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Abstract

The Nutritional Labeling and Education Act has been implemented
for over a decade, yet obesity rates continue to rise. This paper in-
vestigates whether information costs prevent consumers from mak-
ing healthier food choices under currently implemented nutritional
labels. We designed a market-level experiment to implementnutri-
tional shelf labels in cooperation with a major supermarket chain.
These labels reduce information costs by either repeating information
available on the Nutritional Facts Panel, or providing info rmation in
a new format. We analyze microwave popcorn purchases using weekly
store-level scanner data from both treatment and control stores in a
di�erence-in-di�erences and synthetic control method approach. Our
results suggest that information costs a�ect consumer purchase de-
cisions. In particular, no trans fat labels signi�cantly increase sales,
even though this information is already available on the package. Low
calorie labels signi�cantly increase sales, while correlatedlow fat la-
bels signi�cantly decrease sales, suggesting that labeling response may
also be in
uenced by consumers' taste perceptions. Finally, combining
multiple claims in a single label reduces the e�ectiveness of the imple-
mented labels. Our results provide direct implications for changes to
the format and content of food nutrition labels currently considered
by the Food and Drug Administration.
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1 Introduction

Existing research consistently con�rms that consumers understand the link
between nutrition and health. However, consumers cannot verify nutritional
content at any point from purchase to consumption. Instead,they base
their purchase decisions solely on subjective beliefs, arrived at by way of a
labyrinth of information. These beliefs di�er due to di�erences in consumers'
individual time constraints and ability to process relevant information. In
this paper, we investigate this relationship between information costs and
healthy food choices by implementing a supermarket-level experiment.

While required to display the Nutrition Facts Panel (NFP), � rms have an
incentive to exploit di�erences in consumers' subjective beliefs. We describe
this market setting in a theoretical model and derive comparative statics
tested in real-world purchasing decisions. Our nutritional shelf labels either
repeat information already available on the NFP, or provideinformation in
a new format, allowing consumers to compare each product on arelative
scale of nutritional characteristics. Usinglow calorie, low fat and no trans
fat claims, we investigate the following questions: (i) Are consumer pur-
chases a�ected by nutritional shelf labels? (ii) Do e�ects di�er depending on
nutrients displayed (e.g. calories versus fat content)? (iii) Do e�ects di�er
depending on disclosure of a source (Food and Drug Administration, FDA)?
(iv) Do e�ects di�er depending on display of a single versus multiple nutri-
ents on a label? (v) Do we �nd evidence consistent with consumers making
inferences about the nutritional content of unlabeled products? Although
our empirical design incorporates previous �ndings in the literature on con-
sumer response to labeling information, it is to our knowledge the �rst study
that provides direct tests and speci�cally focuses on information costs at the
point of purchase.

We implemented nutritional shelf labels for one product category, mi-
crowave popcorn, in cooperation with a major supermarket chain. Five stores
were treated over a period of four weeks in the fall of 2007. Weobtained
weekly store-level scanner data from these treatment stores and 27 compa-
rable control stores for a total of 14 weeks. Estimations of average treat-
ment e�ects are based on di�erence-in-di�erences (DD) and triple-di�erence
(DDD) speci�cations identi�ed by random assignment of treatment stores,
as well as a cross-sectional and time-series control structure. In addition, we
use the available control stores to apply a non-parametric synthetic control
method. This approach addresses uncertainty about the ability to reproduce
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the counterfactual of product sales in the absence of our labeling treatments.
Consumer response to our labels suggests that information costs prevent

consumers from making healthier food choices. A divergent e�ect of low fat
versuslow calorie labels further suggests that labeling response may be in-

uenced by consumers' taste perceptions. In particular, we�nd that a shelf
label ofno trans fat{a claim already advertised on many of the products, and
an NFP requirement{signi�cantly increases sales of targeted products. Low
calorie labels also signi�cantly increase sales of treated products in aggre-
gated regression speci�cations. While correlated,low fat labels do not result
in the same e�ect and reduce quantity sales of targeted products. Adding an
FDA disclaimer1 reduces sales of labeledlow fat products even further. And
with the exception of this treatment, we �nd no evidence thatconsumers
make inferences about unlabeled products and their relatively inferior nu-
tritional quality. Finally, combining multiple claims in o ne label treatment
does not signi�cantly a�ect purchases. These results are further supported
by trends displayed in the graphical synthetic control method analysis. This
approach further detects the biggest impact immediately following the ini-
tial implementation. For the low calorie and low fat treatments, labeling
e�ects dissipate after the treatment period, but persist for the no trans fat
treatment.

The Nutrition, Labeling, and Education Act (NLEA) of 1990 gave the
FDA the authority to require nutritional labeling for most f ood products.
In 1994, the NFP was implemented in order to improve consumers access to
nutritional information and promote healthy food choices.Despite a national
health objective to reduce obesity rates to less than 15% by 2010, recent
trends suggest that the prevalence of overweight and obesity has increased
sharply (from 15.0% in 1976 to 32.9% in 2004 among adults, andfrom 5.0%
to 18.8% among children).2 In response to a simultaneous decline in label use
by consumers, the FDA is currently considering changes to the format and
content of nutrition labels (Todd and Variyam, 2008). Our results provide
direct policy implications to promote increased label use.

1In addition to displaying the nutritional claim, this treat ment states that the displayed
claim is consistent with FDA labeling guidelines.

2The U.S. Department of Health and Public Services has declared this reduction as
one of the national health objectives for 2010 as being obeseincreases the risk of health
conditions, such as type 2 diabetes, coronary heart disease, stroke and some cancers. These
rates are reported in the National Health and Nutrition Exam ination Survey (NHANES).
For children, the term overweight is used rather than obesity (CDC, 2008).
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The next section discusses the related literature in detail. Section 3
presents a simple theoretic model to motivate the empiricalanalysis. The
experimental design, data, and descriptive statistics aredescribed in section
4. Section 5 introduces the empirical di�erence-in-di�erences speci�cations,
identi�cation strategy, and reports estimation results. The synthetic con-
trol method approach and �ndings are discussed in section 6.The paper
concludes, discussing policy implications and future research extensions in
section 7.

2 Related Literature

Nutritional labeling has become of increasing interest to both consumers and
policy makers. In a recent review of existing research on consumer response
to health claims and nutritional information, Grunert and Wills (2007) docu-
ment widespread consumer interest in nutritional information on food pack-
ages. Consumers also generally seem to understand the link between food
and health. Blitstein and Evans (2006) further report that about 50% of con-
sumers claim to use the NFP labels when making food purchasing decisions.
Using the National Longitudinal Survey of Youth 1979, Mandal (2008) �nds
greater use of food labels by those who are trying to lose weight as well as a
greater likelihood of weight loss for those consumers. In addition, Variyam
and Cawley (2006) �nd that the use of nutrition labels is associated with
a decrease in body weight and the probability of obesity as reported in the
National Health Interview Survey. However, Todd and Variyam (2008) also
�nd evidence that self reported consumer use of nutrition labels when mak-
ing food purchases declined from 1995-2006. The decline in use seems most
severe for the age group of 20-29 years and for individuals with a lower edu-
cational background. These trends might be a result of consumers inability
to perform label use tasks and consumers inability to perform math identi�ed
in Levy and Fein (1998). In addition, a number of studies suggest that con-
sumers prefer short front-label claims to lengthy back label explanations, or
a combination of both (e.g. Levy and Fein, 1998; Williams, 2005; Wansink,
et al., 2004; Grunert and Wills, 2007). Wansink et al. (2004)further �nd
that the presence of shorter health claims on the front of package in combi-
nation with complete back claims leads a person to generate amore positive
image of the product attribute. In a similar approach, but focusing on non-
GMO labeling rather than nutritional labeling, Roe and Teisl (2007) �nd that
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simple claims are viewed as most accurate, labels certi�ed by the US Food
and Drug Administration (FDA), and in some cases, USDA certi�ed claims
are perceived as more credible than third party and consumerorganization
certi�cation. Using simple claims and generating a positive image, can po-
tentially be problematic, however and poses the question ifnutrition labels
can actually lead to weight gain. Wansick and Chandon (2006)contend that
low fat claims can increase food intake through perceptionsof an increased
acceptable serving size and a reduction in consumption guilt. This e�ect can
possibly be enhanced when combininglow fat claims with suggestive health
references (Geyskens et al, 2007.) Our experimental designconsiders these
�ndings. It provides insight into how labeling information is used in real-
world shopping situations, and how content and format mighta�ect actual
consumption choices, a current shortcoming highlighted inGrunert and Wills
(2007). Conducting the experiment in a real market setting further elimi-
nates possible bias generated in these hypothetical experiments and survey
responses.3

The limited number of market-level empirical studies exhibit mixed re-
sults regarding e�ectiveness of nutritional information provision. In an early
study prior to the NLEA and implementation of the NFP, Russo et al. (1986)
�nd that displays of lists of information on vitamins and minerals as well as
sugar content in supermarkets are successful in increasinginformation use.
Ippolito and Mathios (1990) found signi�cant e�ects of voluntary labels on
consumer choices prior to the NLEA, but Mojduszka and Caswell (2000)
argue that information provided by �rms voluntarily prior t o the NLEA
was incomplete and not reliable. Mathios (2000) employed pre- and post-
NLEA scanner data to investigate the e�ects of mandatory disclosure laws
on consumer choice of salad dressing. He �nds that despite voluntary dis-
closure of low-fat products, mandatory guidelines resulted in a signi�cant
decline in sales of high fat products. In a similar study, Teisl, Bockstael
and Levy (2001) �nd that consumer behavior was signi�cantlyaltered, but
purchases of \healthy" products increased only in some of the product cat-
egories. Our experimental design allows controlling for other confounding
factors , such as brand preferences, price promotions, manufacture claims,

3While careful design and statistical analysis in survey responses can minimize strategic
and hypothetical bias, it might not eliminate it. Hypotheti cal experimental studies rely
on a much more limited range of items than available in actualretail stores. In addition,
participants of those studies may exhibit what is called theHawthorne e�ect, an adjusted
response to please the experimenter.
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and taste preferences, possibly in
uencing food demand in those studies and
therefore identi�es the labeling e�ect more precisely.

Little attention has been paid to the e�ects and interdependencies of reg-
ulation and alternative information sources. Experimental research (Cain,
Loewenstein, and Moore, 2005) suggests that when evaluating information,
people do not su�ciently take the incentives and motives of the information
source into account, even after disclosure of con
icts of interest. Advertising
and manufacture claims might therefore play an important role in spreading
nutritional information as highlighted by Ippolito and Mat hios (1995).4 In
addition, the extent to which product quality information can a�ect con-
sumer behavior has been documented on a variety of aspects: branding
(Montgomery and Wernerfelt, 1994), mandatory disclosure (Jin and Leslie,
2003), introduction of uniform standards (Kiesel and Villas-Boas, 2007), ex-
pert opinion (Sorensen and Rasmussen, 2004; Reinstein and Snyder, 2005;
Hilger, Rafert and Villas-Boas, 2007).

In a study that speci�cally addresses these interdependencies, Ippolito
and Pappalardo (2002)suggest that regulatory rules and enforcement policy
in the nutritional context might have induced �rms to move away from re-
inforcing nutritional or health claims. Critical news coverage of regulatory
challenges (Nestle, 2002), and the \Food News Blues" in general (Newsweek,
2006) might be another possible explanation for decreased labeling use de-
tected in Todd and Variyam (2008).5 Our intervention incorporates interde-
pendencies between labeling regulation and advertising claims, as consumers
might view these labels as in-store advertisement. But moreimportantly, we
can control for simultaneous related manufacture claims regarding nutritional
content.

If information provision targeted under the policy regulation and incen-
tives of alternative sources do not align, labeling regulations might therefore
fall short of their policy goals. The existing literature oncredence good
labeling (e.g. Bonroy and Contantatos, 2008, Roe and Sheldon, 2007) ad-
dresses these possible ine�ciencies. Even under mandatorydisclosure laws,
�rms might have an incentive to exploit di�erences in consumer beliefs by

4Empirical studies of consumer level responses to advertising further �nd that con-
sumers adjust their purchasing decisions (e.g. Ackerberg,2001, 2003)

5In a related paper we further focus on interdependencies between regulated labeling
information under the National Organic Program and media coverage and its e�ects on
consumer purchases (Kiesel, 2008). We �nd that media coverage can signi�cantly a�ect
consumer purchases.
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providing di�erentiated goods with regards to attribute composition and in-
formation disclosure. While required to display the NFP, they can focus
their advertising claims on certain attributes, while \shrouding" others in
the Gabaix and Laibson 2006) sense. By portraying their product more fa-
vorably, �rms can potentially charge higher margins for advertised health
related attributes and exploit unsophisticated consumers.6 Firms might fur-
ther have an incentive to make required information less salient if they believe
it will a�ect their pro�ts negatively. Salience in this cont ext is de�ned as the
simplicity and transparency of information (Chetty, Looney and Kroft, 2007).
The theoretical model derived in the next section builds on this literature.
We �rst describe a market setting in which consumer might be constrained
by information costs when considering nutritional content. We then focus on
the consumer objective and derive a comparative statics result with regards
to changes in labeling. Our experimental design is motivated by this sim-
ple theoretical model and our empirical analysis allows us to test resulting
hypotheses regarding observable changes in treated product sales.

3 A Simple Model of Labeling for Credence
Attributes

While consumers are aware of the existence of di�erent nutritional quali-
ties, they might not know which product among possible alternatives has a
higher nutritional value. Nutritional quality can be de�ned as a credence
attribute as consumers cannot verify the nutritional content of a good they
have purchased even after consuming it. Credence goods varysigni�cantly
from search and experience goods in that reputation and signaling can rarely
be used to alleviate information asymmetries in this case.7 Providing label-
ing information in this context can help consumers make an informed choice,
but might not restore a full information outcome.

Following Bonroy and Constantatos (2008), we consider a simpli�ed duopoly
market setting with two versions of a good,gh (denoting the higher nutri-
tional content) and gl (denoting the lower nutritional content), produced at

6Some Peanut butter varieties for instance advertise their product as no trans fat and
might be more expensive than other varieties that do not. Peanut butter does not contain
trans fat naturally, however.

7This classi�cation follows Nelson (1970), Darby and Karni (1973) and Roe and Sheldon
(2007).
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constant marginal costs (withch > c l ). Let us further assume that the good
produced by �rm 2 corresponds to the high quality good (g2 = gh). All
consumers are assumed to buy one unit of either good or none, and to have
identical tastes in that they derive a higher utility from consuming the higher
nutritional quality good ( Uh > U l ).8 Consumers are further assumed to be:
(i) aware of two qualities and consequences of consuming either one, (ii) ig-
norant about production costs, (iii) able to identify whether product is made
by �rm 1 or �rm 2, and (iv) uncertain which �rm sells high quali ty. Using all
information available (including advertisement and labels), they form subjec-
tive beliefs� � [0,1] over the eventE: �rm 1 sells the high quality good, and
�rm 2 sells the low quality good.9 This model takes di�erentiation based on
product characteristics as given and focuses on di�erentiation based on initial
beliefs. Bonroy and Constantos (2008) show that su�cientlydispersed beliefs
might give neither �rm an incentive to reveal their quality. Trivially, the low
quality �rm will not have an incentive to reveal its quality, but information
provision might decrease pro�ts for the high quality �rm as well. To provide
an intuition for this counterintuitive result for the high q uality �rm, it helps
to devide this outcome in two components. Imperfectly revealing its quality
might allow �rm 2 to capture a greater market share by changing consumers
beliefs. However, by doing so, it implicitly also reveals the quality of �rm 1,
by narrowing the distribution of beliefs. Firm 2 therefore puts pressure on
�rm 1 to lower its price and e�ectively creates pressure for itself to lower its
price as consumer choice depends on the expected utility di�erence as well
as on the price di�erence.10 This result has a strong lemons 
avor (Akerlo�,
1970), but the credence character prevents �rms from building a reputation
or o�er some kind of warranty to signal their superior quality in this market
setting.

8This assumption only relates to nutritional quality. It doe s not exclude possible dif-
ferences in taste preferences and trade o�s by between tasteand health perceived by some
consumers. It could be thought of as an assumption on nutritional quality only, keeping
all else (including taste) equal.

9It is assumed that the �rm knows the distribution of beliefs, while consumers do not.
This assumption excludes the possibility of price signaling in this model.

10One such case arises if imperfect information provision would mainly a�ect the higher
end of the beliefs distribution (higher value of � indicating a more incorrect belief). By
changing the beliefs of these consumers and forcing �rm 1 to reduce its price, �rm 2
could might �nd its pro�ts reduced after revealing addition al information. Firm 2 might
therefore be better o� to target well informed consumers andleave less informed consumers
to be exploited by �rm 1.
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If labels are introduced in this market setting that require�rms to reveal
their quality, they would ideally restore a full information equilibrium, in
which � =0 for all consumers. Such perfect labels would result in survival of
the e�cient �rm only. 11 Labels might be imperfect however, if consumers do
not make full use of the labels, due to di�erences in their time constraints
and ability to access and process the information provided.As low quality
�rms wish to avoid labeling, they have an incentive to make the label signal
less clear and publicized. High quality �rms might �nd themselves in a status
quo, as an additional e�ort to signal their higher quality might intensify price
competition.

While required to display the NFP, lower quality �rms can focus their
advertising claims on certain attributes, and \shroud" others in the Gabaix
and Laibson sense (2006). In a market with some myopic or uninformed con-
sumers, these �rms can shroud some attributes|for instancesugar content
when promoting candy as alow fat food|and portray their product more
favorably. Another alternative relates to making information less salient
(Chetty, Looney and Kroft, 2007). Salience in this context is de�ned as the
simplicity and transparency of information that allows consumers to com-
pare nutritional content across product alternatives. To preview our data,
none of the product alternatives display the NFP on the frontof the pack-
age, but feature select manufacture claims regarding nutritional content. 12

Information provision further does not seem very salient, considering that
serving sizes across product alternatives vary signi�cantly (displayed in Fig-
ure 1). Combined with signi�cant variation in targeted nutrients indicated
in Figures 2-4, consumers need to invest time and quantitative skills in order
to compare information on nutritional content currently provided under the
NFP. In this context, labeling L can be de�ned as a continuous variable,
increasing towards perfect labels and full information outcomes.

Given this market structure, we can now focus on the corresponding con-
sumer objective. It sets consumer information search within a random util-
ity household production function model as in Kiesel, Buschena, and Smith
(2005):13

11Which �rm is e�cient depends both on the di�erence in product ion costs as well as the
utility di�erence. If the utility di�erence is greater than the cost di�erence, �rm 2 would
be e�cient as all consumers would prefer it's product when priced at marginal costs.

12One producer for instance advertises marshmallow popcorn as \light" as it does not
use butter, but does not disclose the sugar content.

13This model is similar to the model described in Kiesel, Buschena, and Smith (2005),
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Max U (x; g; � )
s:t:

P
pi x i + pj gj = w(T � Tx + Tg) + Y:

(1)

Consumers maximize utility over all other goods (or attributes) x as well
as a good or attributeg characterized by its nutritional quality or content over
which consumers form subjective beliefs� .14 We only consider two versions
of this good,g1 or g2, in which g2 corresponds to the high nutritional quality
good (j = 1; 2). Consumers further optimally choose search time over all
other goods or attributes,Tx (either search or experience goods), as well as
the nutritional character, Tg. Consumers are constrained by their income,
de�ned as full income. A consumer is able to spend non-wage income, Y
or allocate time to generate income in the labor force at wagerate w. This
constraint speci�es the costs of information search as opportunity costs of
time. The time spend searching and processing relevant information cannot
be used to generate income or allocate it to other uses such asleisure.15

Nutritional labeling, L, enters this framework as a parameter a�ecting a
consumers optimal search timeTg, and formed beliefs� . Consumers base
their beliefs on all available information including labels, manufacture claims,
media coverage, word-of-mouth, etc. but di�er in their ability to access and
process this information. For simplicity, and due to our focus on labeling
changes, we de�neTg as a function ofL only, and beliefs� as a function of
Tg.

Given that second-order derivatives are satis�ed for this constrained max-
imization problem, the choice of eitherg1 or g2 depends on the expected
indirect utility formed over the subjective beliefs of those two stochastic con-
sumption options in this framework. The expected indirect utility derived
from consuming eitherg1 or g2 can be de�ned as:

EV �
1 = � (T �

g )Vh(Y; w; pi ; p1; L) + (1 � � (T �
g )Vl (Y; w; pi ; p1; L)

EV �
2 = (1 � � (T �

g ))Vh(Y; w; pi ; p2; L) + � (T �
g )Vl (Y; w; pi ; p2; L)

(2)

but focuses on consumers subjective beliefs and expected utility di�erences formed over
these beliefs.

14For simplicity, we assume that nutritional content is one dimensional, and consumers
form subjective beliefs� about this credence attribute only, such that the expectation is
formed over these beliefs only.

15Leisure can be thought of as one of the goods demanded, with a price equal to the
forgone income.
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As the choice of either product is determined by the expectedindirect
utility di�erence, the probability that g2 is chosen can be de�ned as follows:

P(V �
2 � V �

1 > 0) = P(g2 > 0) (3)

The optimal amount of Tg chosen depends on the marginal productivity
of time allocated to nutritional information search relative to other possible
time uses. We assume that additional information search on nutritional con-
tent potentially improves beliefs, but does not worsen beliefs under a given
information structure. An increase in labeling (de�ned as amove towards
perfect labels) increases the marginal productivity of time potentially allo-
cated to nutritional information search by making information more readily
available and easier to process. In other words, an increasein labeling re-
duces the relative price of nutritional information searchand might therefore
make it optimal for consumers to allocate additional time tonutritional infor-
mation search who previously had a binding constraint with regards to their
time and information processing costs. The following equation summarizes
this results:

@�
@L

=
@�
@Tg

�
@Tg
@L

� 0: (4)

A possible reduction in� will in turn increase V �
2 and decreaseV �

1 and
thus unambigiously increase the probability of choosingg2 for some con-
sumers:

@P(g2 > 0)
@L

=
P(V �

2 � V �
1 > 0)

@L
� 0 (5)

As we observe market demand in the aggregate, this comparative static
derived for a representative consumer with a binding constraint would trans-
late in an increase in sales for products that receive a labeltreatment. If none
of the consumers were constrained by information costs under currently im-
plemented labels, we should not see a change in the demand fortargeted
products, however, as we do not provide the consumer with newinforma-
tion. Our experimental design allows us to test this partialequilibrium result,
holding all other factors, most importantly price and information provisions
through other sources (e.g. advertising and media portrayal), constant.
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4 Experimental Design, Data and Summary
Statistics

We analyze this derived e�ect in a supermarket-level experiment. In col-
laboration with a major supermarket chain, we displayed nutritional shelf
labels that make information more salient and easier to process. We were
able to implement di�erentiated labeling treatments for one product cate-
gory, microwave popcorn, in �ve randomly assigned stores for a period of
four weeks.

4.1 Experimental Design

The selection of microwave popcorn as the treated product group was based
on a number of considerations. First of all, in compliance with the super-
market chain, we had to focus our intervention on a relatively small product
category.16 We further wanted to target a product category that can be po-
tentially healthy and o�ers enough variation in nutrients to result in su�cient
variation in labels. Also, we wanted to target a product thatis appealing
to families with children, as healthy or unhealthy eating patterns develop
during childhood.17 And �nally, to increase the feasibility of cross-product
comparisons, we wanted to pick a product category that is comparable in
taste and appearance across brands.

Our initial labeling proposal focused on calorie content, as the amount of
calories consumed has been determined to be the main contributor to weight
gain and obesity.18 The categorical character and initial design was further
based on theTra�c Light Colour Signpost Labelling successfully introduced
by the Food Standards Agency in the UK in 2007 (FSA, 2007). We also
wanted to contrast disclosure regarding calorie content tofat content disclo-
sure. The World Health Organization (WHO) endorses the promotion of low
fat products as one strategy to reduce obesity rates for instance (WHO 2004).
In addition, low fat claims have received increased attention in the recent lit-

16This restriction is supposed to minimize possible losses insales due to our intervention.
17Overweight children are more likely to be overweight as adults. Successfully preventing

and treating overweight in children can reduce the risk of overweight in adults and therefore
help to reduce the risk of related health conditions (American Health Association 2008).

18Depending on daily calorie allowance according to gender, age and activity level, an
extra 100 calories a day amounts to a weight gain of 10 pounds ayear for instance (CDC,
2008).

13



erature as well. And, we further wanted to compare possible information
e�ects for these treatments to trans fats labeling information. Health con-
cerns related to trans fats received a lot of media attention, and no trans fat
advertisement was readily adapted by food manufacturers. Consumers might
therefore be well informed about this nutrient and be able tomore readily
incorporate easier to process information with regards to this nutrient.

Combining multiple nutrient claims in one label increases the information
content by addressing several potentially important aspects at the same time.
It also increases information costs to consumers as compared to the display
of a single claim, however. By varying our treatments with regards to the
number of nutrients displayed, we were able to address this potential trade-
o�. The supermarket (and possibly consumers as well) further viewed these
labels as in-store advertisement. We wanted to add an FDA approval to
some of our label treatments to investigate if it increases the credibility of
the information provided on the label (e.g. Roe and Teisl, 2007).

The information needed to construct categorical nutritional claims was
collected using the NFP displayed on all microwave popcorn varieties avail-
able at local area stores. Figures 2-4 summarize the distribution of nutrients
targeted in our intervention. Label classi�cations as low,high, and medium
were created based on relative nutritional content within the overall prod-
uct category of microwave popcorn, categorizing the lowest(highest) 25%
of the products aslow fat or low calorie (high fat or hight calorie). Fig-
ure 5 displays the initially proposed labels for calorie content. Even though
this experimental design had to be revised, it highlights possible discrepan-
cies between policy objective and incentives of �rms or supermarkets. The
supermarket only permitted positive claims that would potentially increase
sales, and favored a very basic design. We therefore were only able to treat
products that fell within the low calorie, low fat and no trans fat category.
The supermarkets primary interest was further in investigating response to
fat claims, possibly motivated by increasing market sharesof low fat snacks
and recent �ndings suggestinglow fat claims might increase food intake and
hence purchase of targeted products. Finally, we were restricted to a total
of 5 randomly assigned treatment stores. Taking these restrictions into ac-
count, Figure 6 presents the design of implemented labels, while Figure 7
shows how the labels were placed on the grocery shelf. We implemented: (1)
low calorie labels, (2) low fat labels, (3) low fat labels with FDA disclaimer,
(4) combinedlow calorie/low fat labels, and (5)low calorie/low fat/no trans
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fat labels.19 These di�erentiated treatments allow us to address the following
questions: (i) Are consumer purchases a�ected by nutritional shelf labels?
(ii) Do e�ects di�er depending on nutritional facts (e.g. calories versus fat
content) displayed? (iii) Do e�ects di�er depending on disclosure of source
(Food and Drug Administration, FDA)? (iv) Do e�ects di�er de pending on
displaying single versus multiple nutrients on a label? (v)Do we �nd evidence
consistent with consumers making inferences about the nutritional content
of non-labeled products?

4.2 Data and Summary Statistics

We implemented the labeling treatments during four weeks inthe fall of
2007, starting on October 10th. This implementation was in accordance
with \promotional" weeks|weeks beginning Wednesday and ending Tues-
day the following week|de�ned by the supermarkets price cycle and data
organization. Labels were attached during low tra�c hours every Wednes-
day night and after possible changes in product prices went into e�ect. In
addition to the �ve randomly selected treatment stores, we received weekly
product sales within the microwave popcorn product category for 27 addi-
tional stores within the same price division. The data are available for a
total of 14 weeks, spanning �ve weeks prior and post treatment period. In
addition, we matched the zip code a store is located in with socio-economic
statistics provided by the United States Census Bureau (2000 Census).

The original scanner data provided by the grocery chain included 93 prod-
ucts and 18785 product-week-store observations for the relevant product cat-
egory. Sampling local area stores in order to record nutritional information
resulted in a total of 68 products. For these products, we have detailed
nutritional information, with 43 of those products subject to our labeling
intervention. The number of products included in the scanner data for which
we do not have nutritional information amounts to 25 products. For a given
week, that translates to excluding 0-12 products per control store and week,
with a mean of 3 products.20

Table 1 summarizes descriptive characteristics for the labeling interven-
tions. The reported statistics for the control stores indicate how many prod-

19For combined label treatments, we display a variety of labels, e.g. low calorie labels,
low fat labels, and low calorie/low fat labels.

20Regression speci�cations were also estimated including these observations as a robust-
ness check.
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ucts would have been treated if products in these stores werelabeled. With
the exception of one smaller treatment store, treatment andcontrol stores
seem fairly similar regarding product assortment and potential treatment
sample of products.

Table 2 provides descriptive statistics regarding store characteristics of
treatment and control stores (e.g. store size, year opened,number of available
products within category, category sales, and product sales) as well as socio-
economic characteristics by zip code. Treatment stores vary somewhat in
size, and although selected randomly, category sales seem somewhat higher
compared to average category sales for the control stores. They generally are
within one standard deviation, and are no larger or smaller than the observed
maximum or minimum observed among the control stores, however. Table
2 also includes demographic descriptive statistics of potential shoppers in a
given zip code. Here again, treatment and control stores seem similar and
furthermore representative of national averages.21

Table 3 summarizes the variables included in the �nal regression analyses.
The quantity variable reported here corresponds to the net total number of
units of a given product sold during a promotional week. Zeroor negative
sales, resulting from returns of as many or more items than purchased are
excluded from the analysis. In addition, the price variableis constructed as
net revenue divided by product quantity.

5 Econometric Di�erence-in-Di�erences Spec-
i�cations

To estimate the e�ect of the labeling intervention, we compare sales of the
\treatment" product group to sales of control product groups, serving as the
counterfactual of product sales in the absence of our intervention. Treatment
in this context refers to adding a shelf label for products targeted depending
on their nutritional content. As we cannot observe what the sales of these
microwave popcorn products would have been in the absence oflabeling at
the treated stores and during the treated weeks, identi�cation of treatment
e�ects depends on the de�nition of relevant control groups.Estimation of
average treatment e�ects (ATE) rests on the assumption thataverage dif-

21The median income nationwide is reported as 42.000, median household size amounts
to 2.52, and percentage of white is reported at 75% accordingto the US Census 2000.
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ferences in outcomes for treated and control groups are attributable to the
treatment, which is satis�ed when treatment assignment andthe potential
outcomes are independent (Imbens, 2004). This condition issatis�ed by
random assignment of our treatments across stores.

We observe repeated cross sections|weekly store-level product sales{ and
therefore follow a di�erence-in-di�erences approach commonly used in the
policy evaluation literature (see Meyer, 1995; Bertrand, Du
o, and Mul-
lainathan 2004) to identify the ATE. This approach allows for comparisons
of means of the outcome of interest with or without treatmentwhile cer-
tain observable covariates are held constant. Given that wealso observe
sales of products that will not be treated (products with higher calorie and
fat content, and trans fats), we can potentially compare thetreatment to
three dimensions of counterfactuals (stores, time, and products). Depending
on the chosen control structure, we estimate both, di�erence-in-di�erences
(DD) and triple di�erence speci�cations (DDD). These are variants of the
following linear model:

log(Yi;s;t ) = � � T i;s;t + � � C i;s;t + 
 � X i;s;t + � j + � s + � t + � i;s;t ; (6)

Let the outcome of interest| quantity sold or weekly revenue of a given
product i , in a certain store s, and during a certain time t|be denoted by
Yi;s;t . We transform quantity measures into logs as this functional form al-
lows interpretation and comparison of regression results in terms of average
percentages rather than di�erences in sales in levels.22 The parameter� de-
notes the treatment e�ect and corresponds to either the DD orDDD estimate
depending on the level of interactions (twofold or threefold) in the treatment
e�ect T and included control structure C that de�nes this e�ect. Let the
variables label, store, and time serve as indicators whether the observation
corresponds to the treated product group, the treated store, or the treatment
period. In a DD speci�cation, we can estimate the ATE on the treated by
only including products that were subject to a treatment assignment across
stores and time in the following speci�cation:

log(Yi;s;t ) = � � stores � time t � + � 1 � stores + � 2 � time t+
+ 
 � X i;s;t + � j + � s + � t + � i;s;t ;

(7)

The same speci�cation can be used to estimate the ATE on the untreated
by only including products that are not labeled. Additionally including a

22A comparison in levels would be a�ected by variation of storesize and resulting vari-
ation in sales across stores.
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comparison of potentially labeled products versus products that would not
be subject to treatment, we can combine both product groups in a DDD
speci�cation:

log(Yi;s;t ) = � � labeli � stores � time t � +
+ � 1 � labeli � stores + � 2 � labeli � time t + � 3 � stores � time t+
+ � 4 � labeli + � 5 � stores + � 6 � time t+
+ 
 � X i;s;t + � j + � s + � t + � i;s;t ;

(8)
The vectorX in these speci�cations denotes possible additional covariates

that may a�ect sales, such as price and manufacture claims.
As retailers consider all product characteristics, and account for changes

in demand when setting prices, one might be concerned about possible en-
dogeneity regarding quantity measures. However, all included stores are
randomly selected from the same price division, such that price promotions
are universal across stores. While we do observe some variation in initial
(non-promotional) price levels, these di�erences do not vary over time and
are controlled for by the inclusion of store �xed e�ects. Timing of price pro-
motions, on the other hand is controlled for by the inclusionof week �xed
e�ects. An additional related concern is possible endogeneity of price changes
and labeling treatment. Price promotions are implemented across all stores,
independent of treatment. To provide further support and test this argu-
ment, we regress prices on the treatment, resulting in a small positive and
insigni�cant e�ect of the treatment on price. And �nally, th e inclusion of
price as an additional covariate is motivated by the fact that price is mea-
sured as an average price across all units sold at a given store at a given
week. It is therefore also in
uenced the number of people that bought prod-
ucts on sale or promotions. Price sensitivity among shoppers across stores
might vary and a�ects sales independently of our treatment.

Manufacture claims might further a�ect sales of speci�c products and
while some of them address the same nutrients as our labels they are com-
mon across stores and uncorrelated with the treatment assignment by store.
We further include brand j , store s and time t �xed e�ects to account for
any unobservables that cause some brands, stores and weeks to on average
have higher or lower sales. Brand �xed e�ects allow capturing time-invariant
brand preferences, store �xed e�ects account for unobserved time-invariant
di�erences across stores and week �xed e�ects account for changes in quantity
due to unobserved seasonal e�ects that are assumed to a�ect all stores and
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products equally. And �nally � i;s;t represents and unobserved disturbance.
The identi�cation assumption underlying these speci�cations is that there
are no unobserved factors that di�erentially a�ect treated products before
and after the implementation of our labels.

We begin the regression analysis of labeling e�ects by estimating the
average treatment e�ect across all labeling treatments in order to address
hypothesis (i). We then estimate speci�c ATE for each treatment store
separately. In addition, we test hypotheses (ii) to (iv) by estimating spe-
ci�c labeling e�ects di�erentiated by displayed nutrient, FDA approval, and
number of nutrients targeted. As our interventions are limited to products
of favorable nutritional quality, we also estimate the average treatment e�ect
on the unlabeled products to test (v). We �nally combine bothlabeled and
unlabeled products in a triple di�erence speci�cation. Additional regression
diagnostics and robustness checks are presented before discussing our �nd-
ings. Our treated product category is characterized by relatively low volume
sales and high 
uctuations in sales across weeks. In order toaddress this
possible power limitations of our analysis, we provide result for a variety of
speci�cations and focus on displayed consistent trends across speci�cations
as well statistical signi�cance of the estimated coe�cients.

5.1 Average Treatment E�ects on the Treated

We �rst start by pooling all labeling interventions to investigate whether
nutritional shelf labels a�ected purchases of targeted products. Regression
results for this overall average e�ect across treatments are reported in Ta-
ble 4. From column 1-6, we keep adding price, manufacturer claims, brand,
store, and time �xed e�ects as additional covariates. In addition, standard
errors are clustered at the product and store level.23 While adding these ad-
ditional covariates improves theR2 of our regression speci�cation (including
all additional covariates allows as to explain 34% of the variation in sales),
they do not a�ect the magnitude or signi�cance of our estimated treatment
e�ect.

In all estimated regression speci�cations, we fail to reject the null hy-
pothesis of no e�ect of labeled products on sales in the treatment stores and

23Clustering at the product level only does not change the results qualitatively, and
results in smaller standard errors for some regressions. Due to limited observations and
high 
uctuations in product sales, clustering at the product level does not provide us with
enough degrees of freedom for the analysis of speci�c labeling treatments in some cases.
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treatment weeks relative to sales of these products in the control stores. Con-
sistently throughout these regression speci�cations, we �nd a small negative
but insigni�cant e�ect on sales ranging from -2.8% to -3.1%.This suggests
that just posting nutritional shelf labels did not signi�cantly a�ect sales of
treated productsper se. The reported regression results further indicate that
consumers are responsive to price changes. A one dollar decrease in average
weekly prices is estimated to result in a 24.2% to 28.6% increase in quan-
tity sales of a product on average. Furthermore, as suggested by descriptive
store characteristics presented in Table 2, these speci�cations con�rm that
sales of products targeted by our interventions were on average 11.9% to
32.7% higher in the treatment stores relative the control stores. Including
information on manufacturer claims recorded while collecting information on
nutritional content at local stores, also indicates that products featuring a
calorie-related claim such as \100 calories" or \12.5% lesscalories" have sig-
ni�cant higher sales on average (13.1%), and products carrying the USDA
organic seal have signi�cantly lower sales. In addition, products advertising
whole grains have signi�cantly, but only slightly lower sales on average.

In Table 5, we further report regression results for estimating the ATE for
each implemented treatment separately, addressing question (ii). Treatment
stores other than the one analyzed in the speci�ed regression were excluded
from the control stores, resulting in varying sample sizes depending on the
regression speci�cation. Furthermore, brand, store, and week �xed e�ects
were included in all regressions, such that indicators for treated stores are
not included in these speci�cations. Standard errors againare clustered at
the product-store level.

The reported results suggest that the estimated e�ects varydepending
on the nutrients displayed on the label. For instance, the coe�cient on
the low calorie label treatment is positive although insigni�cant, while the
coe�cients on the low fat label and thelow fat label in combination with FDA
disclaimer are negative, although only statistically signi�cant for the low fat
(FDA disclaimer) treatment, indicating a reduction of sales by 28.4% in this
speci�cation. The same qualitative e�ect is displayed for the combinedlow
calorie, low fat label, indicating a 15.4% and statistically signi�cant (10%)
average decrease of quantity sales for the products labeledat that store. For
the �fth treatment{all three nutrients in various combinat ions depending
on the nutrient characteristics of the product{we again �nd a positive, but
insigni�cant e�ect for labeled products in general. In thisspeci�cation, e�ects
of manufacture claims on sales are consistent with earlier �ndings, with fat
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claims such as \50% less fat" and \94% fat free" resulting in higher sales in
some speci�cations as well.

In three of the treatment stores, we further observed a pink ribbon label
placed on the shelf for some products at some of the treatmentweeks. We
include these identi�ers in the regression speci�cation. These labels were
observed for up to two weeks during the treatment period at three di�erent
stores, even though for one of the stores, none of our treatment products were
carrying a pink ribbon label. These labels allow us to compare the e�ect of
our information treatment to an alternative information tr eatment.24 The
treatment e�ect for this label is statistically signi�cant at the 10% level in
both regressions and results in a 17.9 or 52.0% increase in sales.

For the treatments displaying combined labels, the speci�cations pre-
sented in columns 4 and 5 estimate an average e�ect across implemented
combined labels addressing question (iv). We therefore further di�erentiate
between the type of label for these combined treatments by interacting the
treatment variable with dummies for the speci�c labeling type (e.g. low calo-
rie label *treated store*treated week) and report regression results in Table
6. We �nd that the signi�cant average decrease in sales for the low calo-
rie/ low fat treatment is attributable to the low fat label rather than to the
low calorie label, and that a signi�cant decrease or increase in sales isnot
detected for the combined label. This di�erentiated regression suggests a
statistically signi�cant (10%) average decrease of 27.5% for products labeled
with the low fat label in the treated store relative to the control stores in the
treatment period. Even thelow calorielabel results in negative, but insignif-
icant e�ect on sales in this treatment, a contrary result to the low calorie
treatment e�ect reported in Table 5. When further di�erenti ating between
the nutrients and combination of nutrients displayed on a label in the �fth
treatment, regression results reported in column 2 suggestthat consumers
respond positively to theno trans fat label.25 The display of ano trans fat
label increases average sales of these products during the treatment period
by 23.0% compared to sales in the control stores, statistically signi�cant at

24We do not know, if pink ribbon labels were placed in the control stores, however.
Having only some of the treatment stores display the pink ribbon label might be an
indication that they were not.

25Treatment e�ect for low fat and low calorie labels are not included in this speci�cation,
since in both cases, only one product was treated. The e�ect would therefore only re
ect a
product speci�c preference. Coe�cients and signi�cance of the other regressors are robust
to this exclusion.
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the 10% level. Theno trans fat claim in combination with other claims (low
fat, or low calorie, or both) does not, however, result in a positive and sig-
ni�cant increase in sales. The combination ofno trans fat/ low calorieresults
in a reduction of sales by 31.9%, signi�cant at the 10% level.However, this
result might be interpreted with caution as at most 3 products received this
treatment during any given week of the treatment period. More importantly,
the treatment that combines all three claims and has the highest informa-
tion content, but might also be associated with the highest information costs,
does not result in a signi�cant increase or decrease in sales, and displays a
coe�cient close to zero.

5.2 Average Treatment E�ects on the Untreated

Although we are primarily interested in estimating the average e�ect on the
treated or labeled products, investigating whether consumers make inferences
about the untreated products provides potentially valuable insights for ques-
tion (v). Our labels provide nutritional information about these products
implicitly. However, information costs for consumers are potentially higher,
as they need to infer the relatively inferior nutritional quality of unlabeled
products. The regression speci�cations reported in Table 7presents this ad-
ditional treatment e�ect. The �rst column in Table 7 refers t o the pooled
labeling e�ect, while columns 2-6 target the treatment stores individually.

The pooled treatment in column 1 suggests that sales of the unlabeled
products in the treatment stores during the treatment period were higher
than in control stores, but not signi�cantly so. This poolede�ect might be
in
uenced by the positive and statistically signi�cant (at the 5% signi�cance
level) increase in sales of 16.2% for unlabeled products forthe low fat, FDA
disclaimer treatment. It mirror images the negative e�ect of this treatment
of a 28.4% decrease for labeled products and suggests that consumers simul-
taneously increased purchases for the unlabeled products.Treatment e�ects
for the unlabeled products across the other treatments are not statistically
signi�cant and relatively small in magnitude. Also note, that some of the
manufacture claims drop out of these equations. Our labels and correlated
manufacture claims do not perfectly match, but the number ofproducts that
do portray a claim and would not be treated under our intervention is small.
Our labels are based on FDA guidelines for such claims, and the FDA re-
quires manufacture claims to be in compliance with these guidelines under
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the NLEA.26

5.3 Combining Treated and Untreated Products in Triple
Di�erence Estimations

An alternative way of analyzing the e�ect on the treated and untreated prod-
ucts is to combine both products in triple di�erence speci�cations. Table 8
summarizes the results for regression speci�cations de�ned in equation 8.
This speci�cation is estimated for the pooled labeling e�ect as well as across
the �ve alternative treatments separately. In general, theestimated e�ects
seem consistent in direction in the above presented DD estimates. Only
the low fat (FDA disclaimer) labeling treatment is statistically signi�cant in
these regressions, however. It indicates that labeled products experienced a
signi�cant 42.8% decrease in sales during the treatment period relative to
unlabeled products. This e�ect represents the combined e�ect of both the
average treatment e�ect on the treated and untreated products in the DD
speci�cations above. Further di�erentiating by the type of label for the com-
bined treatments in Table 9 again reproduces the DD results,but a�ects the
signi�cance levels. The average decrease in sales for products labeled aslow
fat in the low calorie/ low fat treatment is not statistically signi�cant in this
speci�cation. This is furthermore the only speci�cation inwhich the no trans
fat treatment fails to be statistically signi�cant with a p-val ue of 0.24. We
do detect a decrease in sales forlow calorie/ no trans fat label of 34.5%,which
is signi�cant at the 10% level. Again, this e�ect needs to be interpreted with
caution, as only up to 3 products receive this treatment at a given treatment
week. Similar to the DD regressions, we also �nd a signi�cantincrease in
sales due to the pick ribbon label in the store where we labeled all three
nutrient claims. Products exhibiting the pink ribbon label increased in sales
by 45% (54% in the aggregated regression in Table 8). This labeling e�ect is
greater in magnitude and statistical signi�cance than the treatment e�ects
estimated for our implemented labels. Adding a pink ribbon to the shelf
labels does not result in a signi�cant e�ect for the other twostores in which
we also observe these labels, however. This might be due to fact that the
number of products labeled was smaller in those stores, and we did only
observe the pink ribbon label during one week for one of thosestores.

26We do observe variation regarding manufacture claims for labeled products, however,
in that we label products that chose not to advertise our targeted nutrient.
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To address limitations regarding sales volume and statistical power, we
further aggregate our data to three time periods: Pre-treatment, treatment
and post-treatment.27 Regression results for these aggregated triple di�er-
ence speci�cations are summarized in Tables 10 and 11. The directions of
the estimated e�ects are again consistent with the previously described spec-
i�cations, and we observe an increase in statistical signi�cance. The e�ect of
the low calorie treatment increases in magnitude and becomes statistically
signi�cant at the 5% signi�cance level. The estimated regression coe�cient
for this aggregated speci�cation indicates that quantity sales of labeledlow
calorie products relative to unlabeled products in alternative stores, as well
as the same store in non-treatment periods, increased by 28.8%. In addition,
the low fat labeling treatment again signi�cantly (at the 10% signi�cance
level) decreases sales by 42.6%. Separating the e�ects of labels for the com-
bined treatments in (Table 11) reproduces a signi�cant (5% signi�cance level)
increase in sales due to theno trans fat label of 39.6%. The pink ribbon label
could not be included in these speci�cations as these labelswere not observed
for the entire treatment period.

5.4 Additional Robustness Checks

We further investigate the time-series characteristics ofour data. We perform
Dickey-Fuller tests (1979) for stationarity on both, the price and the quantity
time series used in our regression speci�cations. Such tests allowed rejecting
the null hypothesis of a unit root process for all price series and quantity
series. An additional concern when employing DD estimations to time series
data relates to possible bias due to serially correlated outcomes and treat-
ment (Bertrand, et al, 2004). We replicate all regression speci�cation with
Newey-West corrected standard errors, employing a maximumlag structure,
as well as shorter possible lag structures. This procedure corrects for serial
correlation of unknown form in the error terms (Newey and West, 1987). In
addition, aggregating the data into a treatment period and non-treatment
periods in our triple di�erence estimations corresponds toa suggestion made
in Bertrand, et al. (2004) to eliminate the time-series character of the data
and focus on cross-sectional variation. As an additional robustness check, we
restrict regression speci�cations to utilizing the time-series control structure

27Aggregation of data is commonly used to circumvent data limitations in similar studies
(e.g. Chetty, Looney, and Kroft, 2007, Hilger, Rafert and, Villas-Boas 2007).
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and compare treated and untreated products at a given treatment store over
time. Just focusing on time-series variation in sales in thetreatment stores,
or alternatively focusing on cross-sectional variation across treatment and
control stores only, results in the similar e�ects in terms of magnitude and
signi�cance. We also re-estimate the above speci�cations clustering at the
product level rather than the product-store level.28 In a number of regres-
sion speci�cations, we do detect a statistically signi�cant decrease in sales
due to the low fat treatment. Even though, signi�cance levels vary across a
number of speci�cations, we �nd very consistent average treatment e�ects in
direction and in magnitude. The adopted synthetic control method approach
presented in the next section further serves as a robustnesscheck for these
consistent trends portrayed in our DD and DDD analyses.

5.5 Size of Labeling E�ects, Overall Category Sales,
and Explanations

Overall, this analysis provides evidence that implementednutritional shelf
labels a�ected product sales of microwave popcorn in the treated stores and
during the treatment period. To summarize:

1. We fail to detect an overall pooled e�ect of labeling.
2. The implementedlow calorie label increases sales of treated products.

This positive labeling e�ect is only present when focusing the treatment on
a single claim. In combined treatments, this e�ect is not detected.

3. The implementedlow fat label decreases sales. This negative labeling
e�ect is most signi�cant when focusing the treatment on a single claim and
adding an FDA disclaimer. It is also detected for combined treatments in
some cases.

4. The implementedno trans fat labels increase sales of treated products.
This positive e�ect is only present when theno trans fat claim promoted by
itself and not combined with other claims.

These �ndings are consistent with information costs mattering in this
context. Failure to detect an e�ect of pooled labels suggests that the e�ect
on sales is not attributable to increased attention on the labeled products in

28We report the alternative product-store cluster in the inte rest of consistency across
reported regression speci�cations. Clustering at the product level does not provide us
with enough degrees of freedom to investigate the di�erentiated treatment e�ects within
a given store, however.
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general. This is further supported by the fact that treatingproducts that
are almost identical based on calorie content increases sales, while focus-
ing on fat content decreases sales. And especially with regards to the no
trans fat treatment, we merely repeat information already available, and de-
tect a positive and signi�cant increase in sales. While consumers seem to
positively respond tono trans fat labels that portray the already available
information in a more uniform and standardized way, this e�ect dissipates
when combining theno trans fat claim with additional nutritional claims.
This is even observed when adding thelow calorie claim that causes sales
of targeted products to increase when portrayed by itself. Throughout the
speci�cations, we �nd that a combination of claims into a single label|while
improving the information content|does not result in an inc reased or more
signi�cant labeling e�ect on sales. This �nding seems further consistent with
our information costs hypothesis. Targeting several nutrients at the same
time increases the information costs for consumers relative to just focusing
on one nutrient and might deter some consumers from incorporating this
information into their purchase decisions altogether.

Furthermore, the negative e�ect oflow fat labels on sales might indicate
that consideration of nutritional information by consumers can trigger neg-
ative taste perceptions. In this regard, it is also worth nothing that average
sales of labeled (potentially treated products) are signi�cantly lower on av-
erage throughout all DDD regressions. This might be an indication, that
consumers in general perceive a tradeo� between choosing healthier product
alternatives and taste. This association might be strongerwith regards to
the displayedlow fat claim than it is with regards to the low calorie claim.
In addition, products portraying a manufacture claim that addresses fat con-
tent seem lower in sales in most regression speci�cations, while portraying
a calorie claim signi�cantly increases sales in some regression speci�cations.
Our �ndings that taste perceptions with regards tolow fat snacks might pre-
vent consumers from switching to healthier alternatives have been detected
in other studies (e.g. French et al. 1999) as well. With regards to adding the
FDA disclaimer, our results are somewhat inconclusive. They seem to sug-
gest that the FDA disclaimer strengthens the dislike oflow fat products and
could therefore be interpreted as making information more reliable. This
result could possibly also be driven by the smaller size and more limited
product assortment of this store. Adding the FDA disclaimerdoes not seem
to promote these healthier alternatives due to increased credibility, however,
as we detect a negative e�ect on sales.
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We further do not �nd support for the argument put forth by Wan sick
and Chandron (2006) that nutritional labels in this contextmight induce con-
sumers to increase consumption, or purchase. We actually detect a decrease
in sales due to our labeling treatment when additionally testing whether the
implemented labels have an e�ect on overall category sales for the treated
stores in a speci�cation similar to the one employed for pooled labeling ef-
fects. In fact, we �nd an overall decrease in category sales for the treatment
stores during the treatment period of 3.7%, which is statistically signi�cant
at the 5% signi�cance level. This e�ect might also be an indication that con-
sumers incorporate the labeling information, but are not willing to switch to
healthier product alternatives due to perceived taste tradeo�s. 29

And �nally, we are interested in how sizable these detected e�ects are.
In some of the regression speci�cations, we can directly compare our esti-
mated treatment e�ects to the pink ribbon labeling treatment. As the pink
ribbon treatment will not a�ect taste perceptions, we wouldexpect this la-
beling treatment to have a higher impact for consumers placing a value on
this characteristic.30 Indeed, we �nd that the e�ect of the pink ribbon label
seems larger in magnitude than our estimated labeling e�ects. An addi-
tionally interesting comparison is provided by looking at price promotions.
Similarly to our intervention, price promotions are advertised through shelf
labels. The total mark down amount for individual products ranges from 79
cents to $3.70, most commonly in the form of a \buy one/ get onefree promo-
tion". We regress quantity sales (in logs) on an indicator whether a product
was on promotion, controlling for store, brand, and week �xed e�ects, as
well as clustering standard errors at the product-store level. This allows us
to capture initial di�erences in price levels due to unobserved time-invariant
characteristics across stores, and brand preferences due to unobserved charac-
teristics across brands. In this regression speci�cation,we estimate the e�ect
of posting a price promotion to increase sales by 86.8% on average (statis-
tically signi�cant at the 1% signi�cance level). Compared to this e�ect, the
estimated e�ects of nutritional shelf labeling are sizable, but considerably
smaller. The di�erence in the size of the e�ect might again indicate that

29Whether they substitute away from this product category to alternative categories
that do not provide this nutritional information is an exten sion of this study that we
would like to investigate using additional data.

30As we are using stores in the same price division and only observe the pink ribbon label
in some stores, these products were not sold at a price premium during the investigated
time period.
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consumers might be hindered by negative taste perceptions when consider-
ing healthier food alternatives. These relatively smallere�ects, as well as
the negative e�ect of low fat labels, could further be speci�c to our product
category. Previous research has found that consumers are less likely to incor-
porate nutritional information into their product choice for products viewed
as treats (Grunert and Wills 2007). Microwave popcorn mightbe viewed as
a treat, rather than a snack, when buying it for a movie night,for instance.
In that case, consumers might be particularly reluctant to substitute away
from \movie theater butter 
avor" to a potentially less tast y low fat variety.

6 Synthetic Control Method Analysis

Di�erence-in-di�erences estimation can be a powerful toolfor evaluating
treatment e�ects, especially in the case of random assignment of treatment
e�ects, as in our experimental set up. However, uncertaintyremains about
the ability of our control stores to reproduce the counterfactual of what sales
would have been in treatment stores in the absence of our intervention. Fur-
thermore, signi�cance of the estimated treatment e�ects might depend on
our assumed error structure, and ambiguity about the validity of the chosen
approach might remain. The synthetic control method (Ababie et al. 2007)
addresses both of these issues. It can be thought of as a non-parametric com-
bination of DD and matching approaches. A (synthetic) control unit is con-
structed based on how closely it resembles the treated unit in a pre-treatment
period. This method further allows evaluating statisticalsigni�cance of the
estimated treatment e�ect based on constructing placebo e�ects for units
that were never treated. In the above regression speci�cations our standard
errors are in
uenced by the uncertainty about how well average sales across
control stores are able to reproduce the counterfactual of how sales would
have evolved in our treatment stores in the absence of our intervention. This
additional approach allows us to validate the results foundin the DD, and
possibly improve the statistical power by reducing this uncertainty. It uses
data-driven procedures to construct a single control storeclosely resembling
the treatment store in the pre-treatment period. Any weighted average of
control units is considered as a potential single (synthetic) control, choosing
the one that minimizes the mean square error of the speci�ed estimator. We
consider a variety of variables as matching criteria, including pretreatment
sales of the treated product group, additional store characteristics, and zip
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code level social-economic variables. Statistical signi�cance of detected dif-
ferences in sales between the treatment and synthetic control unit can be
evaluated by testing if this di�erence in sales could potentially be driven by
chance. We do so by applying the same procedure to all controlstores, rather
than the treatment stores as placebo studies, and compare the outcome to
our actual derived treatment e�ect. We can run 27 of such tests as we have
data on 27 control stores. And �nally, this approach provides us with a
graphical representation of our estimated treatment e�ects and the trend of
sales over time.

One limitation of this approach is that it only allows analyzing a single
unit treatment variable, such that we cannot directly compare the DD results.
Rather than looking at individual product sales, we therefore aggregate sales
by treatment. We, for instance, add sales of all treatedlow calorieproducts
for this treatment store, such that our outcome variable of interest is de�ned
as total weekly sales of products treated (labeled) at a particular store.

6.1 Synthetic Control Method Results

To draw inference on how our label treatment a�ects prudct sales of treated
products, we construct how sales would have evolved in the absence of our
intervention in the selected stores. We start this analysisby considering pos-
sible matching criteria for the relevant treatment store and synthetic coun-
terfactual. Using zip code demographics as well as store characteristics as
criteria for the synthetic control store actually decreases the �t of sales prior
to our implemented treatment. Table 12 reports the store as well as zip code
characteristics for thelow calorietreatment stores and synthetic control store
to illustrate this e�ect. As our primary interest is a close �t of pre-treatment
sales, the �nal graphs are constructed by focusing on store characteristics
only. The weights of each control store in the single synthetic control store
created for alternative treatments are reported in Table 13. The synthetic
control stores for the reported 3 treatments are constructed by a weighted
average of 2 to 5 control stores depending the treatment.31

Figure 8 displays the weekly total sales of products treatedwith the low
calorie treatment and its synthetic control. The vertical line indicates the im-
plementation of the treatment. Total sales of the products that were treated

31Results are only reported for the three signi�cant treatments in the DD and DDD
estimations. Applying the same method to the remaining treatments further con�rmed
insigni�cant treatment e�ects as described above.
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in the synthetic control store reproduce the sales observedin the treatment
store prior to treatment fairly well. After implementing the labels, actual
sales clearly exceed the sales of the synthetic control. This gap converges for
the post-treatment period again, however. Furthermore, the biggest increase
seems to occur right after implementation of the treatment,with an 18.7
units increase in the second week. Table 14 reports these exact di�erences in
sales by week. This increase corresponds to a 19.57% increase in sales com-
pared to overall average sales across the entire time period. Figure 9 displays
the results for the placebo tests. The background gray linesrepresent the
di�erence in sales associates with each of the 27 tests. Eachgray line shows
the di�erence in sales between each control store and its synthetic version
if we would have randomly chosen that store. The red line compares those
results to the e�ect of the intervention in the actual treatment store. Figure
9 indicates that the di�erence in sales seems large relativeto the distribution
of the random di�erences for the control stores. The spike ofsales in the
second week for instance is not matched by any other placebo run. Further-
more, the ability of this method to produce a well �tting synthetic control
varies for the placebo runs as indicated by a deviation from the 0 reference
line prior to the intervention.

Figure 10 summarizes the results for thelow fat treatment. Contrary to
the low calorie treatment, and consistent with the estimates in the DD and
DDD speci�cations, the treatment store experiences a steepdrop in sales
compared to the synthetic store after the implementation ofthe treatment.
Again, the e�ect seems most signi�cant in the early weeks. Sales drop by
27.7 units in the second week, corresponding to a 68.03% decrease in sales.
Figure 11 displays the corresponding results for the placebo tests once more.
These graphs indicate that this di�erence in sales due to ourtreatment seems
relatively large compared to the distribution of random di�erences. The steep
drop by the end of the second week is not matched by any other placebo run.

And �nally, Figures 12 and 13 summarize the results for theno trans fat
treatment. Here, we are only evaluating the partial treatment e�ect of the
combined labeling treatment. We cannot simultaneously compare this e�ect
to the other labels implemented in the combined labeling treatment due to
the single unit treatment restriction. This treatment e�ect is less pronounced
as compared to thelow calorie and low fat treatment, possibly because it is
based on fewer products in this treatment. Interestingly, response to this
treatment is delayed for a week as compared to the two treatments above.
In this treatment store, we faced di�culties implementing the labels in the
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�rst week, having the labels removed and replaced after interactions with the
supermarket headquarters.32 The e�ect is less obvious in the graphical anal-
ysis as our control stores do not provide a well �tting convexcombination to
create a synthetic control prior to the treatment. Startingwith considerably
lower sales than the created synthetic control store at the beginning of the
treatment period, the trend in sales goes in the opposite direction than in the
synthetic control store, and eventually rises above the total sales for the syn-
thetic control. This treatment also experiences the biggest increase in sales
in the week right after the treatment and stays above the sales constructed
for the synthetic control. It might be possible that the store kept the labels in
place after the last treatment week. Furthermore, as we are merely repeat-
ing information already available and advertised with manufacture claims,
this information might be especially easy to take into account when making
purchase decisions, even after labels disappear. The information provided
for the low calorie and low fat treatment cannot be as easily recalled in the
post treatment period, however, and sales trends in those treatments seem to
converge back to the synthetic control after our treatment period.33 Figure
13 displays the results for the placebo tests. As we were not able to achieve
a very good �t for the synthetic control, the statistic signi�cance for this
treatment also seems weaker as compared to the previous two treatments.
Compared to placebo tests that start similarly low on the distribution of dif-
ferences, the initial increase seems larger, however, and the increase in sales
following the last week of treatments seems signi�cantly larger compared to
the distribution of random di�erences.

Overall, this additional approach supports our results estimated in econo-
metric di�erence-in-di�erences and triple di�erence speci�cations and adds
an indication how these treatment e�ects evolve over time.

7 Conclusions and Extensions

This paper analyses whether the existence of information costs might pre-
vent consumers from fully optimizing their purchase decisions with regards to
available nutritional information. Utilizing a market-level experiment in col-

32Previously reported regressions are robust to excluding the �rst week from the regres-
sions.

33These nutrients might also be advertised in manufacture claims, but a variety of terms
and claims are used in this context.
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laboration with a major supermarket chain, we estimate the e�ect of making
nutritional information more salient and easier to process. Posted nutritional
shelf labels allow consumers to make direct comparisons regarding nutrient
content for three nutrients{calories, fat and trans fat|on a relative scale.
Our intervention either focuses on one nutrient or a combination of these
nutrients in a single label. In addition, one treatment addsFDA approval
of the low fat claim. These interventions were implemented for one product
category (microwave popcorn) in �ve stores over a time period of four weeks
in the fall of 2007. Store-level scanner data for these treatment stores and 27
control stores within the same price division were available for a period of a
total of 14 weeks.

Building on the exiting literature of credence good labeling, we discuss
a theoretical foundation that motivates our experimental approach and em-
pirical analysis. Within this framework, we derive the testable hypothesis
that our implemented labels will positively a�ect sales or targeted products
through a reduction in information costs. Our labeling treatment aims at
reducing information costs by either repeating information already available
on the NFP in a uniform format, or by providing displayed quantitative in-
formation in a categorical format (e.g.low fat rather that 5 grams of fat per
serving). Observed variation in serving size in combination with considerable
variation of nutrient content in our treated category, suggests that currently
implemented labels provide information in a less salient way, and would re-
quire consumers to make time intensive quantitative comparisons. These
potentially high information costs might allow �rms to port ray their product
in a more favorable way, especially since previous research(e.g. Levy and
Fein, 1998) suggests that necessary quantitative comparisons might create
barriers to the use of nutritional information for many consumers. While our
empirical design aims to incorporate previous �ndings in the literature on
consumer response to labeling information, it is to our knowledge the �rst
study that provides direct tests and speci�cally focuses oninformation costs
in a market setting.

Estimations of average treatment e�ects of our labeling intervention are
based on di�erence-in-di�erences and triple-di�erence approaches identi�ed
by random treatment assignment, and a cross-sectional and time-series con-
trol structure. In addition, we draw inference about the e�ect of our labeling
treatments on product sales in a synthetic control method approach. Our
analysis suggests that consumer purchases are a�ected by the implemented
labels. In particular, our results seem consistent with information costs pre-
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venting some consumers from incorporating nutritional information into their
purchasing decisions under currently implemented labels.To summarize the
main �ndings:

1. A shelf label ofno trans fat{a claim already advertised on some of the
products, and required to be displayed on the NFP{signi�cantly increases
sales of targeted products.

2. A shelf label oflow fat signi�cantly reduces quantity sales of targeted
products in some treatments.

3. While correlated, alow calorielabel does not result in the same e�ect,
and signi�cantly increases sales of treated products in aggregated regression
speci�cations.

Especially with regard to theno trans fat treatment, we are merely re-
peating information that was already available. The e�ect for this treatment
would be purely attributable to presenting information in amore standard-
ized matter. In addition, we �nd only very limited evidence that consumers
make inferences about unlabeled products and their relatively inferior nutri-
tional quality, further supporting our hypothesis regarding the importance
of information costs. Finally, a combination of several claims in one label
treatment does not signi�cantly alter purchases, even if the portrayed nutri-
ents a�ected sales positively in single treatments. These results are further
supported by the graphical analyses within the synthetic control method
approach. This approach also suggests that the biggest impact is observed
right after the implementation, with e�ect dissipating aft er the treatment
period for the low calorie and low fat treatment. For the no trans fat treat-
ment, the treatment e�ect seems to persist even after the treatment period.
Overall, our results are consistent with our hypothesis derived in the theo-
retical model that consumers may not fully optimize their purchase decision
regarding nutritional content under implemented nutritional labels.

The divergent e�ect of low fat versuslow calorie labels further highlights
an additional challenge with regards to promoting healthier food choices in
this context. Consumer response to nutritional labeling may be in
uenced
by consumers taste perceptions. Our results suggest that for microwave pop-
corn, possibly perceived tradeo�s between taste and choosing healthier prod-
uct alternatives might be stronger when focusing on fat content rather than
calorie content. Previous studies have also found that perceptions of inferior
taste of low fat snacks might prevent consumer from following through with
their intentions of choosing healthier product alternatives (e.g. French et
al., 1999). Previous research has also found that consumersare less likely
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to incorporate nutritional information into their product choice for products
viewed as treats (Grunert and Wills, 2007). Microwave popcorn might be
viewed as a treat rather than a snack when buying it for a movienight and
consumers might therefore be particularly reluctant to substitute away from
\movie theater butter 
avor" to a low fat alternative. An additionally esti-
mated decrease in overall category sales might indicate that while consumers
might not adjust or substitute their product choice, they might reduce their
quantity purchased, or substitute to alternative product categories.

As the FDA is currently considering a change to the format andcontent
of food nutrition labels to promote increased label use, this analysis has im-
portant policy implications. A focus on calorie content only, and provision of
categorical statements in addition to detailed quantitative statements might
enable more consumers to incorporate this information intotheir purchasing
choices. This change might be particularly desirable as calorie content is
the most relevant nutrient in relation to weight gain and obesity prevention
(CDC 2008). A focus onlow-fat claims as promoted by the World Health Or-
ganization on the other hand might trigger strong negative taste perceptions
in some consumers. And �nally, insights from the U. S. experience might
also be helpful to policy makers in other countries, as European Union and
Australian authorities are currently reviewing a proposalfor mandatory nu-
tritional labeling in order to help consumers make informeddietary choices.

The possible additional e�ect of information provision on consumer pref-
erences is not incorporated into our theoretical frameworkat this point. We
would like to extent the currently static model into a dynamic setting that
allows consumers to update their beliefs about the nutritional quality of the
product, as well as possible perceived tradeo�s between taste and health at-
tributes. In order to extend our reduced-form approach to a more structural
approach that allows us to discuss welfare implications, weare also currently
pursuing an additional data request for individual-level data. Using a discrete
choice framework for instance, we can build on recent developments in the lit-
erature that allow estimating welfare equations based on marginal treatment
e�ects rather than fully identifying a structural model (see Chetty 2008 for
a review of these recent approaches combining advantages ofreduced-form
strategies and structural models). This additional data would further allow
us to investigate consumer behavior over time, e�ects on overall purchases,
as well as possible substitution e�ects to alternative products that were not
labeled.

We would also like to extend our experimental design. The analyzed
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product category and implemented labels serve as a pilot study in this re-
gard. The e�ect of FDA approval on other nutrients such as thelow calorie
labels could be a potentially interesting extension, as we can only draw lim-
ited inference due to the negative e�ect oflow fat treatments in this regard.
Increasing the sample size of treated stores or an extended intervention by
targeting several product categories might overcome our statistical power
limitations. And �nally, analyzing several product categories might provide
valuable insight into di�erences of consumers willingnessto incorporate nutri-
tional information depending on classi�cations of products as treats, snacks,
and essentials.

Labeling regulations under the Nutritional Labeling and Education Act
have been implemented for over a decade, yet obesity rates keep rising. The
results presented in this paper adds important insight on how nutritional
shelf labeling a�ects purchase decisions to the literature.
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9 Figures and Tables

Figure 1: Observed variation in serving size across products in treated cate-
gory
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Figure 2: Observed variation in calories per serving acrossproducts in treated
category

Figure 3: Observed variation in fat content per servings across products in
treated category
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Figure 4: Observed variation in trans fat content per servings across products
in treated category

Figure 5: Initially proposed labels (illustrated for the calorie treatment)
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Note: Individual low calorie, and no trans fat labels as well as combinedlow
calorie/no trans fat and low fat/ no trans fat labels are not shown

Figure 6: Implemented labels

Figure 7: Implementation of shelf labels
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Figure 8: Trends in total sales of low calorie labeled products: Treatment vs.
synthetic control store

Figure 9: Di�erences and placebo di�erences in sales of labeled low calorie
products

45



Figure 10: Trends in total sales of low fat labeled products:Treatment vs.
synthetic control store

Figure 11: Di�erences and placebo di�erences in sales of labeled low fat
products
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Figure 12: Trends in total sales of no trans fat labeled products: Treatment
vs. synthetic control store

Figure 13: Di�erences and placebo di�erences in sales of labeled no trans fat
products
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Descriptive statistics : Treatments

A. Treatments
1 low calorie label
2 low fat label
3 low fat label and FDA disclaimer
4 low calorie and low fat label
5 low calorie, low fat, and low trans fat label

B. Treatment Characteristics
treatment stores control stores

1 2 3 4 5 1 2 3 4 5
Low Calorie Labels 22 - - 5 1 21.83 (2.04) - - 4.71 (0.59) 1 ( .031 )
Low Fat Labels - 21 - 4 1 - 21.01 (1.94) - 3.91 (0.39) 0.971 (.167 )
Low Fat/FDA Labels - - 15 - - - - 21.01 (1.94) - -
No Trans fat Labels - - - - 12 - - - - 15.22 (1.19)
Low Calorie/Low Fat Labels - - - 12 2 - - - 17.11 (1.67) 1.86 (0.3 4)
Low Calorie/No Trans fat Labels - - - - 3 - - - - 2.90 (0.52)
Low Fat/ No Trans fat Labels - - - - 3 - - - - 3.74 (0.52)
Low Calorie/Low Fat//No Trans fat Labels - - - - 16 - - - - 15.24 ( 1.51)

Total Labels 22 21 15 21 38 21.83 (2.04) 21.01 (1.94) 21.01 (1.94) 24.92 (2.25) 40.99 (3.19)

Note: For the control stores, we report the mean number of pro ducts that would have been treated as well as the standard dev iation in parenthesis.

Table 1: Descriptive statistics for labeling treatment
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Descriptive Statistics: Grocery Stores

Treatment Stores Control Stores

A. Store Characteristics 1 2 3 4 5 Mean Std. Dev. Min Max

Total Floor Space 30440 27178 19348 26425 30168 26983.07 8008.21 16530 43639
Opening Year 1984 1970 1975 1978 1986 1981.63 12.82 1954 1999
Mean Weekly Category Revenue ($) 116.18 167.47 137.78 344.69 295.27 196.72 76.35 44 411
Mean Weekly Product Revenue ($) 11.32 9.71 11.33 16.97 15.00 11.32 9.18 1 112.58
Mean Weekly Product Quantity 4.19 3.63 4.20 6.14 5.44 4.19 4. 34 1 44
Mean Number of Products (by week) 39.8 47.6 26.36 56.47 54.34 44.94 8.28 19 60

B. Zip Code Characteristics

Population 36190 72702 14075 36190 19790 48979.48 21091.66 15809 98215
Median Income 41002 49452 50300 41002 57214 41908.11 11098.97 21893 69614
Mean Household Size 2.85 3.22 2.6 2.85 2.85 2.83 0.55 1.63 3.69
Percent White 0.59 0.41 0.49 0.59 0.52 0.51 0.17 0.16 0.84

Table 2: Descriptive statistics for store characteristics
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Summary Statistics: Regression variables

variables Obs Mean Std. Dev. Min Max

quantity 18,785 4.3853 4.3270 1 49
log quantity 18,785 1.1015 0.8564 0 3.8918
price 18,785 3.1959 1.5239 0.332 7.29
product 18,785 33.6023 19.8040 1 68
brand 18,785 2.5577 1.6855 1 9
store 18,785 16.9638 9.1300 1 32
week 18,785 200742.5 3.9878 200736 200749
treatment week 18,785 0.2970 0.4570 0 1

labeled products 18,785 0.6386 0.4804 0 1
labeled products (low cal) 18,785 0.3467 0.4759 0 1
labeled products (low fat) 18,785 0.3316 0.4708 0 1
labeled products (low cal/low fat) 18,785 0.4092 0.4917 0 1
labeled products (low cal/low fat/ no trans fat) 18,785 0.63 86 0.4804 0 1

treatment 1 (low cal) 18,785 0.0041 0.0639 0 1
treatment 2 (low fat) 18,785 0.0073 0.0849 0 1
treatment 3 (low fat, FDA) 18,785 0.0029 0.0535 0 1
treatment 4 18,785 0.0034 0.0578 0 1
treatment 4 (low cal) 18,785 0.0007 0.0273 0 1
treatment 4 (low fat) 18,785 0.0005 0.0231 0 1
treatment 4 (low cal/low fat) 18,785 0.0019 0.0434 0 1
treatment 5 18,785 0.0071 0.0842 0 1
treatment 5 (low cal) 18,785 0.0005 0.0217 0 1
treatment 5 (low fat) 18,785 0.0005 0.0232 0 1
treatment 5 (no trans fat) 18,785 0.0024 0.0492 0 1
treatment 5 (low cal/low fat) 18,785 0.0004 0.0206 0 1
treatment 5 (low cal/no trans fat) 18,785 0.0005 0.0231 0 1
treatment 5 (low fat/no trans fat) 18,785 0.0005 0.0219 0 1
treatment 5 (low cal/low fat/no trans fat 18,785 0.0030 0.05 45 0 1

manufacture claims:
organic claim 18,785 0.0472 0.2120 0 1
low cal claim 18,785 0.1619 0.3684 0 1
low fat claim 18,785 0.2417 0.4281 0 1
no trans fat claim 18,785 0.4609 0.4985 0 1
whole grain claim 18,785 0.3541 0.4783 0 1

pink ribbon (treatment store 2) 18,785 0.0020 0.0449 0 1
pink ribbon (treatment store 4) 18,785 0.0062 0.0783 0 1
pink ribbon (treatment store 5) 18,785 0.0007 0.0273 0 1

Table 3: Summary statistics for variables included in the regression analysis
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Average Treatment E�ect on Treated (Di�erences-in-Di�ere nces)

dependent variable: (log) quantity microwave popcorn (by week, by store)

independent variables: 1 2 3 4 5 6

treated stores * treatd weeks -0.030 -0.029 -0.031 -0.030 -0.028 -0.031
(treatment e�ect) 0.035 0.034 0.034 0.033 0.032 0.032
treated stores 0.119 ** 0.142 *** 0.143 *** 0.139 *** -0.329 *** -0.327 ***

0.052 0.045 0.043 0.040 0.121 0.120
treated weeks 0.042 *** -0.017 -0.016 -0.021 -0.027 -0.026

0.015 0.014 0.014 0.014 0.013 0.031
price - -0.248 *** -0.242 *** -0.266 *** -0.286 *** -0.282 ***

0.009 0.009 0.010 0.008 0.008
organic claim - - -0.160 ** -0.726 *** -0.857 *** -0.863 ***

0.064 0.108 0.061 0.062
low calorie claim - - -0.038 0.020 0.142 *** 0.131 ***

0.037 0.040 0.037 0.037
low fat claim - - -0.111 *** -0.004 -0.003 -0.016

0.031 0.036 0.059 0.059
no trans fat claim - - 0.274 *** 0.038 -0.009 -0.009

0.046 0.071 0.030 0.030
whole grain claim - - -0.102 ** -0.091 -0.083 ** -0.088 **

0.048 0.058 0.038 0.038

brand �xed e�ects no no no yes yes yes

store �xed e�ects no no no no yes yes

week �xed e�ects no no no no no yes

Number of observations 11997 11997 11997 11997 11997 11997

R2 0.003 0.184 0.206 0.229 0.332 0.34

Note: Robust and clustered standard errors at product-store level) are reported and *, **, ***
denote statistical signi�cance at the 10%, 5% and 1% signi�cance level.

Table 4: Regression results for pooled average treatment e�ects on labeled products
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Store-Speci�c Average Treatment E�ect on Treated (Di�eren ces-in-Di�erences)

dependent variable: (log) quantity microwave popcorn (by week, by store)

independent variables: Low calorie Low fat Low fat (FDA) Low cal/fat Low cal/fat/tra ns fat

treat store*treated weeks 0.086 -0.101 -0.284 *** -0.155 * 0.004
(treatment e�ect) 0.083 0.085 0.095 0.089 0.068
treated weeks 0.020 * 0.127 *** -0.010 -0.018 0.060 *

0.044 0.044 0.043 0.040 0.031
price -0.249 *** -0.278 *** -0.283 *** -0.264 *** -0.282 ***

0.010 0.010 0.010 0.009 0.009
organic claim 0.011 0.002 0.027 0.020 -0.803 ***

0.082 0.077 0.081 0.080 0.064
low calorie claim 0.135 ** 0.114 *** 0.108 *** 0.197 ** 0.111 ***

0.052 0.041 0.041 0.042 0.039
low fat claim -0.008 0.198 *** 0.215 *** 0.062 * -0.050

0.068 0.035 0.036 0.063 0.066
no trans fat claim -0.219 *** -0.439 *** -0.231 *** -0.176 ** - 0.004 **

0.040 0.067 0.056 0.036 0.032
whole grain claim 0.035 0.236 *** - 0.053 * -0.087 ***

0.036 0.067 0.035 0.039
pink ribbon - - - 0.179 * 0.520 *

0.097 0.074
brand, store, week �xed e�ects yes yes yes yes yes

Number of observations 5768 5434 5381 6663 9810

R2 0.331 0.305 0.335 0.332 0.339

Note: Robust and clustered standard errors (at product-store level) are reported and *, **, *** denote
statistical signi�cance at the 10%, 5% and 1% signi�cance level.

Table 5: Regression results for treatment speci�c average treatment e�ects on labeled products
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Di�erentiated Average Treatment E�ect on Treated (Di�eren ces-in-Di�erences)

dependent variable: (log) quantity microwave popcorn (by w eek, by store)

independent variables: low cal/fat low cal/fat/trans fat

interacted treatment e�ects
low calorie -0.168 -

0.104
low fat -0.275 * -

0.160
no trans fat - 0.230 *

0.135
low cal/fat -0.126 -0.333

0.106 0.328
low cal/trans fat -0.319 *

- 0.179
low fat/trans fat -0.246

0.279
low cal/fat/trans fat - 0.009

0.110
treated weeks -0.023 0.065 **

0.040 0.031
price -0.268 *** -0.280 ***

0.010 0.009
organic claim -0.029 -0.800 ***

0.077 0.064
low calorie claim 0.107 *** 0.104 ***

0.031 0.040
low fat claim 0.135 *** -0.059

0.032 0.066
no trans fat claim -0.344 *** -0.005

0.088 0.032
whole grain claim 0.186 *** -0.083 **

0.062 0.040
pink ribbon 0.196 ** 0.465 ***

0.091 0.085
brand, store, week �xed e�ects yes yes

Number of observations 6663 9810

R2 0.331 0.336

Note: Robust and clustered standard errors (at product-sto re level) are reported
and *, **, *** denote statistical signi�cance at the 10%, 5% a nd 1%
signi�cance level.

Table 6: Regression results for di�erentiated average treatment e�ects of
labeled products
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Average Treatment E�ect on Untreated (Di�erences-in-Di�e rences)

dependent variable: (log) quantity microwave popcorn (by w eek, by store)

independent variables: pooled labels low calorie low fat low fat (FDA) low cal/fat lo w cal/fat/trans fat

treated stores*treated weeks 0.150 0.066 0.022 0.162 ** 0.0 48 0.079
(treatment e�ect) 0.135 0.070 0.056 0.068 0.060 0.096
treated weeks -0.002 0.008 -0.09 *** 0.004 0.031 -0.077

0.042 0.032 0.034 0.032 0.034 0.050
price -0.244 *** -0.262 *** -0.253 *** -0.252 *** -0.252 *** -0.255 ***

0.010 0.009 0.009 0.009 0.009 0.011
organic claim - -0.872 *** -0.592 -0.584 *** -0.515 -

0.103 0.101 0.101 0.146
low calorie claim - -0.256 *** -0.349 *** -0.358 *** - -

0.083 0.044 0.046
low fat claim - 0.110 - - - -

0.080
no trans fat claim - -0.062 0.229 *** 0.220 *** 0.285 -

0.079 0.079 0.079 0.132
whole grain claim - -0.094 -0.106 -0.106 -0.110 -

0.065 0.067 0.067 0.067
pink ribbon - - -0.201 - -0.069 -

0.172 0.176
brand, store, week �xed e�ects yes yes yes yes yes
Number of observations 6788 10752 10968 10744 9632 5447
R2 0.374 0.352 0.360 0.360 0.347 0.385

Note: Robust and clustered standard errors (at product-sto re level) are reported and *, **, *** denote statistical sign i�cance at the 10%, 5% and
1% signi�cance level.

Table 7: Regression results for average treatment e�ects ofunlabeled products
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Triple Di�erence for Store-Speci�c Average Treatment E�ec ts

dependent variable: (log) quantity microwave popcorn (by w eek, by store)

independent variables: pooled labels low calorie low fat low fat (FDA) low cal/fat lo w cal/fat/trans fat

label*treated store*weeks -0.075 0.178 -0.038 -0.428 *** - 0.060 0.030
(treatment e�ect) 0.054 0.134 0.101 0.133 0.127 0.092
treated weeks*label 0.065 *** -0.020 0.026 0.026 * 0.031 0.0 51

0.023 0.025 0.024 0.024 0.024 0.026
treated weeks*treated store 0.050 0.008 -0.004 0.165 ** -0. 005 0.139

0.043 0.074 0.056 0.064 0.062 0.084
treated store*label 0.070 -0.114 -0.001 0.028 0.038 0.018

0.057 0.123 0.090 0.125 0.139 0.062
label -0.291 *** -0.171 *** -0.255 *** -0.261 ** -0.218 *** -0.292 * **

0.029 0.026 0.026 0.025 0.024 0.031
treated weeks 0.005 -0.029 -0.065 ** -0.063 -0.071 * -0.078 * *

0.029 0.020 0.032 0.032 0.032 0.032
price -0.260 *** -0.265 *** -0.262 *** -0.266 *** -0.260 *** -0.265 ***

0.007 0.007 0.007 0.007 0.007 0.007
organic claim -0.662 *** -0.994 *** -0.941 *** -1.002 *** -0. 974 *** -0.610 ***

0.084 0.088 0.066 0.088 0.089 0.087
low calorie claim -0.091 *** -0.178 *** -0.218 *** -0.186 *** -0.106 *** -0.090 **

0.029 0.030 0.039 0.030 0.030 0.031
low fat claim 0.030 0.144 *** -0.019 0.155 *** 0.108 *** 0.036

0.025 0.031 0.052 0.031 0.029 0.027
no trans fat claim 0.125 ** -0.143 * -0.109 *** -0.165 *** -0.1 43 ** 0.011

0.055 0.061 0.037 0.061 0.061 0.033
whole grain claim -0.154 *** -0.013 -0.026 -0.011 -0.045 -0. 157 ***

0.047 0.052 0.042 0.052 0.050 0.048
pink ribbon - - -0.180 -0.041 0.540 ***

0.175 0.171 0.067
brand, store, week �xed e�ects yes yes yes yes yes yes

Number of observations 18785 16520 16402 16125 16295 15591

R2 0.340 0.332 0.32 0.324 0.337 0.340

Note: Robust and clustered standard errors (at product-sto re level) are reported and *, **, *** denote statistical sign i�cance at the 10%, 5% and
1% signi�cance level.

Table 8: Regression results for triple di�erence speci�cations
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Triple Di�erence: Di�erentiated Average Treatment E�ects

dependent variable: (log) quantity microwave popcorn (by w eek, by store)

independent variables: low cal/fat low cal/fat/trans fat

interacted treatment e�ects
low calorie -0.127

0.130
low fat -0.188

0.160
no trans fat 0.168

0.142
low cal/fat -0.100 -0.371

0.156 0.331
low cal/trans fat -0.348 *

0.184
low fat/trans fat -0.353

0.329
low cal/fat/trans fat -0.049

0.129
treated weeks*label 0.085 *** 0.061

0.022 0.060
treated weeks*treated store 0.020 0.055

0.062 0.069
treated store*label 0.052 0.236 ***

0.140 0.071
label -0.226 *** -0.241 **

0.029 0.117
treated weeks -0.086 *** 0.002

0.030 0.067
price -0.258 *** -0.267 ***

0.007 0.026
organic claim -0.930 *** -0.745 ***

0.066 0.065
low calorie claim -0.118 *** -0.131

0.048 0.168
low fat claim -0.032 -0.026

0.053 0.151
no trans fat claim -0.112 ** 0.010

0.036 0.095
whole grain claim -0.057 -0.097

0.038 0.146
pink ribbon -0.047 0.450 ***

0.171 0.108
brand, store, week �xed e�ects yes yes

Number of observations 16295 16491

R2 0.344 0.337

Note: Robust and clustered standard errors (at product-sto re level) are
reported and *, **, *** denote statistical signi�cance at th e 10%, 5% and 1%
signi�cance level.

Table 9: Regression results for di�erentiated triple di�erence speci�cations
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Triple Di�erence for Store-Speci�c Average Treatment E�ec ts
(aggregated by treatment and pre-treatment period)

dependent variable: (log) quantity microwave popcorn (by 4 weeks, by store)

independent variables: pooled labels low calorie low fat low fat (FDA) low cal/fat lo w cal/fat/trans fat

label*treated store*period -0.128 0.289 ** -0.166 -0.426 * 0.024 0.043
(treatment e�ect) 0.088 0.125 0.179 0.224 0.141 0.102
treatment period*label 0.130 ** -0.014 0.055 0.053 0.063 0.111 ***

0.040 0.037 0.037 0.037 0.037 0.037
treatment period*treated store 0.035 -0.107 ** -0.051 0.05 3 -0.052 -0.080

0.067 0.053 0.053 0.037 0.054 0.057
treated store*label 0.009 -0.131 * -0.086 -0.075 -0.102 -0.051

0.079 0.072 0.073 0.072 * 0.075 0.074
label -0.449 *** -0.266 *** -0.389 *** -0.398 *** -0.346 *** -0.433 ***

0.049 0.037 0.037 0.037 0.035 0.049
treatment period -0.076 ** 0.020 -0.028 -0.026 -0.033 * -0.062 **

0.032 0.031 0.030 0.030 0.030 0.031
price (average across 4 weeks) -0.267 *** -0.267 *** -0.273 * ** -0.273 *** -0.269 *** -0.266 ***

0.011 0.011 0.011 0.011 0.011 0.011
organic claim -0.788 *** -1.210 *** -1.359 *** -1.364 *** -1.347 *** -0.796 **

0.127 0.128 0.131 0.129 0.130 0.127
low calorie claim -0.159 *** -0.180 *** -0.306 *** -0.313 *** -0.184 *** -0.164 **

0.045 0.045 0.045 0.045 0.045 0.046
low fat claim 0.102 *** 0.189 ** 0.284 *** 0.297 *** 0.231 *** 0.109 ***

0.037 0.041 0.044 0.044 0.041 0.037
no trans fat claim 0.258 *** -0.061 *** -0.145 * -0.160 * -0.137 0.231 ***

0.081 0.083 0.084 0.084 0.084 0.082
whole grain claim -0.212 *** -0.102 0.002 0.008 -0.042 0.082 ***

0.066 0.067 0.070 0.070 0.067 0.068

brand and store �xed e�ects yes yes yes yes yes yes

Number of observations 4000 3856 3843 3835 3840 3854

R2 0.440 0.437 0.445 0.446 0.443 0.439

Note: Robust and clustered standard errors (at product-sto re level) are reported and *, **, *** denote
statistical signi�cance at the 10%, 5% and 1% signi�cance le vel.

Table 10: Regression results for triple di�erence speci�cations aggregated across treatment period

57



Di�erentiated Average Treatment E�ect on Treated (Di�eren ces-in-Di�erences)

dependent variable: (log) quantity microwave popcorn (by w eek, by store)

independent variables: low cal/fat low cal/fat/trans fat

interacted treatment e�ects
low calorie -0.168 -

0.104
low fat -0.275 * -

0.160
no trans fat - 0.230 *

0.135
low cal/fat -0.126 -0.333

0.106 0.328
low cal/trans fat -0.319 *

- 0.179
low fat/trans fat -0.246

0.279
low cal/fat/trans fat - 0.009

0.110
treated weeks -0.023 0.065 **

0.040 0.031
price -0.268 *** -0.280 ***

0.010 0.009
organic claim -0.029 -0.800 ***

0.077 0.064
low calorie claim 0.107 *** 0.104 ***

0.031 0.040
low fat claim 0.135 *** -0.059

0.032 0.066
no trans fat claim -0.344 *** -0.005

0.088 0.032
whole grain claim 0.186 *** -0.083 **

0.062 0.040
pink ribbon 0.196 ** 0.465 ***

0.091 0.085
brand, store, week �xed e�ects yes yes

Number of observations 6663 9810

R2 0.331 0.336

Note: Robust and clustered standard errors (at product-sto re level) are reported
and *, **, *** denote statistical signi�cance at the 10%, 5% a nd 1%signi�cance level.

Table 11: Regression results for di�erentiated triple di�erence speci�cations
aggregated across treatment period
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Descriptive Statistics: Treatment Store and Synthetic Con trol Store (low cal treatment)

A. Store Characteristics Treatment store /Synthetic control store

Sales of labeled products (week 36) 82 92.945 85.425
Sales of labeled products (week 39) 70 89.661 80.995
Sales of labeled products (week 40) 92 98.984 94.682
Total Floor Space 26425 32501.19 28512.52
Mean Weekly Category Sales 354 272.34 279.75
Mean Number of Products (by week) 56.60 52.36 52.81
Mean Price of Treated Products 3.76 3.50 3.74
Mean Total Treatment Sales 17 19.37 17.03

B. Zip Code Characteristics

Population 36190 43016.67 -
Median Rent 751 732.8 -
Median Income 41002 47792.8 -
Median House Value 156300 223886.8 -
Number of Households 12660 17127.41 -
Number of Family Households 7899 9977.75 -
Percent White 0.592 0.638 -
Percent Black 0.042 0.059 -
Percent Indian 0.009 0.006 -
Percent Asian 0.076 0.137 -
Percent Hispanic 0.395 0.221 -
Percent 65 years+ 0.086 0.106 -

Table 12: Predictor Means for Low Calorie Label Treatment
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Synthetic control method: Weights for synthetic control st ores (by treatment)

A. Treatments
low calorie label

low fat label
no trans fat label

Weights (by treatment )
low calorie low fat no trans fat

B. Control stores
1 0 0 0.037
2 0 0.248 0
3 0 0 0.188
4 0 0 0
5 0 0 0
6 0 0 0
7 0 0 0
8 0 0 0
9 0.257 0 0.378
10 0 0 0
11 0 0 0
12 0 0.392 0
13 0.743 0 0.066
14 0 0 0
15 0 0 0
16 0 0 0
17 0 0 0
18 0 0 0
20 0 0.125 0
21 0 0 0
22 0 0 0
23 0 0 0
24 0 0.062 0
25 0 0 0
26 0 0 0.332
27 0 0.173 0

Table 13: Store Weights in Single Synthetic Control Stores
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Results for synthetic control method
(Di�erence in sales treatment vs. control)

Weeks Sales by Treatment/synthetic Control
low calorie low fat no trans fat

200736 -3.425 -0.15 -9.813
200737 -3.911 -6.879 16.945
200738 9.832 12.015 17.122
200739 -10.995 13.12 3.8
200740 -2.682 6.364 22.919
200741 -1.257 -6.507 -18.918
200742 18.659 -27.268 11.981
200743 3.262 -3.569 -3.28
200744 7.972 -2.4 -7.305
200745 3.313 5.933 48.297
200746 -3.453 -1.898 7.358
200747 20.659 -4.505 16.417
200748 -12.832 -1.693 21.862
200749 25.402 -0.298 30.052

Note: Treatment weeks are in bold font.

Table 14: Di�erences in Total Sales of Treatment vs. Synthetic Control Store
by Label Treatment
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