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Abstract

Summary shelf nutrition labels are one of a handful practical strategies that hold the
promise for improving nutrition and public health. We use a difference-in-differences
approach to estimate the effect of the NuVal shelf label-an interpretive numeric score
that rates the overall nutrition of foods from 1 (least healthful) to 100 (most healthful)—
on consumer demand for yogurt. The results indicate that NuVal labels affect product
sales through an information provision effect that increases with the value of the nutri-
tion score on the product and a publicity (i.e., salience) effect that is unrelated to the
level of the score. A one-point increase in NuVal score on a yogurt product is estimated
to increase demand by 0.23%.
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1 Introduction

Information disclosure is an important part of U.S. nutrition policy. Prominent examples
include the Nutrition Labeling and Education Act (NLEA) of 1990 mandating standardized
Nutrition Facts labels on most packaged foods by 1994 and the required disclosure of trans
fat content on Nutrition Facts labels by 2006. These labeling regulations would be most
effective if people choose healthier products because they see, read, and understand the often
lengthy nutrition facts hidden on the back or side of the package. However, for an average
consumer who makes over 200 daily food decisions (Wansink and Sobal, 2007), reviewing
and processing all of this labeling information may be challenging. In fact, over the decade
following NLEA’s full implementation, consumer use of most nutrition labels had declined
(Todd and Variyam, 2008). The obesity epidemic that has escalated post-NLEA and other
health concerns associated with unhealthy food choices motivated the search for more effective
labeling strategies that supplement the Nutrition Facts label.

In 2011, the Institute of Medicine’s (IOM’s) Committee on Examination of Front-of-
Package Nutrition Rating Systems and Symbols recommended the development of a summary
multiple-level nutrition symbol that goes on the fronts of packages and provides a clear
ranking of the healthfulness of the labeled product (IOM, 2012). The IOM report encourages
food labeling policy to shift from the current approach of providing more nutrition facts to
an interpretive one that provides simple, direct, and science-based guidance to consumers on
the nutritional quality of the product.

Shelf nutrition labels are a tool that provides summary information on the overall nutrition
quality of a food product. They provide nutrition cues to shoppers and may be effective in
promoting healthy food choices at the point of purchase. These summary labels offer one of
a small handful of practical policy tools to influence consumer nutrition behavior associated
with obesity and diet-related noncommunicable diseases. There are two major summary shelf
nutrition label systems in the U.S.: Guiding Stars (a four-point system introduced in 2006)
and NuVal (a 1 to 100 numeric system introduced in 2008). As of August 2017, 16 chain

grocers had NuVal shelf labels in their stores compared with 5 retail chains using Guiding



Stars.

Research examining the impacts of summary multiple-level nutrition labels, the type IOM
recommends, on actual food purchases is scarce. U.S. studies largely focus on Guiding Stars,
which has shown some effect at encouraging sales of more healthful products relative to less
healthful products (Sutherland, Kaley and Fischer, 2010; Rahkovsky et al., 2013; Cawley et
al., 2014). However, because Guiding Stars only classifies foods into one of four categories
(zero to three stars) (Fisher et al., 2011), consumers are unable to identify and switch to
products that may be on the healthier end within a star category. Moreover, foods that do
not earn at least one star are not labeled at the point of purchase. This raises two concerns.
First, consumers are unable to distinguish rated zero-star products from unrated products.
Second, consumers may not deduce the lower nutrition of unlabeled zero-star products by
observing labeled healthier products that have one to three stars.!

In the United States, there is a proliferation of front-of-package (FOP) label systems
developed by food industry that either enhance nutrition facts disclosure or feature certain
healthier products. Prominent examples include the Facts Up Front label developed by the
Grocery Manufacturers Association and Food Marketing Institute and Walmart’s Great For
You label. The Facts Up Front label makes information on select nutrients in the Nutrition
Facts label more salient on the front of the package, while the Great For You label appears on
Walmart’s healthier private-label products. There is concern, as was the case in the United
Kingdom (Hersey et al., 2013), that the different FOP label systems could confuse consumers
and mitigate their potential effectiveness. One can argue that these FOP labels may not be
more effective than the Nutrition Facts label because interpreting the disclosed information

is as difficult (e.g., Facts Up Front)? or only healthier products are labeled (e.g., Great For

'Mathios (2000) examined pre- and post-NLEA salad dressing sales. Before NLEA, the majority of higher-
fat dressings did not have nutrition label, while most low-fat dressings did in order to voluntarily disclose the
positive attribute of low fat content. The author found sales of the highest-fat brands declined significantly
post-NLEA. This indicates that consumers did not fully infer the high fat content of unlabeled dressings by

observing low-fat dressings that were labeled.
2For example, in a randomized controlled trial involving 11,981 French participants, Ducrot et al. (2016)



You).

By contrast, NuVal ranks and labels both healthier and less healthy products. It scores
foods on a scale from 1 (least healthy) to 100 (healthiest) derived from the Overall Nutritional
Quality Index (ONQI) algorithm that profiles the content of 21 nutrients and the quality of
four nutrition factors (Katz et al., 2007). The algorithm penalizes nutrients (e.g., saturated
fat, sodium, and sugar) and nutrition factors generally considered to have unfavorable health
effects and rewards those (e.g., fiber, potassium) that are beneficial to health. Consequently,
the higher the NuVal score, the healthier the food. Unlike the 4-point Guiding Stars program,
this level of granularity in NuVal score provides an easy cue for consumers to identify health-
ier products even when the differences may be small. Yet, small differences compounded
over repeat shopping trips can result in significant health effects. A typical NuVal label is
integrated into the shelf price tag (see figure 1). This design has the benefit of making the
NuVal score visually accessible for price conscious shoppers.

The ONQI algorithm that underlies NuVal was developed by an expert panel independent
of food industry interests (Katz et al. 2010). To test the external validity of ONQI, Chiuve et
al. (2011) used ONQI to score the diet quality of over 100,000 men and women who started
as healthy individuals in two longitudinal surveys spanning more than 20 years. The authors
found that baseline diets that were scored lower by the ONQI algorithm are significantly
associated with higher risks of chronic disease later in the surveys. In sum, the NuVal shelf
label represents a validated summary expert opinion on the healthfulness of the food product.

The objective of this paper is to evaluate the effectiveness of NuVal shelf labels in pro-
moting healthier purchases. Using a supermarket’s voluntary adoption of NuVal labels as
a quasi-experimental design, we compare changes in the sales of yogurt products pre- and
post-adoption in the adopting supermarket to those of the same products in other stores that
did not have NuVal labels while controlling for product, store, time fixed effects as well as

store-specific time trends. This difference-in-differences (DID) approach allows us to obtain

found the Guideline Daily Amounts label-the French counterpart of Facts Up Front label-to have no effect on

the nutrition quality of food purchases, while other three interpretive labels led to lower calories purchased.



a relatively clean estimate on the effect of the NuVal score on consumer demand.

We find that posting the NuVal score increases yogurt sales and the effect is larger for
products with higher scores. This indicates that consumers respond positively to the nutrition
cues provided by the NuVal score. There is also evidence for a publicity (i.e., salience) effect
of the shelf label as sales of lower-scoring yogurts also increased, although to a lesser degree
than yogurts with higher scores. If there were no publicity effect, we would expect sales
of lower-scoring products to decrease because lower NuVal scores point to lower nutritional
value. Therefore, the shelf nutrition label may have made labeled products more salient and
consumers to perceive even products labeled with low scores as healthier than the unlabeled
ones. These findings are robust to several specification checks. We also considered but refuted
an alternative explanation for the results.

The remainder of the paper is organized as follows. The next section describes the NuVal
and scanner data. Our empirical strategy is detailed in Section 3. Section 4 presents and

discusses the results and the final section concludes.

2 Data

This section describes the data used in the subsequent empirical analysis. NuVal scores at
the Universal Product Code (UPC) level were obtained from NuVal LLC, NuVal’s licensing
company. Due to the large number of food items sold in grocery stores, NuVal LLC scored
products in batches over time. NuVal released scores for the first batch of yogurt products in
January 2009. By August 1st, 2010, it had scored 918 yogurt products and by October 25th,
2013 (the end date for the data we have access to), it had scored 2,372 yogurt products.
From the IRI Academic Data Set (Bronnenberg et al. 2008), we obtained the retail (i.e.,
point-of-sale) scanner data for all yogurt products sold in the universe of six grocery stores
in a small town in the Midwestern United States. One of these six stores is owned by a
regional grocery chain, which adopted the NuVal label in August 2010. Among the rest, two

are owned by a local food co-op, one by another regional grocery chain and two each by a



local independent owner. None of these five stores adopted NuVal or Guiding Stars during
our sample period. Therefore, the store that adopted the NuVal label is the treatment store
and the other five stores are the control stores in our empirical analysis.

As the NuVal scores, the scanner data are at the UPC level. For each UPC, we have
information, at weekly frequency, on dollar sales and the number of units sold. We calculated
the price for each UPC by dividing dollar sales by number of units sold in that week. In
addition, the scanner data provide information on the following product characteristics for
each UPC: the manufacturer, and whether the product is organic, a Greek yogurt, soymilk-
based and/or a yogurt drink. We chose to focus on the yogurt category because it is a large
established food category with many varieties, providing enough variation in nutrition score
to identify the effects of NuVal on sales.

Because the treatment store adopted NuVal in August 2010, we define September 2010 to
December 2010 as the treatment period and April 2010 to July 2010 as the control period. As
food manufacturers constantly introduce new products and phase out older ones, we chose a
relatively small bandwidth of 4 months each for the treatment and control periods to minimize
the impact of product entry and exit on the empirical analysis. At the treatment store, 367
UPCs were sold during the treatment period, while 374 were sold during the control period.
For 155 of them, the NuVal scores were available as of August 1st, 2010 and all 155 UPCs
were sold in the treatment and control periods. Out of these 155 UPCs, 130 were sold in the
control stores during both the treatment and control periods. These 130 UPCs are therefore
the treated UPCs included in the DID model. To shed light on the differences between the
treated and untreated UPCs, Table 1 presents the summary statistics for the treated and
other UPCs in the treatment store during the control period. On average the treated UPCs
had a lower unit price and larger quantities sold.®> This may suggest that the most popular
yogurts are scored first. Also, the treated UPCs are more likely to be produced by General

Mills (owner of the Yoplait brand) and Dannon, the two leading firms in this industry, and

3 A lower unit price does not necessarily mean the product is cheaper on a per volume basis as package

sizes differ for different products.



less likely to be organic or Greek, the latter of which gained popularity after the end of our
sample period.

Our DID analysis focuses on the 130 treated UPCs defined above, comparing changes in
their sales quantities before and after the NuVal labels were adopted in the treatment store
versus those in the control stores. From Table 1, we can see that the NuVal scores for the
130 UPCs range from 23 to 100, with an average score of 51.8. Table 1 also shows that
52% of the 130 UPCs are produced by General Mills, 33% by Dannon and the rest by other
smaller manufacturers. In terms of product features, 4.6% of them are organic, 5.4% are
Greek, 3.1% are soymilk-based and 5.4% are yogurt drinks. On average, about 36 units were
sold per week for each UPC, with an average price of $1.43 per unit. There were very little
advertising and promotion activities at the stores. Only 1.22% and 0.79% of the observations
(the unit of observation is one UPC in one week in one store) come with a minor display and
a medium-size ad, respectively, and there was zero occurrence of large display or ads of other
sizes.

To examine the differences between the treatment store and the control stores, Table 2
provides summary statistics for the yogurts sold in these stores during the control period.
The table shows that the treatment store was the market leader in yogurt sales in this small
Midwestern town during our sample period. It carried 130 treated UPCs and 244 other
UPCs during the control period. The five control stores carried between 83 and 124 treated
UPCs and between 92 and 204 other UPCs. The treatment store also sold more units per
product. For the treated UPCs, it sold about 36 units per UPC per week, while the numbers
at the control stores range from 9 to 34. For other UPCs, the treatment store sold about
19 units per UPC per week, while the numbers at the control stores range from 7 to 19.
The unit prices charged by the treatment store for the treated UPCs were similar to those of
the control stores except control store 4, which carried a significantly less number of yogurt
products. The average unit price at the treatment store for the treated UPCs was $1.43,
while the unit prices at the four control stores other than control store 4 range from $1.42 to

$1.46. The average price per unit at the treatment store for other UPCs was slightly higher



than those of the control stores at $2.12, while the unit prices at the control stores range from
$1.45 to $1.89. Overall, although the treatment store was the market leader at this town, the
magnitudes of differences between the treatment store and four out of the five control stores

were not particularly large in terms of product variety, price, and sales.

2.1 Differences in Means

Before turning to the regression analysis, we first use summary statistics to examine the
NuVal treatment effect. Table 3 provides the average weekly quantity sold and price paid for
the treated UPCs before and after the NuVal labels were adopted and at both the treatment
store and the control stores. The first two columns of the table report the summary statistics
for all treated UPCs, regardless of their NuVal scores. In the treated store, the average
quantity sold for each treated UPC increased from 36.18 units to 45.00 units after the NuVal
labels were adopted. The average unit price changed very little with a slight increase of less
than 1 cent. During the same time, at the control stores, the average quantity sold for each
treated UPC decreased from 24.65 units to 19.34 units, with the average unit price decreasing
by about 3 cents. The difference in differences in the means suggests that posting NuVal
labels increased demand for the treated UPCs by 14.13 units, or about 39% of 36.18, the
average quantity sold in the treatment store before the NuVal labels were adopted.

In the remaining columns of Table 3, we investigate whether the treatment effect is
different for UPCs with higher and lower NuVal scores. Columns 3 and 4 report summary
statistics in the treatment store for the treated UPCs with scores higher than or equal to 50,
while columns 5 and 6 report the same descriptive statistics for treated UPCs with scores
lower than 50.* Table 3 illustrates that in the treated store, the increase in the average

quantity sold of the treated UPCs is driven by an increased demand for high-scoring UPCs,

4We selected the cutoff point of 50 for two reasons. First, it is close to the mean score of 51.8 for the
treated UPCs reported in Table 2. Second, as the scores are designed to range from 1 to 100, 50 would be
a natural cutoff point if consumers believe, as a rule of thumb, that UPCs with scores higher than 50 are

healthy products and those below 50 are unhealthy ones.



which increased from 51.17 units to 70.40 units. Sales of the low-scoring UPCs, however,
decreased from 21.91 to 20.83 units on average. In the control stores, high-scoring UPCs
decreased from 31.20 to 24.54, while low-scoring UPCs decreased from 17.55 to 13.59. In
terms of the difference in differences, higher-scoring UPCs had a treatment effect of an
increase of 25.89 units, whereas lower-scoring UPCs experienced an average increase of 2.88
units.

Although the differences in means results are informative, these simple comparisons do
not take into account the effects of many observed as well as unobserved factors on consumer
demand. Our empirical strategy below uses regression analysis to control for these factors

and analyze the treatment effect in a more rigorous way.

3 Empirical Strategy

We use DID regressions to examine the effect of NuVal labels on the treated UPCs, controlling
for many other observed and unobserved factors that affect consumer demand for yogurt
products. We run the following regression using data on the treated UPCs in both the

treatment and the control stores and during both the control and the treatment periods,
log Qist = By + B1Ds + By Dy + B3Ds * Dy + Bylog pise + i + 7, + 07, st + A+ €5, (1)

where log (); is the logarithm of the number of units sold in store s during week ¢ for UPC
1, Dy is a dummy variable indicating the treatment store, D; is a dummy variable indicating
the treatment period and logp;s is the log unit price for UPC ¢ in store s during week
t. «; is the time- and store-invariant UPC fixed effect controlling for unobserved product
characteristics that are likely to affect consumer demand. Among other things, it captures
the part of knowledge consumers may already have about the nutrition of product ¢ through
past experience, the Nutrition Facts label, and any voluntary FOP labels and labeling claims
that exist prior to NuVal adoption. v, is the store fixed effect controlling for the UPC- and
time-invariant store-specific factors (e.g., amenity) that may affect consumer demand. \;

is the week fixed effect controlling for store- and UPC-invariant time-specific factors (e.g.,
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seasonality) that may affect consumer demand, and e;4 is the error term. Finally, ¢ is the
time (weekly) trend variable and hence v, *t represents store-specific time trends in consumer
demand. The reason we include this term is explained in detail in the identification subsection
below. The coefficient of interest is 35, which can be interpreted as the average treatment
effect on the treated. Note that in (1), the term (3, Dy is subsumed in the store fixed effects
v, and the term (3,D; is subsumed in the time fixed effects \;. Hence, coefficient estimates
for 8, and (3, will not be reported.

Although useful for examining the average treatment effect of the NuVal label on the
treated UPCs, equation (1) does not address the extent to which the NuVal label effect is
related to new nutrition information provided by the score versus a salience effect from the
label. To distinguish between the two effects, we interact NuVal score with the treatment
indicator. If consumers consider the information embedded in the score as new and have
higher preferences for healthier yogurts, then treated UPCs with higher scores should ex-
perience a higher increase in quantity sold compared with treated UPCs with lower scores.
Alternatively, if the only effect of the NuVal label is to make the labeled product more salient,
then the treatment should have the same impact across products regardless of their NuVal
scores.

To distinguish between the two effects, we estimate the following equation

log Qi = ﬁo + 31Ds + ByDy + 53Ds x Dy +0S; % Dy x Dy

+B410g pist + i + v, + 0y, x t+ N+ st (2)

where S; is the NuVal score for UPC ¢ and log p;s is the log unit price for UPC ¢ in store s
during week t. The 6 parameter allows us to examine how the treatment effect varies with
the NuVal score. If 6 is estimated to be positive and statistically significant, then we can
conclude that the treatment effect is higher for UPCs with higher NuVal scores. Such a

finding would suggest the NuVal score contains new information valuable to consumers.



3.1 Identification

The validity of our empirical strategy above depends critically on two identification assump-
tions. First, estimation of the average treatment effect depends on the assumption that treat-
ment is independent of potential outcomes (Imbens, 2004), that is, the treatment variables
in (1) and (2) are exogenous. This is also referred to as the “common trends” assumption
in the literature, which in our context means the sales trends of the treated UPCs would be
the same in the treatment and control stores in absence of the NuVal label adoption. This
assumption would be violated if the treatment store timed when to introduce the NuVal la-
bels based on some unobserved demand factors. We believe this is a highly unlikely scenario
for two reasons. First, the decision to adopt the NuVal labels was a strategic decision made
at the retail chain level to cater more to health conscious consumers, not by the manager of
the particular treatment store. Second, even if the decision was made in response to changes
in unobserved demand factors, the response was to changes in the overall demand across all
stores owned by the chain, not to the idiosyncratic demand shocks at the treatment store.
Nonetheless, we follow Acemoglu, Autor and Lyle (2004) and Hoynes and Schanzenbach
(2009) to include interactions of pre-treatment variables with time trends in the regressions
to make this assumption more likely to hold. Specifically, we include store-specific time
trends in the regressions, following the recommendation by Angrist and Pischke (2009, pp.
239.). We will also further examine this assumption below after estimation.

Second, the price variable in demand equations (1) and (2) could potentially be endoge-
nous. Endogeneity bias could arise if stores condition on time-varying and store-specific
unobservable (to the econometrician) factors that affect demand when they set prices. How-
ever, Dube, Hitsch and Rossi (2010) argue that price variation in scanner data is mainly
across brands and only a small percentage of variation is explained by store and time ef-
fects, which are all controlled for by the UPC, store, and time fixed effects. Any remaining
endogeneity bias is likely to be trivial. Hendel and Nevo (2013) also argue that potential cor-
relation between prices and the error term is not a major concern in their demand estimation

using retail scanner data. Nonetheless, we follow Nevo (2001) and others in the literature to
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use “Hausman” type instrumental variables (Hausman, 1997). Specifically, we use average
prices for the same UPCs during the same week in nearby cities in the same Census region
as the Midwestern town as our instrument for the price variable and estimate (1) and (2)

using two-stage least squares (2SLS).

4 Results

The final sample of dataset used to estimate equations (1) and (2) come from data on the 130
treated UPCs from the 4-month control period and the 4-month treatment period at both
the treatment and control stores. The total number of observations is 23,758. The unit of
observation is one UPC in one store during one week. Definitions and the summary statistics
for the variables used in estimation are presented in Table 4. About 20% of the observations
are from the treatment store and 50% of the observations are from the treatment period. As
a result, about 10% of the observations are from the treatment store during the treatment
period.

Estimation results for equation (1) are reported in Table 5. Both the OLS and 2SLS
methods are used. Week, store and UPC fixed effects as well as store-specific time trends are
included in the regressions. The standard errors are adjusted for clustering at the both the
UPC and week levels. Therefore, the reported standard errors are robust to correlations and
heteroskedasticity among observations for the same UPC or in the same week.

As results from both methods are similar, we focus our discussion on the 2SLS results.
First, the R? is close to 0.75, indicating we have included the most relevant explanatory
variables for yogurt sales as they together explain a large fraction of the variation in the
dependent variable. Second, the first-stage F' statistic is 34.10, rejecting the hypothesis that
our instrumental variable is weak. Third, the estimated price elasticity is -2.99 and the
estimate is statistically significant. This indicates that demand for yogurts at the UPC level
is quite price-elastic. Fourth, the estimated average treatment effect on the treated is 25.16%

and statistically significant, meaning that on average, posting the NuVal label boosts sales
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of the treated UPCs at the treatment store by 25.16% relative to the control stores. This

effect is equivalent to that of a 8.44% price reduction for treated UPCs.

4.1 Heterogeneity of the Treatment Effect

To test whether the treatment effect varies across UPCs with different NuVal scores and
prices, we interact the NuVal score variable with the treatment variable. Regression results
for equation (2) are displayed in Table 6. As in Table 5, both OLS and 2SLS are used.
But before we discuss the results, we first use the estimation results to further examine
the “common trends” assumption discussed above, which is critical for the validity of our
analysis here. We do not expect the quantities sold (log Q;s;, the dependent variable in
our regressions) from the control stores and the treatment store to have a common trend,
even during the control period. This is because (1) and (2) show that consumer demand
depends on many factors such as price, unobserved store characteristics, seasonal effects and
store-specific time trends, in addition to the labeling effect we are after and these factors
are different for different stores during different weeks. However, if our model is specified
correctly and the “common trends” assumption holds, then there should be no clear different
patterns among the regression residuals for those observations from the control stores and
those from the treatment store because we have already controlled for the treatment variables
as well as other demand shifters in the regressions. By contrast, the extreme opposite case
where all the residuals for observations from the control stores are first negative and then
become positive while all the residuals for observations from the treatment store are first
positive and then become negative over time (such that the overall sum is still zero as by
construction due to one of the properties of OLS and 2SLS regressions) clearly indicates
the underlying trends are not the same, even after controlling for various demand shifters.
We use residuals from the 2SLS estimation of (2) to examine whether this is true. Figure
2a shows the time series plot of the residuals for observations from the control stores while
Figure 2b shows the same plot for observations from the treatment store. The figures do not

reveal any clear pattern differences between the two groups of residuals. All the residuals,
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for observations both from the control stores, scatter randomly around zero during all weeks,
lending support to our specification and the associated “common trends” assumption.
Again, as results from both the OLS and 2SLS are quite similar, we focus our discussion

below on the results from 2SLS. The estimated treatment effect is
0.1420 + 0.0023 * S;. (3)

Eq. (3) shows that the treatment effect is larger for UPCs with a higher NuVal score. The
lowest NuVal score for the treated UPCs in our dataset is 23. The estimated treatment effect
for a UPC with a score of 23 is 0.1949. This means that compared with the demand in
the control stores, demand for this UPC increases by 19.49% with the posting of the NuVal
label. The highest NuVal score for the treated UPCs in our dataset is 100. The estimated
treatment effect for a UPC with a score of 100 is 0.372. This means that compared with the
demand in the control stores, demand for this UPC increases by 37.2% with the posting of
the NuVal label.

Therefore, the treatment effect is positive for all treated UPCs and is positively associated
with the NuVal score. This result implies that NuVal contains new information for consumers
and preferences for yogurts increase with the nutrition value of the product. The publicity
effect is at work as well. If there were no publicity effect, demand for the lower-scoring
UPCs would decrease as these labels signal low product nutrition to consumers. The NuVal
label may have made the treated UPCs more salient and thus increased demand for even the
lowest-scoring yogurts. Alternatively, consumers may believe, albeit incorrectly, that even
the lower-scoring products are better in nutrition than unscored products. Consequently,
demand for the lower-scoring products also increases. This explanation, if correct, would
be consistent with one of the fundamental assumptions underlying the famous information
unraveling theory in the quality disclosure literature (e.g., Grossman 1981; Milgrom 1981)—

that rational consumers would infer nondisclosure as having the lowest quality.®

°The information unraveling theory predicts that firms have the incentive to voluntary disclose product

quality on all but the worst products. However, voluntary unraveling of information may not be complete if
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4.2 Robustness Checks

To check the sensitivity of our findings to alternative specifications, we perform several ro-
bustness checks. The key identifying assumption in our DID regression analysis is that trends
in the sales of the treated UPCs would have been the same in both the treatment store and
the control stores during the treatment period if NuVal labels were not adopted. If the trends
were not the same, then part of the estimated treatment effect could simply reflect the differ-
ent sales trends in the treatment and control stores and, hence, our estimate of the treatment
effect would be biased. We have included store-specific time trends in our regressions to make
this assumption more likely to hold in our empirical analysis. Here, we perform an additional
robustness check to examine the validity of this assumption.

In the DID analysis above, we include all grocery stores other than the treatment store
in the control group. From Table 2, it is clear that some control stores are more similar to
the treatment store than others in terms of the number of treated UPCs offered, number of
units sold per week and unit price. The advantage of including all control stores is that we
have a larger sample and the parameters are more precisely estimated. The disadvantage of
doing so is that by including those control stores that are not very similar to the treatment
store, the key identifying assumption that sales trends are similar in the treatment store and
the control stores in absence of treatment may fail. In our first robustness check, we only
include one store in the control group. The selected store is control store 2. From Table 2,
it is clear that this is the control store that is most similar to the treatment store during
the control period. Only specification (2) is estimated and results are reported in Table 7.
Compared with the results in Table 6, we find the value of the coefficient estimate for the

base treatment status variable D, x D, is now negative and the magnitude of the coefficient

manufacturers do not have a credible method of labeling (Shavell, 1994), disclosure is costly (Farrell, 1986),
not enough consumers value the aspect of quality being disclosed (Fishman and Hagerty, 2003), or consumers
do not equate nondisclosure with inferior product quality (Grossman, 1981). Although adoption of NuVal
is a voluntary decision on the part of the retailer, food manufacturers do not have a say in which products
should or should not be scored. This is different from most cases considered in the information unraveling

literature where producers make the labeling decisions.
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estimate for the heterogenous treatment effect variable, S; x Dy x D,, is larger. The estimated
treatment effect is,

—0.2393 + 0.0042 * S;, (4)

which implies that the treatment effect is only positive for those UPCs with a NuVal score
that is at least 57. This further strengthens our conclusion that NuVal scores contain new
information to consumers and consumers respond to the higher nutrition quality signaled by
higher scores with higher demand.

Our second robustness check is a set of falsification or placebo tests. In each of the placebo
test, a single control store is used as a placebo for the treatment store and the remaining four
stores are used as the control stores. Both specifications (1) and (2) are estimated for each
placebo test and the estimation results are displayed in Table 8. Results show there is no
clear and coherent evidence for the false NuVal treatment effect in each of the placebo test,
lending support to the supposition that our main results above are not driven by some other
unobserved (by the econometrician) demand shifters. In tests where the first three control
stores are used as the placebo, the estimated treatment effect does not vary with the NuVal
score in the sense that the estimated coefficient for the treatment status and NuVal score
interaction variable is not statistically significant. In the test where the fifth control store is
used as the placebo, the estimated treatment effect decreases with the NuVal score. In the
test where the fourth control store is used as the placebo, the estimated overall treatment
effect is negative, driven by the large, negative and significant estimate of the coefficient on

the treatment status variable.

4.3 Potential Biases

Although our results are robust to several specification checks, it is important to bear in mind
that they are still subject to two potential biases. First, if consumers shop at multiple stores
and learn about (and memorize) the nutritional value of some products in the treatment
store, they may take this into account when buying the same products in the control stores.

If this is true, then our estimate would be a combination of the NuVal effect as well as this
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multi-store shopping effect. While the NuVal effect makes sales of the treated products in
the treatment store and in the control stores diverge, the multi-store shopping effect closes
the gap. As a result, our estimate would be an underestimate of the true effect of the label.
To examine how much multi-store shopping was happening, we take advantage of another
dataset that tracks grocery purchases for a panel of households from the same town where the
grocery stores are located. In our sample, 608 consumers purchased yogurt at the treatment
store during the treatment period. Out of the 608 consumers, 182, 111, 91, 28 and 158 also
purchased yogurt at control store 1, 2, 3, 4 and 5, respectively, during the same period. This
shows that multi-store shopping is fairly common for consumers in this market. This is not
surprising as this is a small town with an area of about 30 square miles and the grocery stores
are not far away from one another. To further examine how the multi-store shopping effect
may affect our estimates, we re-estimate our DID regressions using only control stores 3 and
4 in the control group. These two control stores had the least number of customers who also
shopped at the treatment store. Results are collected in Table 9. Compared with the results
in Tables 5 and 6, the estimated treatment effect on the treated is only slightly different. For
example, for specification (2), the average treatment effect is estimated to range from 17% to
36.25%, compared with 19.49% to 37.2% as results from Table 6 imply. Thus, we conclude
that the NuVal effect is slightly underestimated due to the multiple store shopping effect.
Second, our results show that the positive effect of NuVal on yogurt demand is larger
for products with higher scores. If the effect on demand is so large for some products such
that they become out of stock, then our estimate would again underestimate the true effect
of NuVal. We do not believe stockout due to NuVal-induced demand spike is likely for two
reasons. First, our results show that the largest estimated effect of NuVal is a 37% increase
in quantity demanded, which is not a very large percentage. Second, modern supply chain

management allows grocery stores to restock rather quickly in a stockout event.
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4.4 An Alternative Interpretation

Our main result above shows that posting NuVal labels leads to an increase in consumer de-
mand for yogurt products, especially yogurts with higher NuVal scores. Our interpretation
of this result is that NuVal has both a salience effect and an information provision effect that
promote demand for healthier yogurts among the treatment store’s existing customers. A
competing interpretation of our result is that NuVal labels at the treatment store attracted
health conscious consumers from the control stores to the treatment store. That is, there
may have been a change in the composition of consumer types at the treatment store after
NuVal adoption. As a result, demand for yogurt products, especially healthier ones, increases
relative to that of the control stores because more health conscious consumers now shop at
the treatment store. This store switching effect, if significant, would bias our estimate up-
ward. Unlike the aforementioned multi-store shopping effect that would only change the
magnitude of the estimated treatment effect, the store switching effect would lead to a qual-
itatively different conclusion. Therefore, it is important to examine whether this alternative
interpretation is empirically plausible.

To do this, we again use the dataset that tracks grocery purchases by a panel of house-
holds. First, we define the treatment period as the 4 months after the introduction of NuVal
labels. Four months is a relatively short amount of time and many consumers who only
shopped at the control stores during the control period probably had not learned about the
NuVal labels by the end of our sample period. Indeed, we notice that in our sample, out
of the 1,006 households that ever purchased yogurt but never at the treatment store during
the control period, 2.28% (23 households) started purchasing yogurt only in the treatment
store during the treatment period. These are the consumers who switched from the control
stores to the treatment store. On the other hand, out of the 188 households that purchased
yogurt only at the treatment store during the control period, 6.38% (12 households) started
purchasing yogurt only at the control stores during the treatment period. These are the
consumers who switched from the treatment store to the control stores. If the main reason

behind store switching were the availability of NuVal at the treatment store, then we would
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expect to see a significantly larger percentage of consumers switching from control stores to
the treatment store than vice versa. The statistics here do not support such a hypothesis.
Second, as this dataset tracks household-level purchases, we know who shopped at which
stores each week. Using these information, we created store and week-specific average house-
hold characteristics, averaging across all households that shopped at a given store in a given
week. The statistics include average income, average household size, average number of chil-
dren, and the percentages of households headed by a person with college degree, less than 35
years old, between 35 and 64, and 65 years old and above. These variables are used as addi-
tional controls in the regressions to control for any effect from store switching by consumers.
Regression results are collected in Table 10. As we can see, the results are very similar to
those in Tables 5 and 6. Thus, we reject store switching by the consumers as an alternative

interpretation for our main results.

5 Conclusion

In the absence of a federal mandate on FOP nutrition labels, NuVal is one of the few com-
mercially available multiple-level interpretive summary nutrition labels in the U.S. that rate
both healthier and less healthy food products. Given the breadth of NuVal’s coverage in
retail partners (16 retail chains as of August 2017) and number of products (over 100,000
UPCs), it is important to evaluate its performance in achieving its stated public health goal
of promoting healthy food purchase.

Using yogurt as a case study, we found NuVal to have an information provision effect and
a publicity effect on yogurt demand. The information provision effect promotes demand for
healthier yogurts by offering information through the NuVal score that is new to consumers.
A one-point increase in the NuVal score is estimated to increase demand for the rated yogurt
by about 0.23% (Table 6). The publicity effect increases demand for healthier and less healthy
yogurts equally by making the labeled products more salient.

Moving forward, several questions remain to be addressed. First, as we only focus on
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the 4-month window around the adoption of NuVal, our analysis is short-run in nature. In
the long run, consumers who shop at the treatment store may learn about the healthfulness
of the products through NuVal and pass the information to shoppers at other stores. In
this case, even if other stores do not adopt the NuVal label, there will be a spillover effect.
Empirically quantifying this effect is challenging because product entry and exit can more
easily contaminate identification of the main effects of interest in the longer run. Second, it
will interesting to know if the salience effect is sustained over time as the percentage of scored
and labeled products grows and novelty of the label fades. Third, any interpretive summary
nutrition label is necessarily a one-size-fits-all approach to health promotion. However, the
population is not consisted of a homogenous group of consumers. Rather, consumers are
heterogeneous in health status, nutritional need, education, financial resources, and food
preferences. Some consumers stand to benefit more from summary nutrition labels than
others. It will be useful to formally account for these heterogeneities and examine how
different consumer segments may respond differently to NuVal labels. These questions are

beyond the scope of this paper and are left for future research.
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Table 1 Descriptive Statistics for Treated and Other UPCs in the Treatment Store during the
Control Period

Variable Mean Std. Min Max Obs Mean Std. Min Max Obs
Dev. Dev.
Treated UPCs Untreated UPCs
NuVal 51.80 25.58 23 100 130
Score

Units sold 36.18 49.14 1 679 2290 18.50 38.62 1 711 4076
Unit price 143  1.12 0.35 4.79 2200 2.12 1.44 0.38 7.39 4076

General 0.52 0.50 0 1 130 020 0.40 0 1 244
Mills

Dannon 0.33 047 0 1 130 032 047 0 1 244
Soy 0.03 0.17 0 1 130 0.03 0.17 0 1 244
Greek 0.05 0.23 0 1 130  0.10 0.30 0 1 244
Yogurt 005 023 0 1 130 0.06 0.23 0 1 244
Drink

Organic 005 0.21 0 1 130 020 0.40 0 1 244
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Table 2 Descriptive Statistics for UPCs in Different Stores during the Control Period

Variable # NuVal Score Units Sold Unit Price # Units Sold Unit Price
Treated UPCs Other UPCs
Treatment Store 130 51.80 36.18 1.43 244 18.50 2.12
(25.58) (49.14) (1.12) (38.62) (1.44)
Control Store 1 124 52.00 21.82 1.42 193 13.41 1.91
(25.51) (33.16) (1.06) (36.38) (1.57)
Control Store 2 123  52.61 34.48 1.43 204 18.52 1.99
(25.93) (62.53) (1.09) (53.70) (1.58)
Control Store 3 118 53.42 26.40 1.46 204 13.15 1.95
(26.14) (65.46) (1.09) (29.33) (1.57)
Control Store 4 83  48.94 9.00 1.18 92 692 1.45
(22.73) (8.11) (1.00) (6.94) (1.09)
Control Store 5 119 52.94 25.96 1.42 200 10.48 1.89
(25.60) (49.62) (1.11) (19.80) (1.53)
Note: Standard deviations are in parentheses.
Table 3 Differences in Means
Treatment Control  Treatment  Control Treatment  Control
Store Stores Store Stores Store Stores
& Score & & &
>=50 Score>=50 Score<50 Score<50
Units (Control 36.18 24.65 51.17 31.20 21.91 17.56
Period) (49.14) (50.91) (65.13) (61.61) (16.06) (34.52)
Units 45.00 19.34 70.40 24.54 20.83 13.59
(Treatment (105.03) (37.89) (145.26) (46.12) (16.22) 24.71)
Period)
Price (Control 1.43 1.40 1.07 1.09 1.77 1.73
Period) (1.12) (1.08) (0.86) (0.81) (1.22) (1.23)
Price 1.43 1.37 1.06 1.07 1.79 1.70
(Treatment (1.11) (1.05) (0.85) (0.78) (1.21) (1.19)
Period)
Number of 130 130 63 63 67 67
UPCs

Note: Standard deviations are in parentheses.
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Table 4 Summary Statistics for the Regression Sample
Mean Std. Dev. Min Max

Log of Units Sold 2.44  1.22 0 7.19
Log of Unit Price 0.08  0.68 -1.27 1.61
Dy 0.20 0.40 0 1
Dy 0.50 0.50 0 1
D, * Dy 0.10 0.30 0 1
IV for log price -0.07 0.68 -0.87 1.41

Notes: total number of observations: 23,578. Dy: treatment store dummy variable. D,: treatment period dummy
variable. IV for log price: average price for the same UPC in the same week in nearby cities in the same Census
region.

Table 5 Estimation Results for Specification (1)

OLS 2SLS
Estimate Std. Err.  Estimate Std. Err.

D * Dy, 0.1563** 0.08 0.2516* 0.15
Log of Unit Price -2.3973*%*%* (.19 -2.9828*** (.90
UPC Fixed Effects included included
Store Fixed Effects included included
Week Fixed Effects  included included
Store-specific Trends included included
Adjusted R-squared  0.75 0.75
1%-Stage F statistic 34.10

Notes: ** and *** denote statistical significance at 5% and 1%, respectively. Dy: treatment store dummy variable.
Dy : treatment period dummy variable.
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Table 6: Estimation Results for Specification (2)

OLS 2SLS
Estimate Std. Err.  Estimate Std. Err.

D * Dy, 0.0443 0.10 0.1420 0.17
Log of Unit Price -2.3970*** (.19 -3.0304*** (.90
Dg * D:* Score 0.0021*** 0.0011  0.0023***  (0.0011
UPC Fixed Effects included included
Store Fixed Effects included included
Week Fixed Effects  included included
Store-specific Trends included included
Adjusted R-squared  0.75 0.74
1%-Stage F statistic 34.70

Notes: ** and *** denote statistical significance at 5% and 1%, respectively. Dy: treatment store dummy variable.

D;: treatment period dummy variable.

Table 7: Robustness Check: Using Only One Control Store

OLS 2SLS
Estimate Std. Err.  Estimate Std. Err.

D * Dy -0.1421 0.11 -0.2393 0.34
Log of Unit Price -2.3343%** (.17 -1.9085 3.11
Dg * D:* Score 0.0026***  (0.0011  0.0042*** (0.0012
UPC Fixed Effects included included
Store Fixed Effects included included
Week Fixed Effects  included included
Store-specific Trends included included
Adjusted R-squared  0.80 0.81
1%-Stage F statistic 3.91

Notes: ** and *** denote statistical significance at 5% and 1%, respectively. Dy: treatment store dummy variable.

D;: treatment period dummy variable.
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Table 8a: Instrumental Variable Estimation (2SLS) Results from the Placebo Store 1

Specification (1)

Specification (2)

Estimate Std. Err.  Estimate Std. Err.

D, * D, 0.3052 0.24 0.1722 0.26
Log of Unit Price -3.1850*** (.80 -3.1861*** (.80
D¢ * D.* Score 0.0027 0.0026
UPC Fixed Effects included included
Store Fixed Effects included included
Week Fixed Effects  included included
Store-specific Trends included included
Adjusted R-squared  0.71 0.71
1*-Stage F statistic ~ 34.41 34.41

Notes: *, ** and *** denote statistical significance at 10%, 5% and 1%, respectively. D;: treatment store dummy
variable. D, : treatment period dummy variable.

Table 8b: Instrumental Variable Estimation (2SLS) Results from the Placebo Store 2

Specification (1) Specification (2)
Estimate Std. Err.  Estimate Std. Err.

D * Dy 0.0958 0.14 -0.0230 0.18
Log of Unit Price -3.2176*%** (.83 -3.2584%** (.83
D¢ * D.* Score 0.0024 0.0015
UPC Fixed Effects included included
Store Fixed Effects included included
Week Fixed Effects  included included
Store-specific Trends included included
Adjusted R-squared  0.71 0.71
1%'-Stage F statistic 33.31 34.25

Notes: *, ** and *** denote statistical significance at 10%, 5% and 1%, respectively. D;: treatment store dummy
variable. D;: treatment period dummy variable.

Table 8c: Instrumental Variable Estimation (2SLS) Results from the Placebo Store 3

Specification (1) Specification (2)
Estimate Std. Err.  Estimate Std. Err.

D, * D, -0.2669 0.21 -0.2206 0.22
Log of Unit Price -3.2142%*% (.82 -3.1985%** (.81
Dg * D:* Score -0.0009 0.0014
UPC Fixed Effects included included
Store Fixed Effects included included
Week Fixed Effects  included included
Store-specific Trends included included
Adjusted R-squared  0.71 0.71
1%'-Stage F statistic 33.50 33.73

Notes: *, ** and *** denote statistical significance at 10%, 5% and 1%, respectively. D;: treatment store dummy
variable. D, : treatment period dummy variable.
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Table 8d: Instrumental Variable Estimation (2SLS) Results from the Placebo Store 4

Specification (1)

Specification (2)

Estimate Std. Err.  Estimate Std. Err.

D * Dy, -0.2806 0.18 -0.4809**  0.21
Log of Unit Price -3.2082*** (.82 -3.2582%** (.84
Dg * D:* Score 0.0038***  (.0013
UPC Fixed Effects included included
Store Fixed Effects included included
Week Fixed Effects  included included
Store-specific Trends included included
Adjusted R-squared  0.71 0.71
1*-Stage F statistic ~ 33.59 33.43

Notes: *, #* and *** denote statistical significance at 10%, 5% and 1%, respectively. D;: treatment store dummy
variable. D,: treatment period dummy variable.

Table 8e: Instrumental Variable Estimation (2SLS) Results from the Placebo Store 5

Specification (1) Specification (2)
Estimate Std. Err.  Estimate Std. Err.

Dg * Dy 0.2184 0.15 0.3742%** (.15
Log of Unit Price -3.2278***% ().83 -3.1767*** (.80
Dg * D.* Score -0.0030**  0.0014
UPC Fixed Effects included included
Store Fixed Effects included included
Week Fixed Effects  included included
Store-specific Trends included included
Adjusted R-squared  0.71 0.71
1%-Stage F statistic ~ 33.21 34.41

Notes: *, ** and *** denote statistical significance at 10%, 5% and 1%, respectively. D;: treatment store dummy
variable. D;: treatment period dummy variable.

Table 9: Robustness Check: Only Control Stores 3 and 4 in the Control Group (2SLS)

Specification (1)

Specification (2)

Estimate  Std. Err. Estimate  Std. Err.

D * Dy 0.2245 0.19 0.1125 0.22
Log of Unit Price -2.6479%*% 128 -2.7522%% 1.28
Dg * D:* Score 0.0025* 0.0013
UPC Fixed Effects included included
Store Fixed Effects included included
Week Fixed Effects  included included
Store-specific Trends included included
Adjusted R-squared  0.75 0.75
1%-Stage F statistic 22.55 23.69

Notes: *, #* and *** denote statistical significance at 10%, 5% and 1%, respectively. D;: treatment store dummy
variable. D, : treatment period dummy variable.
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Table 10: Instrumental Variable Estimation (2SLS) Results with Additional Controls for
Average Household Characteristics

Specification (1) Specification (2)
Estimate Std. Err. Estimate Std. Err.
D * Dy, 0.2307 0.15 0.1206 0.17
Log of Unit Price -2.9696*** (.91 -3.0176%*%* 0.91
D * D¢* Score 0.0023**  0.0011
Average Income -1.01e-5 1.01e-5 -1.01e-5 1.02e-5
Average Household Size 0.6489 0.62 -0.6505 0.63
Average # of Children 0.2672 0.42 0.2595 0.43
% of Households Headed by -0.0550 0.58 -0.0641 0.60
A Person with College Degree
% of Households with Head -0.3366 2.10 -0.2767 2.15

Less than 35 years old
% of Households with Head 0.1282 0.83 0.1419 0.85
Aged between 35 and 64

UPC Fixed Effects included Included
Store Fixed Effects included included
Week Fixed Effects included included
Store-specific Trends included included
Adjusted R-squared 0.75 0.75
1*-Stage F statistic 33.66 34.26

Notes: *, ** and *** denote statistical significance at 10%, 5% and 1%, respectively. D;: treatment store dummy
variable. D, : treatment period dummy variable.
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Figure 1: Examples of Price Tags with NuVal Scores
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Note: rating from 1 (the least healthy) to 100 (the healthiest).
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Residuals

Residuals

Figure 2a: Times Series Plots of Residuals for Observations from the Control Stores

q-_
Control period Treatment period
N e o0 ) 2 o Lo
l' oa%88°. 8320 .,
O||| ||||||'I||||' |||| l ||||I|||
[ X J
~ o o'oo s
eofsdfiiens’s o8 o827
[ B Y .‘ " ." [ N ]
° LI ® - ¢
° o %o s°, ¢
< °
$ o’
I

T
03/29/2010

07/26/2010
week

08/30/2010

T
12/27/2010

Figure 2b: Times Series Plots of Residuals for Observations from the Treatment Store
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