stores #5 and
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#6, there was not much variation. The UPC displayed warning
labels almost every day.
24 This is a conservative analysis because some products were avail-
able without the warning label after being labeled before.
25 In contrast to a standard diff-in-diff approach, in our setting a
UPC can change its status as treatment or control across stores and
over time.
26 Because products had to be available at the store to be inspected
on whether they were labeled, we considered products present in
more than six transactions (regardless of the purchased quantity) in
each store-day combination. Results were very similar when the
number of transactions needed was lower or higher.
27 In Online Appendix A, we also use block bootstrapping and
results are similar, as well as more saturated models including
product × time fixed effects, although this latter adds many single-
tons considering that our database aggregates all the transactions at
the product-store level.
28 Even a negative effect small as 2.5 pp. would indicate a less than
one unit variation in these categories.
29 The average exchange rate in May–July 2016 was USD 1 � CLP
673.5.
30 For products that did not exist in 2015, sales from May 2016 were
used.
31 Table A.3 in the online appendix shows this analysis using UPC
fixed effect and the conclusions remain unchanged.
32 According to the supermarket chain and press reports of the time
(Duran 2016), manufacturers began delivering products carrying
the warning labels in March 2016.
33 Additionally, Online Appendix E shows the 2015 trends of
“never labeled” versus “labeled products at some point.” However,
these trends are difficult to interpret because treatment and control
groups change over time (a UPC could be a labeled product and
then reversed to be unlabeled in the same store).
34 We use households that have purchased in a category in both
years to identify individual households using the retailer loyalty
card information. The main analyses use 2016 as it was done in the
product-level analysis, leaving 2015 to include past purchases infor-
mation used in the heterogeneity analysis.
35 Results are very similar if adding week-UPC fixed effects (Table
C2 in Online Appendix C).
36 We explore a different number of visits, and the conclusions
remain unchanged.
37 We drop transactions in the 99 percentile of the purchased quanti-
ties per trip to ensure we consider households and not wholesalers.
38 To have a reference, the average baseline probability of purchase
a UPC in cereals, chocolates, and cookies are 1.9%, 1.1%, and 1.4%,
respectively.
39 We also examined households’ decisions regarding purchased
quantity conditional on purchase. However, the standard errors are
very large. The number of observations is 0.1% of the observations
when using all available products in the data set. In addition, quan-
tities are difficult to include to measure the label effect as a product
may have different volumes and even be sold in packs, and they
would be identified as different UPCs.
40 Seiler et al. (2021) studied the impact of a tax on sweetened bever-
ages implemented in Philadelphia, which was primarily aimed at
increasing tax revenue.
41 Although in principle, the warning label type (i.e., high in sugars,
calories, sodium, or saturated fat) might affect choice, we observe
almost no variation on these dimensions across products within a given
category (e.g., all cereals with one label display a high in calories label).

42 Rossi (2014) presents a critical assessment of alternative strategies
based on instrumental variables and control function approaches.
43 In principle, the bias arising from a correlation between prices
and an unobserved error component can go either way. In their
meta-analysis on the determinants of price elasticities, Bijmolt et al.
(2005) find that the elasticity is larger in magnitude if endogeneity
is accounted for (−3.74) than when it is not (−2.47).
44 We use 800,000 draws and observe convergence after 400,000
draws (warm-up). To assess convergence of the posterior distribu-
tion, we visually inspect the sequences of draws and experiment
with adding more draws to ensure estimates stability.
45 At first glance, this negative correlation may seem to contradict
the finding that the wealthiest (ABC1) group was less sensitive to
the warning label in the household-level analysis. However, both
sets of estimates are not strictly comparable. On the one hand, the
structural model considers a subset of products and transactions
and identifies the parameters based on purchase behavior only. On
the other hand, the reduced form estimates use all transactions and
products and rely on the retailer’s socioeconomic categorization.
For instance, several price-sensitive consumers in the ABC1 group
could explain this result.
46 In Online Appendix D, we show the warning labeling effect by
comparing purchases after the law came into force with the same
period in 2015 as control. This is, without taking advantage of the
staggered model and performing a what-if pre-post analysis
between labeled and unlabeled UPCs. Results are especially differ-
ent for cookies.
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