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Abstract
Obesity is increasing worldwide, and in many countries, the problem is particularly serious among lower-income groups. Front-

of-pack nutritional warning labels are a prominent regulatory tool to fight obesity and have been implemented or are currently

being debated in many countries. Existing studies document that warning labels incentivize consumers to substitute away from

unhealthy products. However, not much is known about equilibrium price changes in response to consumers’ utility for warning
labels. Using household purchase data in the cereal category, this article studies the adjustments of prices after the mandatory

introduction of warning labels in Chile. The authors develop a model showing that warning labels lead to higher prices of labeled

cereals, as is also observed in data. In contrast, prices of unlabeled products tend to drop or at least increase less, incentivizing

price-sensitive consumers to remain in the category. The authors decompose postlabeling market share adjustments into a pure

label effect that fixes prices at initial levels after regulation and a total effect that accounts for price reoptimizations. Their findings

point to self-enforcing effects of a warning label regulation as the price adjustments amplify policy makers’ goal of reducing
unhealthy food intake, especially because market forces incentivize low-income segments to choose healthier alternatives.
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Obesity and overweight are widespread: globally, 1.9 billion
people are obese or overweight (Di Angelantonio et al. 2016).
In many countries, the problem is particularly serious among
households with lower socioeconomic status and lower
income (Herrera, Lira, and Kain 2017; Loring and Robertson
2014). Moreover, obesity is often inherited by descendants of
lower-income households (Appelhans et al. 2014).

Mandatory front-of-pack labels that warn consumers about
which food options have high levels of sugar, calories, sodium,
or fat constitute a prominent regulatory tool. These labels have
been introduced in Chile, Israel, Peru, and Uruguay, but they
are being considered in many other countries. To date, studies
have mainly focused on how such nutritional warning labels
affect consumer purchasing behavior (e.g., Araya et al. 2021;
Ares et al. 2018; Machín et al. 2019; Tórtora, Machín, and
Ares 2019). However, not much is known about the effect of
warning labels on price-setting behavior. The changes in con-
sumer purchasing behavior induced by the warning label regula-
tion may (inadvertently) cause manufacturers and retailers to
adjust prices of both labeled and unlabeled alternatives. The direc-
tions of price adjustments are not clear up front, however. We

contribute to this literature by empirically investigating the
impact of the warning label regulation in Chile that came into
effect in July 2016 on market prices in the breakfast cereal cate-
gory. Our analysis helps policy makers understand the long-term
effects of warning labels. This is important, as the regulation may
backfire if firms decrease the prices of labeled products and
increase the prices of unlabeled products in response. We
model postlabeling price changes as the decisions of profit-
maximizing economic agents, using a Nash–Bertrand equilibrium
model with vertical structure (e.g., Villas-Boas 2007). In addition
to examining the empirical effects in the Chilean cereal market
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specifically, we also identify the conditions in our structural anal-
ysis under which our findings generalize to other environments.

Using purchase data from Chilean households in the period
of two-and-a-half years before and one-and-a-half years after
the warning label regulation, we estimate our equilibrium
model of demand and supply and find that prices of labeled
cereal products rise in response to the warning label introduc-
tion. This is a striking pattern, as one might expect that the neg-
ative utility for choosing unhealthy cereals revealed by the
warning labels would lead to a drop in consumers’ willingness
to pay, all else being equal. In this scenario, it seems optimal for
labeled products to decrease prices to mitigate the drop in
demand (see, e.g., Dubois, Griffith, and O’Connell [2018],
who study the impact of an advertisement ban for junk food
such as potato chips and find a drop in equilibrium prices).
However, in our case, we find that more price-sensitive house-
holds update more negatively on labeled products (referred to as
a “composition effect” hereinafter). Because of this, labeled
cereals face a larger portion of less price-sensitive consumers
than before, rationalizing raised prices after regulation.

With respect to adjustments of unlabeled cereal prices, eco-
nomic intuition might suggest that firms would react by raising
prices, exploiting the fact that a significant number of cereals
got hit with the warning labels after regulation. However, our
counterfactual simulations imply a decrease in prices for the
majority of unlabeled cereal products. This decrease, together
with the increase in prices of labeled cereals, is a desirable
but unintended side effect of the warning label regulation
strengthening policy makers’ goal of leading consumers to
avoid labeled (“bad”) foods and improve their nutritional
intake. The reason for the downward pressure in prices is that
a larger fraction of price-sensitive consumers started buying
unlabeled, healthier cereals after the regulation.

Our findings provide guidance for predicting the likely direc-
tion of price adjustments in other markets if policy makers can,
for example, anticipate which consumers will be most respon-
sive to the introduction of warning labels—price sensitive (gen-
erally lower socioeconomic groups with lower income) versus
less price sensitive (higher socioeconomic groups with higher
income).

The empirical framework used in this article has flexible
specifications of unobserved heterogeneity in model parame-
ters, including response to warning labels, brand preferences,
and price sensitivity. This is important because the empirical
distribution of heterogeneity determines to a large extent how
firms adjust prices in response to the introduction of warning
labels. We propose a hierarchical Bayesian approach to
handle the computational burden in a feasible and intuitive
way, using flexible mixtures of normals as first-stage priors,
coupled with economically motivated constraints (e.g.,
Allenby et al. 2014; Pachali, Kurz, and Otter 2020).

Our work has several implications for policy makers. In our
structural analysis, we decompose postlabeling market share
adjustments into a pure label effect (fixing prices at initial
levels) and a total effect (accounting for both the pure label
effect and equilibrium price adjustments). We find that the

warning label regulation leads to a price equilibrium that facil-
itates policy makers’ objective, as labeled cereals lose market
share while unlabeled products gain market share due to price
adjustments. Although the effects of price changes vary in mag-
nitude across product groups, they are substantial for cereals
that carry both calorie and sugar warning labels. This is impor-
tant and desirable from the policy maker’s perspective, because
we find that consumers have a much weaker response to the
presence of this particular warning label combination before
price adjustments. Another appealing aspect of the price
changes is that they induce the highest positive effect to
people in the lowest socioeconomic group due to this group’s
higher sensitivity to prices. This group is of particular interest
to policy makers in the fight against obesity (Loring and
Robertson 2014).

The remainder of the article is organized as follows. We first
discuss related literature. Next, we discuss the data and provide
details on the setting in Chile. Following this, we discuss the
model and estimation. Then, using the estimation results, we
isolate the equilibrium price adjustments in response to the
warning label legislation and offer an in-depth discussion
about the implications for consumers and policy makers. We
close with conclusions.

Related Literature
While warning labels are unique in that they stress the negative
aspects of products’ nutritional compositions, relatively little is
known about their effects on market prices. However, there is a
large body of literature on related nutrition labels. Combining
evidence from over 60 studies, Shangguan et al. (2019) evaluate
the empirical evidence for the effect of food and beverage label-
ing on consumer behavior. Overall, the authors document large
consumer responses to food labeling interventions, including a
6.6% reduction of consumers’ energy intake as well as a 10.6%
reduction of total fat intake. Focusing on real-life grocery shop-
ping conditions, Dubois et al. (2021) conclude that nutritional
labels show rather modest effects on the nutritional quality of
the foods purchased in four categories. In another recent
study, Lim et al. (2020) investigate the effect of nutritional
“Facts Up Front” labeling on products’ nutritional quality.
The authors document a competition effect of the policy that
leads to an improvement in the nutritional quality of other prod-
ucts in the category.

Recent academic studies have also focused on the effects of
the mandatory front-of-pack warning labels that we consider. In
a meta-analysis, Ikonen et al. (2020) show that—among the
various regulatory tools of nutritional labeling—warning
labels are most effective in guiding consumers to choose health-
ier food products. In a real-life setting, Araya et al. (2021) lever-
age differences in the timing of the implementation of warning
labels a few months before the regulation to identify the impact
of warning labels on consumer behavior in one specific super-
market chain. The authors find strong effects on demand of
warning labels in the cereal category but no effects in the choc-
olates and cookies categories. In summary, research shows
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significant consumer responses to mandatory food labeling reg-
ulations that broadly correspond to our analysis. Our work con-
tributes to this literature by providing additional insights. For
example, we investigate the demand effects of multiple
warning labels. We find that the negative impact of a label on
consumer utility is weaker for cereals that are high in calories
and sugar than for alternatives that are solely high in calories.
This is consistent with an interpretation that, before labels
were introduced, consumers were more aware of the health
risks with consuming sugar relative to consuming calories.

The primary focus of our study, however, is on supply-side
price responses to the introduction of warning labels. Other
research investigates the impact of the Chilean regulation on
product reformulations. In a related study, Alé-Chilet and
Moshary (2022) provide evidence that the regulation incentiv-
ized manufacturers to reformulate their nutritional compositions
just below the critical cutoffs specified by policy makers in
2016. Using a discrete-choice model of consumer demand,
Alé-Chilet and Moshary show that reformulations contributed
to modest reductions in calorie consumption on the order of
4%, but no statistically significant reductions of sugar content
of cereal purchases. However, many cereal products did not
reformulate in response to the regulation: according to Reyes
et al. (2020), 61% of breakfast cereals still had a label in
2017—one year after the regulation came into effect. This
outcome is consistent with evidence in Moorman, Ferraro,
and Huber (2012), who study how firms responded to standard-
ized nutrition labels on food products required by the Nutrition
Labeling and Education Act in the United States. The authors
show that firms are more likely to improve brand nutrition if
they have lower market share in a category. The reason for
this finding is that manufacturers are more hesitant to change
the recipe of more popular products. Because many major man-
ufacturers did not reformulate their products in response to the
warning label regulation, it therefore remains an important
question how manufacturers and retailers should optimally nav-
igate their prices between labeled and unlabeled products. We
contribute to this literature by rationalizing the observed price
increases of less healthy cereals as the outcome of a consumer
“composition effect.” Our finding that products with warning
labels become relatively more expensive suggests self-
enforcing effects of a warning label regulation that, to the
best of our knowledge, have not been documented before.
The equilibrium adjustments amplify policy makers’ attempts
to reduce unhealthy nutritional intake. The main reason for
this is that market forces incentivize price-sensitive,
low-socioeconomic-status households to consider healthier
alternatives.

Regulatory Setting and Data

The Chilean Warning Labels Regulation
Faced with a sharp increase in overweight and obesity, as well
as a rise in associated diseases, Chile was the first country to
implement nutritional warning labels. Beginning in July of

2016, all products containing an above-threshold amount of cal-
ories, sugar, saturated fat, and/or sodium had to display warning
labels on their package front (Food and Agriculture
Organization of the United Nations [FAO] 2017). The thresh-
olds for each of the nutrients are based on guidelines by the
World Health Organization and specified per 100 grams or mil-
liliters. When products reach the limit on more than one nutrient
(e.g., calories, sugar), warning labels for all these nutrients must
be displayed. Figure 1 provides an overview of all possible
warning labels for food products in Chile after the regulation
was implemented.

The warning labels indicate that the product is “high in” the
particular nutrient (e.g., “high in calories”). The bottom of each
label states that the source of the warning is the “Ministry of
Health.” A government manual outlines the requirements for
the size and the position of the labels, ensuring that they
appear on a prominent place on products’ package fronts.
Because childhood obesity also rose sharply in Chile, additional
regulations were introduced concurrently to limit the targeting
of labeled, less healthy, products to children. In particular, the
advertising of labeled products on TV, websites, or other
media aimed at children younger than 14 years was restricted,
and manufacturers had to remove iconic cartoon figures from
the packages of products with warning labels.

The food industry did not welcome the new regulation.
Manufacturers such as Kellogg’s and PepsiCo (Quaker
cereals) contested the new regulation in court, arguing that it
infringed on intellectual property rights (Jacobs 2018). AB
Chile, a food industry association, launched a campaign
stating that the regulation would be ineffective (FAO 2017).
However, these efforts did not succeed at changing the labeling
policy. Facing the prospect of large fines, all manufacturers
eventually complied with the regulation and displayed the
labels on their products at the starting date.

Data Sources, Preparation, and Summary Statistics
For our empirical investigation, we use representative house-
hold panel data from Kantar Worldpanel Chile for the period
2014–2017, covering two-and-a-half years before and
one-and-a-half years after the implementation of the new regu-
lation. Data were collected through a combination of in-home
scanning and interview scanning. Households with an internet
connection scanned all their purchases after a trip to a supermar-
ket with an electronic hand scanner. Households that did not
have an internet connection kept the packages of all their pur-
chases and were visited weekly by an interviewer from
Kantar who scanned them on their behalf.1 The data include
household purchases in the ready-to-eat breakfast cereal cate-
gory as well purchases in other product categories. We have
information on purchases and demographics (household size
and socioeconomic status) for 2,660 Chilean households.

1 For more information about Kantar Worldpanel and their coverage, see https://
www.europanel.com/global-coverage/our-countries/.
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Furthermore, the data contain the brand, subbrand, and package
size of each cereal product and the presence of each type of
warning label during the observation period. We verified the
presence of the warning labels using retailer and manufacturer
websites and through store visits. We also use these sources
to identify whether cartoon figures appeared on the labeled
products prior to implementation of the new regulation.

A potential concern is that the warning label regulation may
have incentivized manufacturers to reformulate their nutritional
compositions to levels just below the critical thresholds.
Because the focus of our article is on price adjustments of the
major cereal products, we investigated whether manufacturers
adjusted the nutritional compositions of major products in our
sample to the extent that the presence of labels changed. The
major cereal products we include as inside goods in our analysis
did not reformulate their nutritional compositions during our obser-
vation period. This is consistent with evidence in Moorman,
Ferraro, and Huber (2012), who show that manufacturers are more
hesitant to change the recipe of more popular products. This
implies that the presence of warning labels remained stable for the
inside goods in our analysis throughout our observation period.2

We obtain matching advertising expenditure data for the
same time period from the Chilean media research company
Megatime. To capture the immediate and delayed effects of
advertising, we use an adstock specification (see, e.g., Dinner,
Van Heerde, and Neslin 2014). Because the data include adver-
tising expenditure at the product level, we are able to control for
changes in advertising expenditure of labeled and unlabeled
products after labeling started.3

For each choice occasion, we impute prices for the non-
chosen products based on the transactions reported in the
panel data. We restrict our analysis to the top six retail
chains (about 80% of overall market share in the cereal cate-
gory), because the inclusion of infrequent shopping trips to
smaller chains makes it difficult to impute prices for non-
chosen alternatives.

Some manufacturers had already put warning labels on
their product packages several weeks before the official dead-
line (see Araya et al. 2021). To reliably estimate the effects of
the warning labels on household utility, we disregard all pur-
chases made from January 2016 to June 2016. We chose six
months as an initialization period for the adstock variable,
excluding all purchases made from January 2014 to June
2014 in the demand estimation. Moreover, we follow the
discrete-choice literature (see, e.g., Dubé, Hitsch, and Rossi
2010; Geyskens, Gielens, and Gijsbrechts 2010) by consider-
ing only households that bought cereal at least four times in
our data. This leaves us with a total of 1,442 unique house-
holds for our estimation sample and a total of 34,297 cereal
purchase incidents.

Table 1 summarizes the sample of households used in our
demand estimation. Chile is a country with a high level of
inequality. In our sample, almost 60% of households have a
low socioeconomic status, and the remainder have a lower-

Table 1. Description of Household Sample and Characteristics.

Variables Mean SD Median Min Max

Household size 4.15 1.50 4.00 1.00 12.00

Socioeconomic status:

low

.57 .49 1.00 .00 1.00

Socioeconomic status:

lower-middle

.26 .44 .00 .00 1.00

Socioeconomic status:

upper-middle

.17 .37 .00 .00 1.00

No. of cereal purchase

incidents

23.78 19.22 19.00 4.00 266.00

Total no. of households 1,442

Total no. cereal purchase

incidents

34,297

Figure 1. Overview of Labels in Chile, Signaling Excess Sugar, Calories, Saturated Fat, and Salt, Respectively.
Notes: Source: FAO (2017).

2 In addition to reformulations, the warning label regulation may have incentiv-
ized manufacturers to introduce new products and/or remove products from
their portfolio. Our data show that all major products in our sample were avail-
able throughout the estimation period and that no introductions or exits took
place among them. Although a small number of minor products were introduced
and a small number of minor products exited after labeling started, the regula-
tion seems not to have led to a large change in product assortment. As such, we
believe the impact of product introductions and exits on our results is limited.
3 For example, the regulation contained advertising restrictions for children
under the age of 14. The consequences of these restrictions are reflected in
advertising expenditure (i.e., advertising expenditure of labeled cereals
decreased after labeling started).
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middle or upper-middle status.4 Income is an important criterion
for households’ classifications into different socioeconomic
groups; in this article, we also refer to households with a low
socioeconomic status as “low-income households.”

Because estimating demand for each individual stockkeeping
unit (SKU) is intractable, we aggregate SKUs of the same com-
bination of “brand–subbrand–package size–warning label” into
products. Furthermore, not all package sizes can be individually
incorporated into our demand model. For instance, we group
SKUs of the same product with roughly similar package sizes
(e.g., 400 g and 500 g) and aggregate them to two package
sizes (medium: 500 g and large: 1,000 g). We also group
minor subbrands together as fringe brands to keep the model trac-
table. The “discrete-choice” assumption seems to be satisfied for
breakfast cereal purchases because 91.2% of the cereal purchase
trips result in the purchase of a single product.5

Only two of the four warning labels presented in Figure 1 are
applicable to the cereal category during our period of study: (1)
high in calories and (2) high in sugar. Moreover, the sugar label
only appears in combination with the calories label. This means
there are four broad product groups to distinguish: (1) high in cal-
ories, (2) high in calories and sugar (hereinafter referred to as prod-
ucts with a calories+ sugar label), (3) unlabeled, and (4) outside
good. Unlabeled products are products that do not violate the nutri-
tion guidelines. We define “outside good” as households’ shop-
ping trips to one of the six considered grocery retailers where no
breakfast cereal item is purchased (similar to, e.g., Bronnenberg,
Dubé, and Sanders [2020]). Market share per group is computed
based on the number of purchases made by households in our
sample. The (unweighted) yearly average prices are computed
based on households’ reported transaction prices in the panel
and thus include price promotions. We also account for the
impact of inflation and express all prices in real terms with
regard to the first year of our observation period (2014).

Table 2 summarizes the development of conditional and
unconditional market shares over time. For conditional
market shares, we consider households’ shopping trips

conditional on purchasing in the breakfast cereal category
(i.e., without accounting for the outside good). We define con-
ditional market shares as the number of cereal purchases of a
given label divided by the total number of cereal purchases.
For example, 32.61% of the purchased cereals did not contain
a warning label in 2017. For unconditional market shares, we
allow for out-of-category substitution and consider all house-
holds’ shopping trips to the six largest retailers. We define
unconditional market shares as the number of cereal purchases
of a given label divided by the total number of shopping trips.
For example, in 2017, a cereal without a warning label was pur-
chased in 4.20% of the shopping trips. Comparing conditional
market shares before regulation in 2015 and after regulation
in 2017, unlabeled cereal products gain market share, whereas
the market share of cereal products with a warning label falls.
The unconditional market shares show a similar pattern. The
shares of labeled cereals drop and the percentage of trips with
a cereal purchase decreases after the regulation—as suggested
by the increase of market share of the outside good.

Table 3 shows the prices per equivalent of 500 g for each of
the cereal types and years. Comparing prices before the regula-
tion in 2015 and after the regulation in 2017, we find that the
prices of labeled cereals rise faster than unlabeled cereals.
Typically, we would expect that the negative utility for choos-
ing unhealthy cereals would lead to a drop in willingness to pay
for labeled products, all else being equal. In this scenario, it
would seem optimal for labeled products to decrease prices to
mitigate the drop in demand (see, e.g., Dubois, Griffith, and
O’Connell [2018], who study the impact of an advertisement
ban in the U.K. market for potato chips and find a drop in equi-
librium prices). In contrast, we observe a relative increase in

Table 2. Overview on Market Shares Across Years.

Warning Label

Conditional Unconditional

2014 2015 2016 2017 2014 2015 2016 2017

Calories 20.96 19.67 19.80 16.98 3.28 3.10 2.80 2.19

Calories+ sugar 54.16 51.92 50.10 50.41 8.49 8.18 7.08 6.49

No label 24.88 28.41 30.10 32.61 3.90 4.48 4.25 4.20

Outside good 84.33 84.24 85.87 87.12

Notes: The warning label regulation came into effect in July 2016. For comparison, we use the year 2015 for the preregulation period and the year 2017 for the

postregulation period. “Conditional”market shares refer to the purchase shares of all cereal purchases in a year. “Unconditional”market shares include the outside

option (no cereal purchase).

Table 3. Overview on Prices Across Years.

Warning Label

Average Prices in Chilean Pesos/500 g

2014 2015 2016 2017

Calories 2,041.61 2,019.54 2,204.80 2,234.31

Calories+ sugar 2,152.83 2,040.26 2,240.44 2,270.94

No label 2,399.65 2,201.16 2,343.53 2,364.56

Notes: The warning label regulation came into effect in July 2016. For

comparison, we use the year 2015 for the preregulation period and the year

2017 for the postregulation period.

4 The elite and upper class (together 5.9% of the population) are difficult to
reach and not represented in our household sample.
5 We treat the remaining trips that involved multiple product purchases as sep-
arate choice occasions (see, e.g., Hansen, Misra, and Sanders 2021).
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prices for products with warning labels compared with unla-
beled products, as prices of labeled cereals rise by about 11%
in the period of 2015 to 2017, whereas unlabeled products
increase prices by only about 7%—a pricing puzzle that we
aim to rationalize.6 Our structural model enables us to isolate
the equilibrium price changes triggered by the warning label
regulation and decompose postlabeling market share adjust-
ments into a pure label effect that fixes prices at preregulation
levels and a total effect that accounts for price reoptimizations
after regulation. This way, we are able to quantify market
share adjustments that are due to postlabeling price adjust-
ments, which is a crucial aspect of our research question.

Another interesting aspect is how market share adjustments
vary across households with a different socioeconomic status.
Table 4 depicts the evolution of market shares within the
three socioeconomic groups (as defined in Table 1). We
observe the strongest impact of the regulation in the lower-
middle socioeconomic group. Comparing market shares
before regulation in 2015 and after regulation in 2017, we see
that labeled cereals substantially lose market share in this
group, while unlabeled cereals consistently gain market share.
In the upper-middle socioeconomic group, healthier (unlabeled)
cereals gained only little market share between 2015 and 2017.
The percentage of trips with purchases of cereals also decreased
substantially for this group, such that the unconditional share of

unlabeled products even slightly decreased. The market share
changes of households with a low socioeconomic status are
also not as strong as those of households with a lower-middle
socioeconomic status. In the next sections, we estimate a struc-
tural equilibrium model to quantify the pricing implications of
these substitution patterns induced by the warning label
introduction.

Empirical Demand Framework

Indirect Utility Specification
In our demand framework, we assume that a household’s shop-
ping incidence and choice of retail chain are exogenous. A
choice occasion at any point in time t is defined as a house-
hold’s trip to one of the six largest retail chains, purchasing a
product either in the ready-to-eat breakfast cereal category or
the outside option j = 0. We further assume that households
consider only those products and prices offered by the retail
chain in which they shop their groceries at time t (“single-store
consideration set”). This assumption is common in the
discrete-choice literature (e.g., Dubé, Hitsch, and Rossi
2010) and avoids biased inference of a household’s demand
parameters due to a full information consideration set model.
Similar to Dubois, Griffith, and O’Connell (2018), we distin-
guish between healthier (unlabeled) and unhealthier (labeled)
fringe alternatives. These fringe alternatives comprise aggre-
gate products that are not among the 80% of cereals sold
across the six largest chains. Beyond that, we allow households
to substitute out of the cereal category, and j = 0 denotes the

Table 4. Market Shares Across Years by Households with a Different Socioeconomic Status.

Market Share in %

Warning Label

Conditional Unconditional

2014 2015 2016 2017 2014 2015 2016 2017

SES: Low

Calories 18.40 17.18 17.62 14.67 2.90 2.83 2.65 2.01

Calories+ sugar 58.94 54.91 54.01 55.86 9.29 9.03 8.14 7.67

No label 22.66 27.91 28.37 29.47 3.57 4.59 4.27 4.05

Outside good 84.24 83.55 84.94 86.27

SES: Lower-Middle

Calories 21.80 20.20 20.76 16.39 3.33 3.02 2.73 2.00

Calories+ sugar 51.04 51.32 46.96 44.70 7.78 7.67 6.18 5.45

No label 27.16 28.48 32.28 38.91 4.15 4.26 4.25 4.74

Outside good 84.74 85.05 86.84 87.81

SES: Upper-Middle

Calories 25.66 25.34 24.59 24.86 4.10 3.84 3.24 2.89

Calories+ sugar 47.33 45.05 43.56 42.37 7.57 6.82 5.74 4.93

No label 27.01 29.61 31.85 32.77 4.32 4.48 4.20 3.82

Outside good 84.01 84.86 86.82 88.36

Notes: SES = socioeconomic status. The warning label regulation came into effect in July 2016. For comparison, we use the year 2015 for the preregulation period

and the year 2017 for the postregulation period. “Conditional” market shares refer to the purchase shares of all cereal purchases in a year. “Unconditional” market

shares include the outside option (no cereal purchase).

6 Web Appendix A shows the evolution of monthly average product prices by
warning label (Figure W1) as a more granular illustration of price effects doc-
umented in Table 3.
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option of not purchasing a breakfast cereal item at a house-
hold’s trip to the retailer. This specification of the outside
good is very common in the literature (similar to, e.g.,
Bronnenberg, Dubé and Sanders [2020]). We define household
i’s indirect utility from the product–retailer combination j at
period t as follows:

Uijt =αipjt1{t<RC}+ α̃ipjt1{t ≥ RC}+ βi,large + γig

+ δiAdsjt + ωc
i 1{Labelj = calories, t ≥ RC}

+ ωcs
i 1{Labelj = calories+ sugar, t ≥ RC}

+ χbani 1{cartoon ban on j, t ≥ RC}+ψit+ ξjt + εijt.

(1)

The outside option j = 0 has utility normalized to Ui0t = εi0t.
We estimate separate price coefficients before and after the
regulation in July 2016, denoted as αi and α̃i, respectively,
where pjt is the price of alternative j and the time of the reg-
ulation is abbreviated as RC (“regime change”) in Equation
1. In doing so, we control for potential changes in households’
price responsiveness (“marginal utility of money”) that may
have co-occurred over the course of our observation period
and interfered with price changes of cereal products described
in the previous section.7 βi,large denotes the incremental utility
from choosing a large package size (1,000 g) relative to the
medium size (500 g), γig represent intercepts of brand–sub-
brand cereal alternatives g ∈ {NESTLE-CHOCAPIC, . . . }.
Adsjt is the advertising stock of product j at t, and δi measures
its impact.8 ωc

i and ωcs
i measure the impact of the unique

warning label combinations in the cereal category on house-
hold utility. χbani controls for the impact of the ban of
cartoon figures on household level utility. ψit controls for a
trend capturing over-time changes of the attractiveness of
cereal products relative to all remaining categories available
at the six largest retailers. The trend is separately identified
from the warning label coefficients as the regulation repre-
sents an abrupt change in utility (starting in July 2016)
while the trend is continuously evolving over time. In princi-
ple, it is possible that unhealthy and healthy cereals follow
separate time trends. We opted for the more parsimonious
specification in Equation 1, because separating the time
trend for the two different groups of products would add
more parameters and might lead to an overparameterized

specification of household utility. ξjt represent time-varying
unobservables that might not be independent of prices and
might vary across retailers. We describe our Bayesian estima-
tion approach in detail next.

Identification of Warning Label Coefficients and Cartoon
Ban Dummy
The rich specification of the empirical model in Equation 1
enables us to isolate the effect of the nutritional warning
labels from other simultaneously occurring policy events such
as advertising restrictions for labeled products tailored to chil-
dren. Equation 1 contains two warning label coefficients ωc

i
and ωcs

i , as well as χbani , which controls for the effect of the
ban of cartoon figures on household utility. A central focus of
our research is the identification of long-term price changes
as a function of households’ responses to the warning label
introduction. Thus, we next discuss how to disentangle the
effect of warning labels (ωc

i and ωcs
i ) from the effect of

banning cartoon figures from packaging (χbani ) that occurred
simultaneously in Chile.

Table 5 illustrates that we observe sufficient variation in the
presence of warning labels and the removal of cartoon figures
across cereal products after regulation. This variation greatly
facilitates the separate identification of the impact of each
label and the impact of the cartoon ban on consumer utility.
For separate identification, it is crucial that we observe products
without a warning label after regulation, products with warning
labels but that never contained cartoon figures, and products
with warning labels that had to remove cartoon figures from
their packaging after regulation. For example, we can separate
the effect of a calories label from the effect of cartoon bans in
the demand estimation because we observe both products
with a calories label that never contained cartoon figures and
products with a calories label that did need to ban cartoon
figures after regulation (see Table 5).

However, a potential concern is that the classifications in
Table 5 are not random and that, for example, preferred prod-
ucts systematically contain calories+ sugar warning labels
more often. We are able to address this issue because our esti-
mation sample covers one-and-a-half years of observations
prior to the warning label introduction in July 2016.
Observing this preregulation data facilitates separate

Table 5. Percentage of Cereal Products Covering Different

Combinations of Labels and Ban of Cartoon Figures After Regulation.

Warning Label/Cartoon Ban
Combination

Product Share in
%

Calories 18.43

Calories and cartoon ban 13.15

Calories+ sugar 13.16

Calories+ sugar and cartoon ban 36.84

No label 18.42

Notes: Products in the “no label” group were not affected by the cartoon ban.

7 A potential explanation for the observed price changes in Table 3 could be that
the distribution of price sensitivity has changed in the Chilean consumer popu-
lation due to external factors and that firms adjusted prices accordingly. Adding
these controls is thus necessary because we want to distinguish the effect of the
warning labels from changes in price sensitivity that occur due to external
reasons (e.g., changes in income or the business cycle over the years) in the
counterfactuals that follow.
8 Following Dinner, Van Heerde, and Neslin (2014), we specify the adstock var-
iable as Adsjm = λAdsj, m − 1+ (1 – λ)log(Adexpjm + 1), where Adexpjm denotes
advertising expenditure of product j in month m. Adsjt in Equation 1 refers to the
monthly adstock level corresponding to household i’s shopping trip at t. Next,
following the meta-analysis of Köhler et al. (2017), we fix the carryover param-
eter λ to .5. As already noted, we use a six-month initialization period to set up
the adstock variable.
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identification of consumers’ preferences for the brand–sub-
brands and warning label coefficients. Conditional on house-
holds’ brand preferences, we are able to isolate the
heterogeneous impact of the different warning labels by observ-
ing households adjust their purchase behavior of breakfast
cereal items after regulation.

Controlling for Price Endogeneity
A common concern in demand estimation is that the time-
varying unobservables ξjt in the demand Equation 1 might not
be independent of prices. Even though our utility specification
includes a rich set of individual-level control variables (see
Equation 1), there might nevertheless remain endogeneity con-
cerns for the prices, especially with regard to time-varying
unobservables that may correlate with them. To control for
the possibility that firms know about time-varying idiosyncratic
demand shocks and adjust their prices accordingly, we rely on a
Bayesian version of the traditional control function approach
(e.g., Petrin and Train 2010). As an instrument for the price
of cereals, we use the monthly world sugar price and the inter-
action of the monthly world sugar price with a dummy for
whether a product is high in sugar (similar to, e.g., Alé-Chilet
and Moshary [2022]). Web Appendix B illustrates the validity
and strength of our instruments and outlines the econometric
approach.

Estimation
We rely on a hierarchical Bayesian multinomial logit model
with a mixture-of-normals first-stage prior to estimate

individual demand parameters (e.g., Allenby et al. 2014;
Pachali, Kurz, and Otter 2020; Rossi, Allenby, and
McCulloch 2005). This estimation approach is desirable in
our application because it allows for flexible specifications of
unobserved heterogeneity in all model parameters, including
brand preferences, price sensitivity, and warning label coeffi-
cients. In addition, it is important to flexibly account for con-
sumer heterogeneity in discrete-choice settings to capture
realistic substitution patterns across products leading to more
realistic model-based price predictions (e.g., Berry,
Levinsohn, and Pakes 1995, 2004; Nevo 2001). In addition to
unobserved heterogeneity, our hierarchical Bayesian approach
also estimates the relation between demographics and house-
holds’ utility parameters, which is a critical aspect of our
research question. For example, it is important for policy
makers to learn whether high-income households are less
price sensitive and whether they show, for example, a signifi-
cantly weaker reaction to the introduction of warning labels.
We further describe the estimation technique and explain how
we estimate the empirical relation between demographics and
households’ utility coefficients in Web Appendix C. There,
we also define the specification of the priors.

Demand Estimation Results
Next, we discuss our demand estimation results. Figure 2 illus-
trates the marginal posterior distribution of the price coefficient
αi (before regime change) as well as inferred heterogeneity dis-
tributions of the warning label coefficients ωc

i and ωcs
i across

Chilean households. Panel A indicates that our Bayesian
control function approach infers large price sensitivity estimates

Figure 2. Inferred Heterogeneity Distributions of Households’ Price Coefficient αi (Panel A) and Households’ Warning Label Coefficients ωi
c

and ωi
cs (Panel B).
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for the majority of Chilean households in the ready-to-eat cereal
category, with only very little support near zero.

Figure 2, Panel B, shows that warning labels have a negative
effect on household utility on average. Yet, the distributions
also suggest a profound amount of heterogeneity for the
effect of calories labels. The same is true for the effect of the
calories+ sugar label combination. In addition, posterior distri-
butions indicate that households update their utilities more neg-
atively from the presence of only a calories label than from the
presence of the calories+ sugar labels. This outcome is somewhat
surprising at first but is consistent with consumer learning theory
(e.g., Bollinger, Leslie, and Sorensen 2011; Loewenstein,
Sunstein, and Golman 2014). In particular, high sugar content is
often revealed in the product names of cereals with calories+
sugar labels. For example, the products “Azucarados,”
“Zucaritas,” and “Zucosos” all contain variations of the Spanish
word for sugar (azúcar). In contrast, the names of cereals with
solely a calories label often do not have this association (e.g.,
“Corn Flakes,” “Estrellitas,” “Fitness”). The literature on con-
sumer learning effects implies that a label would be effective
and stimulate substitution only if the initial beliefs about the
healthfulness of a product are biased, which seems more likely
the case for cereals with solely a calories label.

We also investigate the significance of utility estimates of the
price coefficients, warning label coefficients, cartoon ban inter-
action terms, the adstock term, and the control function term.
We do so by checking whether Markov chain Monte Carlo
draws of the population mean contain zero under different signifi-
cance levels. Table 6 shows that all effects are significant and stat-
istically different from zero at the 5% level. The table also shows
that our demand estimation results do not reveal substantial differ-
ences between the inferred price coefficients before and after the
new regulation was implemented in July 2016. The two distribu-
tions of mean parameters are almost identical.9 Furthermore,
Table 6 also shows that the control function term is positive and
significant, consistent with retailers raising prices in response to
positive unobserved demand shocks in our data.

Table 7 summarizes quantiles of the marginal posterior het-
erogeneity distributions. The results indicate large preference hetero-
geneity for the major brand–subbrand combinations, and our
estimates provide evidence for the dominant position of Nestlé in
this market, as the three products “Nestlé-Chocapic,” “Nestlé-Trix,”
and “Nestlé-Milo” have the highest intercepts on average (i.e., are
valued most highly by the majority of Chilean consumers).10

The average effect of cartoon bans is close to zero but mildly pos-
itive. This is consistent with the idea that the cartoon ban has two
opposing effects, making packaging less attractive to small children,

but more appealing to adults, who might otherwise not buy these
products with a cartoon package for their own consumption.
Overall, the effect is positive because small children likely developed
loyalty toward affected brands and continued preferring them even in
the absence of cartoons on the package after regulation.

We also report the own- and cross-price elasticities implied
by these demand estimates in Web Appendix D. The estimated
own price elasticities vary from −4.65 to −2.57 and are compa-
rable to other studies that employ a discrete-choice model to
estimate the demand for cereals (e.g., Nevo 2001; Richards
and Hamilton 2015).

Our hierarchical Bayesian approach also estimates the rela-
tion between demographics and households’ utility parameters
(for technical details, see Web Appendix C). We report the
structural relation of the demand coefficients with observable
household characteristics in Table 8. Our empirical estimates
confirm that price sensitivity coefficients are ordered accord-
ing to households’ socioeconomic status and, on average,
the price parameter strictly increases (i.e., shifts closer to
zero) the higher the household’s socioeconomic status.
Moreover, we find that households belonging to the lower-
middle and upper-middle socioeconomic groups have signifi-
cantly lower preferences for private label products compared
with the baseline group of households from the low socioeco-
nomic group.

Consistent with the model-free evidence in Table 4, we find
that households belonging to the lower-middle socioeconomic
group show significantly stronger reactions to the presence of cal-
ories as well as calories+ sugar warning labels compared with
households with a low socioeconomic status. Households from
the upper-middle socioeconomic group, in contrast, do not show
stronger reactions. The reason for this outcome is that these higher-
income households already consumed healthier breakfast items at
a higher rate prior to the warning label regulation. In addition,
households with an upper-middle socioeconomic status tend to
have higher education levels. As suggested by existing studies,
this means that they were likely already better informed about
nutritional facts and a healthy diet before the regulation.11 The

Table 6. Significance Tests of Price, Warning Label, Cartoon Ban,

Adstock, and Control Function Coefficients.

2.5% 25% 50% 75% 97.5%

Price (in 1,000 pesos) −1.68 −1.63 −1.60 −1.57 −1.53
Price after RC −1.66 −1.61 −1.59 −1.56 −1.52
Calories label −1.19 −1.10 −1.05 −1.01 −.92
Calories+ sugar labels −.30 −.21 −.16 −.11 −.03
Cartoon ban interaction .19 .28 .32 .36 .44

Adstock .31 .61 .78 .96 1.25

Control function term .27 .31 .33 .35 .39

Notes: RC = regime change.

9 We also more formally test whether the two price coefficients are significantly
different from each other and fail to reject the null hypothesis that the two coef-
ficients in Table 6 are identical at the 1%, 5%, and 10% confidence levels. We
tested the difference by subtracting the population means of price coefficients
before and after regime change at every posterior draw.
10 Note that fringe cereals aggregate smaller brand–subbrands that are not sep-
arately included and are therefore not considered a homogeneous alternative in
this ranking.

11 For example, Drichoutis, Lazaridis, and Nayga (2005) and Nayga (2000)
show that individuals with lower income are more likely to have lower levels
of nutrition knowledge and knowledge about healthy diets.
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result that households with a low socioeconomic status are, on
average, less sensitive to the presence of nutritional warning
labels is consistent with the literature on lower nutrition
quality of food purchases among low-income populations
(French et al. 2019). Finally, Table 8 illustrates that larger
households showed a stronger reaction to the presence of
only a calories label, but the household size does not signifi-
cantly affect the reaction to the presence of calories+ sugar
labels.12

Overall, these results indicate a significant impact of the
warning label regulation on households’ purchase behavior
that affects price setting on the supply side. For example,
households with a lower-middle socioeconomic status
react most strongly to the presence of warning labels (com-
pared with households from the low and upper-middle
groups), causing movements in the demand structure and
average price sensitivity that labeled and unlabeled products
face after regulation. Because the direction of such composition
effects on aggregate elasticities cannot be inferred from Table 8,
we simulate the effect of the warning label regulation on aggre-
gate own- and cross-price elasticities in Web Appendix E. We

find that simulated own-price elasticities significantly weaken
(i.e., shift toward zero) for labeled products on average,
whereas simulated own-price elasticities significantly strengthen
for healthier cereals that do not carry warning labels. We
discuss the implications of these results on equilibrium price
adjustments in the next section.

Counterfactual Simulations and Equilibrium
Adjustments
The previous sections illustrated that the negative-utility
impact of warning labels is significantly lower for cereals
high in calories+ sugar than for products that are solely
high in calories. In addition, we discussed how the warning
label regulation altered the aggregate simulated price elastic-
ities of labeled and unlabeled products due to the “composi-
tion effect.” Our goal in this section is to quantify and
identify the isolated effects of the warning labels on equilib-
rium prices and market shares. For this purpose, we first use
our demand estimates and a vertical model of price-setting
behavior (e.g., Villas-Boas 2007) to compute total channel
marginal costs (sum of manufacturer and retailer marginal
costs) in 2015 just before the labels were introduced. Next,
we simulate the equilibrium price adjustments following
the warning label regulation and perform a market share
decomposition of the policy effect.

Table 7. Quantiles and First Two Moments of the Marginal Posterior Preference Distributions.

Coefficients

Quantiles

25% 50% 75% Mean SD

Price (in 1,000 pesos) −2.02 −1.44 −1.02 −1.61 .82

Price after RC −1.98 −1.45 −1.06 −1.60 .75

Large pack .10 .25 .60 .49 .65

COSTA-MONO BALLS −5.50 −3.65 −1.80 −3.66 2.73

COSTA-MONO CHOC −6.03 −4.14 −2.26 −4.17 2.77

COSTA-MONO ROLLS −5.89 −3.88 −1.91 −3.92 2.93

FRINGE CEREALS −3.48 −2.15 −.78 −2.12 2.04

KELLOGG’S-ZUCARITAS −4.20 −2.41 −.66 −2.45 2.63

NESTLÉ-CHOCAPIC −2.56 −1.09 .35 −1.13 2.19

NESTLÉ-CHOCAPIC TROCITOS −6.04 −4.28 −2.54 −4.31 2.61

NESTLÉ-CORN FLAKES −6.11 −4.50 −2.89 −4.51 2.39

NESTLÉ-ESTRELLITAS −4.49 −2.70 −.92 −2.72 2.66

NESTLÉ-FITNESS −5.38 −3.55 −1.75 −3.58 2.69

NESTLÉ-FITNESS labeled −5.16 −3.31 −1.49 −3.33 2.74

NESTLÉ-MILO −3.99 −2.25 −.54 −2.28 2.56

NESTLÉ-TRIX −3.49 −1.72 .03 −1.74 2.61

NESTLÉ-ZUCOSOS −5.08 −3.25 −1.48 −3.29 2.68

PL ECONOMY-AZUCARADOS −8.87 −6.69 −4.53 −6.71 3.23

PL ECONOMY-CHOCOLATADOS −7.37 −5.15 −2.94 −5.17 3.27

QUAKER-QUADRITOS −5.69 −3.94 −2.20 −3.95 2.58

VIVO CHECK −5.46 −3.91 −2.37 −3.92 2.31

Calories label −2.03 −1.03 −.07 −1.06 1.45

Calories+ sugar labels −1.07 −.17 .74 −.16 1.36

Cartoon ban interaction −.60 .31 1.23 .32 1.37

Adstock −.53 .79 2.12 .78 2.03

Time trend −.35 −.05 .25 −.05 .46

Notes: RC = regime change.

12 The variable “household size” also reflects the impact of the number of chil-
dren on the demand parameters, as a larger number of children increases the
household size.
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A Supply Model for Manufacturer Competition and
Retail Pricing
Our supply model assumes that cereal manufacturers act as
Stackelberg leaders and compete on wholesale prices taking into
account retailers’ actions. Retailers next set retail prices taking
wholesale prices as given. We rely on a well-established framework
where the vertical relationship between manufacturers and retailers
is modeled without explicitly observing wholesale prices (e.g.,
Villas-Boas 2007). Retailers are restrained in their pricing power
by households’ no-purchase option, consistent with our “single-
store consideration set” assumption in the demand model. This
implies that there are no cross-price derivatives across retailers in
our setting. In addition, we treat fringe cereals—the aggregate of
smaller brands that are not separately included in our demand
model—as an additional brand in our supply model.13

The vertical model is solved by using backward induction
and starting at the retailer’s problem. We follow the notation
in Villas-Boas (2007).14 There are Nr retailers and Nw Nash–

Bertrand multiproduct manufacturers. Each retailer r maximizes
its profit function

πr =
∑
j∈Sr

[pj − pwj − crj ]sj(p)Dr, (2)

where sj(p) denotes market share of the product–retailer combi-
nation j, p denotes the price vector for retailer r, Dr is the market
size at retailer r, and Sr denotes the set of cereal products sold at
retailer r. Each retailer pays the wholesale price pwj and bears the

retailing marginal cost crj . This leads to the following first-order

conditions:

sj(p)+
∑
k∈Sr

[pk − pwk − crk]
∂sk
∂pj

= 0

∀j ∈ Sr, for r = 1, . . . , Nr.

(3)

Define Tr as a (Jr × Jr) matrix with the general element Tr(k, j)
equal to 1 if k and j are both inside goods and 0 otherwise. We
obtain a vector expression for retailers’ implied price–cost
margins mr by stacking up all first-order conditions and rear-
ranging terms

p− pw − cr︸�����︷︷�����︸
mr

= −[Tr × Δr]
−1s(p), (4)

Table 8. Relationship Between Model Coefficients and Demographics.

Household Size SES: Lower-Middle SES: Upper-Middle

Price (in 1,000 pesos) −.04** .20*** .44***

Price after RC −.02 .31*** .44***

Large pack .06*** −.22*** −.22***
COSTA-MONO BALLS .28*** −.91*** −1.60***
COSTA-MONO CHOC .25*** −1.05*** −2.28***
COSTA-MONO ROLLS .32*** −1.02*** −2.12***
FRINGE CEREALS .12** −.36** −.72***
KELLOGG’S-ZUCARITAS .32*** −.21 −.89***
NESTLÉ-CHOCAPIC .24*** −.77*** −1.08***
NESTLÉ-CHOCAPIC TROCITOS .17** −.42 −.56*
NESTLÉ-CORN FLAKES .08 .07 .14

NESTLÉ-ESTRELLITAS .31*** −.45** −1.12***
NESTLÉ-FITNESS .01 −.45* −.32
NESTLÉ-FITNESS labeled .02 −.25 .20

NESTLÉ-MILO .25*** −.59*** −1.11***
NESTLÉ-TRIX .28*** −.76*** −1.22***
NESTLÉ-ZUCOSOS .20*** −.77*** −1.31***
PL ECONOMY-AZUCARADOS .12 −1.33*** −2.99***
PL ECONOMY-CHOCOLATADOS .08 −1.33*** −2.81***
QUAKER-QUADRITOS .17** .11 .13

VIVO CHECK −.01 −.36 −.64**
Calories label −.09** −.27* .16

Calories+ sugar labels −.02 −.43*** −.08
Cartoon ban interaction .04 −.16 −.26*
Adstock .07 .17 −.24
Time trend .00 −.01 −.02

*p < .10.

**p < .05.

***p < .01.

Notes: RC = regime change. “SES: Low” is specified as the baseline level in the demand model.

13 This specification accounts for the fact that retailers also adjust prices of
smaller products in response to the warning label introduction.
14 We can drop the time index t because we compute marginal cost and prices
for the year 2015 just preceding the introduction of warning labels.
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where the × operator denotes element-by-element matrix multi-
plication. Further, pw denotes the wholesale prices of products
sold at the retailer, as manufacturers can set a different whole-
sale price for each retailer. Δr denotes the retailer’s response
matrix of partial demand derivatives with respect to retail

price with Δr(k, j) = ∂sj
∂pk
,k, j ∈ Sr. Note that in the case of

private labels, the wholesale price pwj is set to zero as in

Villas-Boas (2007).
Each manufacturer sets wholesale prices for different retail-

ers by anticipating that retailers behave according to Equation 4.
The profit function of manufacturer w selling its products at
retailer r equals

πw =
∑
j∈Sw

[pwj − cwj ]sj[p(p
w)]Dr, (5)

where sj[p(pw)] denotes market share of product j, which
depends on the vector of retail prices p. In turn, p itself
depends on the vector of wholesale prices pw. Next, cwj is the

marginal production cost for product j, and Sw denotes the set
of cereal products belonging to manufacturer w sold at the
retailer. Manufacturer w has the following first-order conditions
for products j in retail market r:

sj(p)+
∑
k∈Sw

[pwk − cwk ]
∂sk
∂pwj

= 0

∀j ∈ Sw, for w = 1, . . . , Nw.

(6)

Let Tw be the (Jr × Jr)-ownership-structure matrix for manufac-
turer w, with the general element Tw(k, j) equal to 1 if both prod-
ucts k and j are sold by the same manufacturer and 0 otherwise.
Similar to the case of the retailers, we obtain a vector expression
for manufacturers’ implied price–cost margins mw by stacking up
all first-order conditions and rearranging the terms

pw − cw︸���︷︷���︸
mw

= −[Tw × Δw]
−1s(p), (7)

where Δw is the manufacturers’ response matrix with

Δw(k, j) = ∂sj
∂pwk

. It contains the derivatives of the market shares of

all products with respect to all wholesale prices. This is a
complex expression and derived as in Villas-Boas (2007, p. 634).
Using the terms in Equations 4 and 7, we sum up the downstream
and upstream implied price–cost margins, which leads to

p− c︸︷︷︸
cr+cw

− {−[Tr × Δr]
−1s(p)− [Tw × Δw]

−1s(p)}︸������������������������︷︷������������������������︸
mr+mw

= 0. (8)

We can use Equation 8 to obtain the vector of total channel marginal
costs c by inserting observed market prices in 2015. We compute
counterfactual prices under different market conditions based on
Equation 8 using a fixed-point algorithm for prices.15

We determine the vector of product shares s(p) by inte-
grating heterogeneous individual-level logit choice proba-
bilities over the inferred heterogeneity distribution. The
posterior estimate of expected market share for product j
at each retailer is given by (e.g., Pachali, Kurz, and Otter
2020):

sj(p) = 1

N

∑N
i=1

∫
Pr [j|p, g(θ∗h)] × δ(θ∗h|yi, {�θ∗s }, {Vs

θ∗}, {ηs},

(Δ∗)T�Zi) × δ({�θ∗s }, {V
s
θ∗}, {ηs}, Δ

∗|Y, �Z)
× d{θ∗h, {�θ

∗
s }, {V

s
θ∗}, {ηs}, Δ

∗}.

(9)

This specification of aggregate market share fully integrates
logit choice probabilities over individual-level distributions,
where δ(θ∗h|yi, . . .) denotes the posterior distribution of
household i (which depends on upper level model coeffi-
cients) and δ({�θ∗s }, {V

s
θ∗}, {ηs}, Δ

∗|Y, �Z) represents the pos-
terior distribution of parameters in the hierarchical prior.
Note that we omit subjective prior parameters for simplicity
in Equation 9, and Y = (y′1, . . . , y

′
i, . . . , y

′
N) is the choice

data observed for the N households included in the estimation
sample. Finally, {g(θ∗h)} is the set of heterogenous consumer
preferences.16

Price Responses After the Warning Label Regulation and
Market Share Decomposition
We use the market scenario in 2015—the last full year
before the regulation—to infer marginal costs and to
predict price adjustments. This enables us to compute
price responses to the warning label regulation while
holding constant other circumstances that affect market
prices (e.g., new product introductions, changes in the
retail market, increases in the cost of ingredients). Because
we are interested in the sole impact of the warning labels,
we do not include the cartoon ban in our counterfactual esti-
mation.17 We approximate the size of every retail market r,
Dr, by the number of shopping trips to retail chain r in 2015
observed in the data.

Table 9 displays the average of inferred total channel costs, c
(see Equation 8), across markets and the implied total channel
margins as a percentage of price, (mw + mr)/p, in 2015 before
warning labels were mandatory in Chile.18 We compute total
market share for the inside cereal product j as
sj =

∑
r (sj Dr) / D, where D = ∑

r Dr denotes the total market
size summed over markets. The results in Table 9 show

15 We set the tolerance level to 1−4 and the maximum number of iterations to
1,000 for computing price fixed points. Convergence is always achieved
before the maximum number of iterations.

16 In the empirical analysis, we repeatedly sample R = 4,000 draws from the
inferred heterogeneity distribution and compute Rsim = 100 × supply estimates
to account for the uncertainty in our approximation of Equation 9.
17 Web Appendix H shows that the price adjustments are qualitatively very
similar to the ones reported in the main text in Table 11 if we account for the
cartoon ban.
18 To do so, we set the warning label coefficients to zero in households’ utility
function. Then, we compute marginal costs by solving Equation 8.
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substantial differences in margins between the major cereal prod-
ucts. For instance, predicted margins are substantially larger for
products manufactured by Nestlé, demonstrating the predominant
position of this brand in the Chilean retail market for ready-to-eat
breakfast items. In general, the numbers in Table 9 seem compa-
rable to what other authors estimated for this category in the
United States (e.g., Nevo 2001). We further discuss the validity
of our supply-side model next.

Validity of Supply-Side Model
Themain goals of our study are to identify the isolated price adjust-
ments due to the warning label introduction as well as the market
share decomposition of the policy effect. As both depend on the
specification of our supply-side model, Web Appendix F empiri-
cally validates the accuracy of our pricing rule assumptions. As

this appendix shows, thepredictedprices correlate stronglyandsig-
nificantly with observed market prices after regulation.

Isolating Equilibrium Price Adjustments of the Policy
Next, we use market-level marginal costs estimates reported in
Table 9 to simulate the impact of the warning label regulation
on equilibrium prices and equilibrium market share. Table 10
displays simulated percentage changes of prices (Δp) and
market share (Δs) caused by the introduction of warning
labels.19 For the ease of exposition, Table 11 shows the mean
percentage price and market share adjustments in different

Table 9. Inferred Marginal Costs (Sum of Manufacturer and Retailer Costs) and Implied Percentage Total Channel Margins for Cereal Products

in 2015.

Brand Subbrand

Label

CB Large p s c (p − c)/pCA CA + S

COSTA MONO BALLS 0 1 1 0 1,926.7 .42 583.62 69.71

COSTA MONO CHOC 1 0 1 0 2,373.6 .14 947.25 60.39

COSTA MONO CHOC 1 0 1 1 2,569.3 .15 1,149.16 55.53

COSTA MONO ROLLS 0 1 1 0 1,909.4 .37 662.45 65.31

COSTA MONO ROLLS 0 1 1 1 3,156.9 .08 1,598.77 49.37

KELLOGG’S ZUCARITAS 0 1 1 0 2,584.9 .51 946.99 64.33

KELLOGG’S ZUCARITAS 0 1 1 1 3,689.9 .25 1,768.79 52.09

NESTLÉ CHOCAPIC 0 0 0 0 2,136.2 1.87 548.14 74.38

NESTLÉ CHOCAPIC 0 0 0 1 3,780.1 .54 1,720.69 54.51

NESTLÉ CHOCAPIC TROCITOS 0 1 1 0 2,334.7 .15 587.40 74.95

NESTLÉ CORN FLAKES 1 0 0 0 1,871.6 .22 280.29 85.03

NESTLÉ CORN FLAKES 1 0 0 1 3,019.8 .09 1,023.25 66.12

NESTLÉ ESTRELLITAS 1 0 1 0 2,305.5 .45 770.99 66.64

NESTLÉ ESTRELLITAS 1 0 1 1 3,933.3 .07 1,921.73 51.14

NESTLÉ FITNESS 0 0 0 0 2,579.9 .22 993.92 61.52

NESTLÉ FITNESS 0 0 0 1 3,469.0 .08 1,673.11 52.33

NESTLÉ FITNESS labeled 1 0 0 0 2,590.5 .29 933.70 63.96

NESTLÉ MILO 0 1 1 0 2,414.2 .54 837.94 65.36

NESTLÉ MILO 0 1 1 1 3,671.0 .17 1,745.14 52.48

NESTLÉ TRIX 0 1 1 0 2,594.9 .73 978.24 62.32

NESTLÉ ZUCOSOS 0 1 1 0 1,986.2 .47 521.65 73.92

PL ECONOMY AZUCARADOS 0 1 0 0 1,129.0 .15 612.39 45.79

PL ECONOMY AZUCARADOS 0 1 0 1 1,965.6 .11 1,356.22 31.34

PL ECONOMY CHOCOLATADOS 0 1 0 1 1,909.4 .18 1,286.57 32.61

QUAKER QUADRITOS 1 0 0 0 2,207.2 .28 654.96 70.40

QUAKER QUADRITOS 1 0 0 1 2,766.2 .18 1,084.96 60.79

VIVO CHECK 0 0 0 0 1,983.1 .30 506.95 74.48

FRINGE CEREALS — 0 0 0 0 2,594.5 .27 1,022.99 60.70

FRINGE CEREALS — 0 1 0 0 2,306.8 .40 834.90 64.30

FRINGE CEREALS — 0 1 0 1 4,023.2 .13 2,098.55 48.97

FRINGE CEREALS — 0 1 1 0 2,628.6 .27 1,046.35 60.55

FRINGE CEREALS — 0 1 1 1 3,385.6 .18 1,653.67 51.16

FRINGE CEREALS — 1 0 0 0 1,981.3 .66 622.20 69.06

FRINGE CEREALS — 1 0 0 1 2,443.5 .61 1,019.39 59.03

FRINGE CEREALS — 1 0 1 0 1,867.8 .81 547.79 70.86

Notes: Price (p) and marginal cost (c) are measured in pesos; s = market share in %; CA = calories; CA+ S = calories+ sugar; CB = whether cartoon figures got

banned after regulation; Large = large package size. Margins are expressed as percentage of price.

19 Specifically, Δp = [( p′ − p)/p] × 100 and Δs = [(s′ − s)/s] × 100, where p′

and s′ denote equilibrium prices and shares after regulation, respectively.
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product groups. The results in Tables 10 and 11 were simulated
setting the impact of the cartoon ban interaction term to zero.
We followed this approach because our structural analysis
aims to isolate the impact of the warning labels on equilibrium

prices and because the effect of the cartoon ban is not the focal
interest of our research question. The results in Tables 10 and
11 highlight that most of the products that are required to
carry warning labels respond by increasing prices. This
outcome is driven by how different groups of heterogeneous
consumers respond to labeling and affects the distribution of
price sensitivities after labeling (the “composition effect”). In
particular, as discussed in the “Demand Estimation Results”
section, labeled products face more inelastic demand after reg-
ulation (see Web Appendix E). The reduced price sensitivity (α)
for selective labeled products implies upward pressure on
prices.20

Table 10. Simulated Price Responses and Redistribution of Market Shares After the Warning Label Regulation.

Brand Subbrand

Label

CB Large Δp ΔsCA CA + S

COSTA MONO BALLS 0 1 1 0 18.82 (2.28) 2.80 (4.21)

COSTA MONO CHOC 1 0 1 0 12.64 (2.13) −53.85 (2.03)

COSTA MONO CHOC 1 0 1 1 12.90 (2.40) −48.77 (3.25)

COSTA MONO ROLLS 0 1 1 0 16.16 (2.00) −8.17 (4.13)

COSTA MONO ROLLS 0 1 1 1 14.19 (1.85) 5.12 (5.33)

KELLOGG’S ZUCARITAS 0 1 1 0 17.85 (2.00) −7.98 (3.63)

KELLOGG’S ZUCARITAS 0 1 1 1 13.92 (1.60) 9.16 (3.93)

NESTLÉ CHOCAPIC 0 0 0 0 −3.27 (.24) 12.78 (1.01)

NESTLÉ CHOCAPIC 0 0 0 1 −.67 (.25) .88 (1.33)

NESTLÉ CHOCAPIC TROCITOS 0 1 1 0 17.53 (3.22) −12.16 (4.65)

NESTLÉ CORN FLAKES 1 0 0 0 17.01 (3.02) −36.08 (4.09)

NESTLÉ CORN FLAKES 1 0 0 1 12.69 (2.97) −23.05 (4.51)

NESTLÉ ESTRELLITAS 1 0 1 0 16.73 (2.73) −55.94 (2.74)

NESTLÉ ESTRELLITAS 1 0 1 1 11.78 (1.92) −39.80 (3.10)

NESTLÉ FITNESS 0 0 0 0 −2.04 (.30) 11.72 (1.35)

NESTLÉ FITNESS 0 0 0 1 −1.58 (.24) 9.68 (1.58)

NESTLÉ FITNESS labeled 1 0 0 0 11.40 (2.70) −52.13 (3.04)

NESTLÉ MILO 0 1 1 0 15.59 (1.70) −16.45 (3.30)

NESTLÉ MILO 0 1 1 1 13.22 (1.22) −.47 (3.13)

NESTLÉ TRIX 0 1 1 0 15.69 (1.64) −10.63 (2.56)

NESTLÉ ZUCOSOS 0 1 1 0 19.43 (2.59) −9.11 (4.58)

PL ECONOMY AZUCARADOS 0 1 0 0 7.14 (1.54) −14.78 (4.39)

PL ECONOMY AZUCARADOS 0 1 0 1 5.67 (1.19) −4.45 (5.42)

PL ECONOMY CHOCOLATADOS 0 1 0 1 6.30 (1.06) −7.75 (3.81)

QUAKER QUADRITOS 1 0 0 0 15.61 (2.39) −36.70 (2.96)

QUAKER QUADRITOS 1 0 0 1 12.66 (2.39) −23.77 (3.81)

VIVO CHECK 0 0 0 0 −2.99 (.26) 15.56 (.95)

FRINGE CEREALS — 0 0 0 0 −3.12 (.19) 16.59 (.96)

FRINGE CEREALS — 0 1 0 0 16.31 (1.02) 10.93 (2.60)

FRINGE CEREALS — 0 1 0 1 11.19 (.88) 29.16 (2.51)

FRINGE CEREALS — 0 1 1 0 15.39 (1.01) 15.97 (2.77)

FRINGE CEREALS — 0 1 1 1 12.98 (1.01) 32.52 (3.44)

FRINGE CEREALS — 1 0 0 0 12.27 (1.15) −51.03 (1.41)

FRINGE CEREALS — 1 0 0 1 11.45 (1.53) −42.40 (2.27)

FRINGE CEREALS — 1 0 1 0 12.90 (1.22) −51.90 (1.46)

OUTSIDE — 0 0 0 0 0 (—) 1.81 (.11)

Notes: Price (p) is measured in pesos; s =market share in %; CA = calories; CA+ S = calories+ sugar; CB = whether cartoon figures were banned after regulation;

Large = large package size. Price changes (Δp) and market share changes (Δs) are expressed in percentages. Standard deviations are in parentheses.

Table 11. Percentage Price (Δ�p) and Market Share (Δ�s) Responses of
Different Cereal Product Groups (Conditional Means).

Warning Label Δ�p Δ�s

Calories 13.34 (1.14) −42.95 (1.34)

Calories+ sugar 13.96 (.74) .81 (1.75)

No label −2.28 (.13) 11.20 (.71)

Notes: Price (p) is measured in pesos; s = market share in %. Price changes and

market share changes are expressed in percentages. Standard deviations are in

parentheses.

20 This can be easily seen through the lens of simple logit pricing,
p− c = 1/[α × (1− s)], but it holds here too.
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In contrast to the price increase of labeled cereals, the results
in Tables 10 and 11 show that most of the unlabeled cereal
products decrease in price in the resulting equilibrium. The
reason for the downward pressure in prices for unlabeled
cereals is again due to the “composition effect” of the regula-
tion. A larger fraction of price-sensitive households increas-
ingly starts to choose unlabeled and healthier cereals and, in
response, unlabeled products face more elastic demand after
regulation. This is an interesting—perhaps surprising at first
glance—pricing mechanism that helps policy makers reach
their goal of incentivizing low-income households to
consume healthier cereal products. Next, we perform a market
share decomposition of the policy effect to more formally char-
acterize these equilibrium adjustments.

Market Share Decomposition of the Policy Effect
To investigate whether market forces and equilibrium price
adjustments support policy makers’ intentions and the public
interest, we decompose the postregulation demand substitution
patterns into a pure label effect (fixing prices at initial levels)
and a total effect (accounting for both the pure label effect and
equilibrium price adjustments). While the warning label legisla-
tion generally aims to improve consumer diets in all segments of
the population, policy makers in Chile specifically focus on low-
income households that are at highest risk of becoming over-
weight and often have less access to health care and treatment
against the various diseases caused by obesity. As such, we
also investigate differences across socioeconomic groups.

Table 12 illustrates postregulation market share adjustments in
the different groups of labeled and unlabeled products. The pure
label effect that fixes prices at preregulation levels is shown in the
“No Price Adjustments” column.21 The total effect accounts for
price reoptimizations after regulation as well and is shown in
the “With Price Adjustments” column. The isolated impact of

price adjustments is given by the difference of the “With Price
Adjustments” and “No Price Adjustments” columns. For
example, postlabeling price changes lead to a .44-percentage-
point increase (= 3.65% − 3.21%) in market share of unlabeled
cereals.

In general, we find that the warning label regulation leads to
a price equilibrium that facilitates the policy maker’s objective,
as rather unhealthy (labeled) cereals lose more market share,
whereas healthier (unlabeled) products gain substantially
more market share due to the adjustment of prices.22 Overall,
the measured effect sizes of equilibrium price adjustments in
Table 12 are of similar magnitudes as in other counterfactual
studies (see, e.g., Table 12 in Dubois, Griffith and O’Connell
[2018, p. 426]). Two findings are especially relevant from the
policy maker’s perspective. First, Table 11 implies that the impact
of the price changes is fairly strong for products with calories+
sugar labels. This outcome is mainly driven by the previous findings
that the negative impact of the regulation is much weaker for prod-
ucts with calories+ sugar labels, leading to strong price increases.
Second, Table 12 also shows that the equilibrium price adjustments
lead to substantial demand changes for unlabeled cereals. For
instance, the aforementioned .44-percentage-point increase in
shares for unlabeled cereals represents 12% of their total market
share in the new equilibrium after regulation.

We also investigate how market forces and equilibrium price
adjustments affect consumer substitution patterns in different
socioeconomic groups (see Table W8 in Web Appendix G).23

Considering the difference between the total effect and the

Table 12. Market Share Decomposition of the Policy Effect.

Warning Label Prelabeling

Postlabeling

No Price Adjustments
With Price
Adjustments

Calories 3.95 (.03) 2.83 (.06) 2.11 (.05)

Change −1.12 (.05) −1.84 (.05)

Calories+ sugar 5.11 (.04) 7.22 (.12) 4.99 (.10)

Change 2.11 (.11) −.12 (.09)

No label 3.28 (.03) 3.21 (.03) 3.65 (.04)

Change −.07 (.01) .37 (.03)

Outside good 87.67 (.07) 86.74 (.15) 89.25 (.12)

Change −.92 (.13) 1.59 (.09)

Notes: The change variable is defined as the difference between respective post- and prelabel market shares (in %). “No price adjustments” refers to cases in which

warning labels were added but market prices were fixed. “With price adjustments” refers to cases in which warning labels were introduced and both manufacturers

and retailers reoptimize their prices. Standard deviations are in parentheses.

21 Technically, we isolate the pure label effect by computing postlabeling
market share, setting the warning label intercepts to 1 but fixing prices at the
2015 level in every market.

22 The reason that cereals with calories + sugar labels gain market share in the
case of holding prices fixed is because of the much stronger negative impact of
the policy on products with solely a calories label and the fact that products from
these two groups remain closer substitutes than labeled and unlabeled products
after regulation.
23 We compute market share adjustments in each group by simulating socioeco-
nomic status specific consumer preference distributions. Conditional on socio-
economic status and socioeconomic status specific distributions, market share
computations in the different scenarios are equivalent to the ones performed
in Table 12.

106 Journal of Marketing Research 60(1)



pure label effect, the results in Web Appendix G imply that the
price changes trigger the largest market share adjustments in the
segment of households from the lowest socioeconomic group
who are found to be most price-sensitive. For example, postlab-
eling price adjustments lead to a 2.63-percentage-point decrease
in market share of products with calories+ sugar labels in the
group of households with a low socioeconomic status. For the
same products, price adjustments lead to a drop in market
share of only 1.79 percentage points in the group of households
with an upper-middle socioeconomic status (see the difference
between the “With Price Adjustments” and “No Price
Adjustments” columns in Table W8, Web Appendix G). On
balance, market forces incentivize low-income and price-
sensitive segments to increasingly buy more healthy alterna-
tives and improve nutritional intake.

Robustness Checks
We conduct the following analyses to demonstrate robustness
of our simulated postlabeling price responses under different
model assumptions.

First, the results in Tables 10 and 11 were simulated under
the premise of setting the impact of the cartoon ban interaction
term to zero. We decided to do so because measuring supply
changes in response to mandatory bans of cartoons is not the
focal interest of our research question and because the
cartoon ban is specific to Chile and not considered in other
countries in combination with warning labels. Web Appendix
H shows the percentage price and market share adjustments
in a counterfactual that accounts for the introduction of
warning labels as well as the ban of cartoon figures. The
price adjustments are qualitatively very similar to the ones
reported in the main text.

Second, we investigate the robustness of our results with
respect to the supply-side assumptions. Web Appendix I
shows robustness of our findings in a model that assumes
Nash–Nash vertical competition between retailers and manu-
facturers (e.g., Besanko, Gupta, and Jain 1998; Sudhir 2001),
instead of Nash–Stackelberg as in the main text. We find that
the results are robust to these adaptions in model assumptions.

Discussion
Obesity is a global disease, and in many countries the problem
is particularly serious among lower-income consumer groups.
Mandatory front-of-pack nutritional warning labels have been
introduced in several countries as a potentially effective
remedy and are currently being debated in many other coun-
tries. So far, studies have documented that such warning
labels incentivize consumers to avoid unhealthy products;
however, these papers do not speak to long-term price adjust-
ments. Using purchase data of households before and after reg-
ulation, our research studies the impact of the Chilean warning
label regulation on equilibrium market prices in the cereal cat-
egory using a structural model of competition between cereal
manufacturers and retailers in Chile.

Our results provide evidence that the regulation leads to
higher prices of cereals with warning labels. This is a striking
—and perhaps unexpected—pattern that is driven by heteroge-
neous demand substitution responses to front-of-pack labels
(“composition effect”). Because of these responses, labeled
cereals face a larger portion of less price-sensitive consumers
than before, rationalizing raised prices after regulation. At the
same time, the regulation leads to lower prices for unlabeled
products, also driven by a shift in the composition of their
clientele.

Our work has several implications for policy makers. In our
structural analysis, we decompose the market share adjustments
after the warning label introduction into a pure label effect that
fixes prices at preregulation levels and a total effect that
accounts for price reoptimizations after regulation. We docu-
ment that the price changes induced by the warning labels
improve the effectiveness of the regulation in two important
dimensions. First, the price adjustments ensure reductions in
demand for products with calories+ sugar labels. Second,
they increasingly incentivize price-sensitive households with
a low socioeconomic status—an explicit target group defined
by policy makers—to substitute away from unhealthier
cereals as well.

Our results are based on an ex post analysis of consumer
substitution patterns. This raises the important question how
policy makers can ex ante assess the likely consequences of a
potential warning label regulation in a different market environ-
ment. First and foremost, policy makers should be aware that
changes in demand will also trigger a response by the supply
toward a new equilibrium. Studying price responses after
such a major policy change seems to be the logical first
choice of marketing researchers because price is one of the
most flexible marketing-mix variables to adjust. Our analysis
of the Chilean case reveals that an important driver for the self-
enforcing price adjustments is that price-sensitive consumers
respond more strongly to the introduction of warning labels
than less price-sensitive consumers. To gain ex ante knowledge
whether this might also be the case in a different market, policy
makers could set up a choice experiment or conjoint analysis in
their target population to investigate the likely price response. If
a planned warning label introduction would mainly entice
price-sensitive consumers to switch to healthier and unlabeled
alternatives, policy makers have reason to expect a price
response in a similar direction, as we illustrate for the Chilean
case.

Although we carefully investigate the impact of warning
labels on manufacturer and retailer pricing, our analysis is not
without limitations. First, we do not demonstrate robustness
with regard to potential endogeneity of advertising. For
example, the restrictions of advertisements of labeled products
might have changed advertising effectiveness after regulation,
affecting the inference of the adstock coefficient in the utility
model. However, the direction of the potential bias is ambigu-
ous. For example, higher differentiation between products
may induce more effective communication to the target audi-
ences through clearer advertising messages that focus on this
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differentiation. As a result, we would tend to overestimate the
adstock coefficient. Yet, the regulation could also weaken
advertising effectiveness because the target audience has
become more specific and potentially harder to reach. In this
case, the opposite bias might occur. Second, we do not investi-
gate supply-side responses other than price adjustments. For
instance, one potential long-term reaction could be that,
having learned about the impact of warning labels, manufactur-
ers reformulate their nutritional compositions to just below the
critical cutoffs, avoiding the labels altogether (e.g., Alé-Chilet
and Moshary 2022). Even though we did not find evidence
that manufacturers adjusted the nutritional compositions of
the major products during our period of observation, this
might still happen in the future. Third, it is possible that the reg-
ulation asymmetrically affected the competitive conduct of
labeled and unlabeled cereal products, which we did not inves-
tigate in this article. We leave these directions for future
research.
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