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Abstract

We estimate price elasticities and promotion effects across many consumer

goods, leveraging nationwide retail data with observable promotional discounts

from purchase receipts. We contrast price elasticities with and without promo-

tions, and document demand shifts due to promotions’ non-price attributes. We

repeat this exercise using a traditional, algorithm-driven approach that imputes

promotions whenever prices decrease, leading to underestimated promotion

effects and overestimated price effects. We emphasize the importance of these

distinctions through several policy-relevant findings: reduced frequency of pro-

motions following “sin food” taxes, similar promotion elasticities for healthy

and unhealthy products, and higher sensitivity to promotions among high-BMI

consumers.
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1 Introduction

This paper studies price and promotion effects in the retail grocery industry and
analyzes how promotion effects relate to the healthiness of products, demographics,
and how firms’ use of promotions reacts to product taxation. For the analysis, we
use purchase receipts data from the Kantar Worldpanel consumer panel for Mexico,
which gives us a comprehensive picture of the national retail industry. Our data has
the advantage of providing direct observations of promotional discounts, which is
lacking in similar data widely used by industry practitioners and by researchers in
economics and marketing (e.g., Nielsen RMS scanner data). We provide insights
on how firms use promotions and how consumers react heterogeneously to them,
and we caution against the usage of promotions measured with error, which would
be the case of data with unobservable promotions. Because we estimate price and
promotion elasticities across a wide range of consumer products, our findings are
generalizable, and not specific to particular sets of products, stores, or retailers, as in
most of the literature (Hitsch, Hortaçsu and Lin, 2021).

In the first part of the paper, we estimate the demands of products from 800
different brands, sold in 46 chain stores, in 57 cities. Throughout, we use industry-
standard empirical strategies to identify price and promotion elasticities (Hitsch,
Hortaçsu and Lin, 2021); namely, we leverage our detailed data and employ a rich
set of fixed effects. Overall, we find elastic demand curves and significant promotion
effects, even after accounting for price effects. On average, promotions increase
demand by 21 to 27%.

In the second part of the paper, we repeat our estimations as if promotions data
were unobservable: we use a state-of-the-art algorithm developed by Hitsch, Hor-
taçsu and Lin (2021) to identify promotional discounts from dips in prices. We find
similar price elasticities of demands, but, due to (non-classical) measurement error
in promotions, we find null effects of the non-price attributes of promotions when
these are not directly observed. In light of these results, we argue that direct data on
promotions are crucial if we are interested in analyzing promotion elasticities.1

Finally, in the third part of the paper, we analyze promotion effects through
different lenses, we discuss policy implications, and note that the analysis is only
possible when measuring promotions with (relative) precision. We first present a

1For a review of measurement error in binary variables, see Aigner (1973), who also shows we
have attenuation bias.
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breakdown of price and promotion elasticities by the “healthiness” of food products
(Hut and Oster, 2022), in order to provide insights into the heterogeneous effects
of prices and promotions. We find unhealthy products have a slightly higher price
elasticity of demand than healthy ones, and both types of products have similar and
large promotion elasticities.

We then study how firms change their promotions and price strategies after the
nationwide introduction of a tax on sugary drinks and high-calorie foods. Using
cleaning products as controls, an event study approach reveals that this “sin food”
tax not only increased prices, but also decreased the frequency of promotions for
affected products.

Moreover, we analyze the relationship between the household’s body-mass index
and price and promotion effects. We find that price elasticity is constant with respect
to body-mass index. However, high body-mass index households exhibit much
higher promotion elasticities.

These findings have practical policy implications. Policymakers who are con-
cerned about public health might take note that promotion regulation is an important
tool at their disposal, because demands of unhealthy products are indeed affected by
promotions, firms do adjust promotion strategies when facing taxation, and people
with high body-mass index, who are the arguably policy-relevant target, are more
susceptible to promotions.

This paper is related to a literature that analyzes price and promotion elasticities
across different markets and products. Bijmolt, Van Heerde and Pieters (2005) and
Tellis (1988) offer a meta-analysis. We follow closely the empirical strategy of Hitsch,
Hortaçsu and Lin (2021), but we augment it by allowing for promotions to shift
demand slopes and not only intercepts. Importantly, we also use data where we
observe promotions directly from purchase receipts.

This paper also relates to a literature that ties price elasticities and promotion
effects to market characteristics (Bolton, 1989), consumer demographics and competi-
tion (Boatwright, Dhar and Rossi, 2004; Hoch et al., 1995), and product categories
Narasimhan, Neslin and Sen (1996). While most of the literature studies price effects,
we focus on how promotion effects relate to product characteristics, demographics,
and how promotions are affected by taxation.

Finally, this paper relates to a literature that studies various ways in which retailers
and policymakers may affect consumption and health outcomes like obesity. From
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the perspective of retailers, many potential levers have been analyzed that may help
reduce obesity, such as product offerings (Allcott et al., 2019), placement of products
(Vogel et al., 2021; Shaw et al., 2020; Brimblecombe et al., 2020), promotional materials,
and prices and discounts (Alsubhi et al., 2023; Ni Mhurchu et al., 2010; Glanz, Bader
and Iyer, 2012). In terms of public policies, there is a growing literature devoted to
understanding the appropriateness, optimal design, and impact of different levers
aimed at improving consumers’ diets, such as taxes on sugar-sweetened beverages
(Cawley, 2015; Cawley and Frisvold, 2023; Allcott, Lockwood and Taubinsky, 2019b,a),
front-package labeling (Barahona, Otero and Otero, 2023; Alé-Chilet and Moshary,
2022; Araya et al., 2022), mandatory calorie posting (Bollinger, Leslie and Sorensen,
2011), advertising bans (Dubois, Griffith and O’Connell, 2018), and information
campaigns (Ippolito and Mathios, 1990, 1995).

2 Data description

We use data from the Kantar Worldpanel (KW) consumer panel for Mexico during the
years 2010 to 2015. KW is a firm specializing in data collection for marketing purposes.
This dataset records all retail purchases of selected households over a period of time.
The data are not necessarily representative of all household purchases or of the
average consumption of a Mexican household. However, the KW consumer panel
does seem to line up with self-reported information in national surveys (Aguilar,
Gutierrez and Seira, 2021).

Participating households are visited by surveyors on a weekly basis, who record
information on purchases directly from receipts. For each transaction, we observe the
product name (including brand, size, and category), the amount purchased, the price
paid, whether there was a promotion and of what type, the city where the transaction
was made, and the name of the retailer. Due to this structure, we can only observe
the price of a product in a given city-retailer-week if at least one household made a
purchase.

We do not observe the precise location of each retailer, and hence refer to them
as chain stores instead of individual locations. For instance, although there are five
Wal-Mart stores in the Tampico metropolitan area, the data do not specify at which
of these five stores a household made purchases. In the full dataset, we observe 73
cities and 83 different retail chain stores.
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2.1 Restricting the sample

We follow stardard practices (see, e.g., Hitsch, Hortaçsu and Lin (2021)). We aggregate
products at the brand level. For each description, we group products that differ only
in their presentation size. Thus, for example, a two liter bottle of Coca-Cola and a
six-pack of Coca-Cola cans would be classified as the same brand, while Coca-Cola
Light would be a different brand.

We calculate equivalent units —such as grams or liters— to standardize quantities
and calculate the appropriate weighted price aggregation. For each transaction in
a city-week, we calculate equivalent units as q× unit volume/NHH, where q is the
purchased quantity and NHH is the number of households that made at least one
purchase in that city-week. We then aggregate to the brand level, which effectively
corresponds to an inverse probability weighting aggregation.

Therefore, all quantities are measured in equivalent units, and price differences
across brands reflect actual price-per-unit differences and not the distribution of
purchases across presentation sizes. From the original 70,142 products (UPCs) in the
full data, this exercise results in 8,700 different brands.

We further make sample restrictions to avoid estimating demand models on
data with many missing values, because prices are only observed conditional on
a purchase. First, we identify the top 2,000 brands in the data based on their total
revenue at the national level, which allows us to screen out uncommon brands.
Second, for our main specification, we exclude the city-chain store combinations for
which we observe less than 156 weeks with non-zero purchases, corresponding to
half of our total time frame of 312 weeks. As a robustness test, we show results for
all of the top 2,000 brands in the data, regardless of how many non-zero purchases
weeks they have.

Table 1 shows a comparison between the full data and the estimating sample. Our
sample restrictions leave us with 800 different brands, 57 cities, and 46 retail chains.
Because the panel is not balanced, it corresponds to 4,703 brand-city pairs and a total
of 8,583 brand-city-chain store combinations. Our demand models will be estimated
for each of these brand-city pairs. As a robustness check, we also present results on
the full dataset without these sample restrictions. Table 2 further shows descriptive
statistics and a difference in means test comparing the full and restricted datasets.
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TABLE 1: Comparison between full data and estimating sample

Full data Estimating sample

Brands 8,700 800
Cities 73 57
Chain stores 83 46
Brand-city pairs 128,067 4,703
Brand-city-chain combinations 450,535 8,583
Non-zero purchase weeks 6,880,710 1,913,867
Share non-zero purchase weeks 0.05 0.71

Notes: This table shows descriptives of the full KW dataset from
2010-2015 and the estimating sample for our empirical exercise.

TABLE 2: Descriptive statistics

Full data Estimating sample Diff. in means

Mean p25 p50 p75 Mean p25 p50 p75

Price 0.81 0.02 0.04 0.09 0.41 0.02 0.03 0.07 0.56***
Promotion (in KW data) 0.18 0.00 0.00 0.00 0.23 0.00 0.00 0.00 -0.07***
Promotion (algorithm) 0.25 0.00 0.00 1.00 0.45 0.00 0.00 1.00 -0.27***
Quantity 25.48 1.49 6.06 20.00 30.23 2.25 8.70 27.65 -6.59***

Households 189.89 41.00 96.00 237.00 242.69 59.00 147.00 463.00 -73.14***
Chain stores 3.52 1.00 2.00 4.00 15.17 11.00 15.00 19.00 -11.97***
Non-zero purchase weeks 105.19 26.00 78.00 168.00 233.37 190.00 229.00 278.00 -177.57***

Observations 6,880,710 1,913,867

Notes: This table shows descriptive statistics in the full data and the estimating sample. We show the mean, median,
and 25th and 75th percentiles. The price is the per unit price in Mexican pesos. Promotions are measured both directly
in the KW data and using the algorithm developed in Hitsch, Hortaçsu and Lin (2021). The quantity is measured in
equivalent units. All price, promotion and quantity statistics are calculated at the brand-city-chain store level. We
also show the number of households making purchases per city, the number of retailers (chain stores) per brand-city
pairs, and the number of non-zero purchase weeks (out of a total of 312 weeks) at the brand-city-chain store level.
The last column shows a difference-in-means test. *** p < 0.01, ** p < 0.05, * p < 0.1.

2.2 Identifying promotions

We identify promotions in two different ways. First, we take promotions as recorded
directly in the KW panel. Although all types of promotions are recorded, we re-
strict our attention to those coded as price discounts, which are the most common
promotion type by far. Because promotion information is taken directly from pur-
chase receipts, we are certain we have no false positives: every promotion in the
data indeed corresponds to a purchase with a price discount.2 The only potential

2For the Nielsen Homescan data in the US, it has been shown there are discrepancies in how
prices are recorded (Einav, Leibtag and Nevo, 2010), mainly because this variable is taken directly
from store-level data and not from individual purchases. Because our KW panel identifies promotions
from information provided in receipts, this type of discrepancy is not an issue for us.
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measurement error might be the case of a retailer that did not print out promotion
information on the receipt. To minimize this potential measurement error, we only
consider a promotion as being present when at least 20% of purchases record it.3

The second way in which we record promotions follows the literature in identi-
fying price discounts from large dips in a product’s price in the data (Warner and
Barsky, 1995; Hendel and Nevo, 2013). Specifically, we replicate the (state-of-the-art)
algorithm developed in Hitsch, Hortaçsu and Lin (2021): we identify a base price for
each brand-city-chain store combination and classify prices as discounted if they are
at least 5% lower than their base price.4

Table 2 shows summary statistics for prices, promotions as observed, algorithmi-
cally predicted promotions, and quantities, in both the full data and the estimating
sample. As detailed below, the algorithm predicts a larger number of promotion
events than were actually recorded in the data.

2.3 Predictive power of algorithmic identification of promotions

In this empirical context, the algorithmic identification of prices results in signifi-
cant measurement error. Overall, the results show the algorithm correctly identifies
the promotional status of 69% of prices. Looking specifically at promotional prices
recorded directly in the data, this algorithm correctly identifies 33% of them. Ad-
ditionally, only 23% of the promotions identified by the algorithm correspond to a
recorded price promotion. Table 3 shows additional performance statistics, which
are common in the machine learning literature. In sum, the algorithm tends to
over-predict promotions (many false negatives and few true positives).

Figure 1 shows the relationship between the probability of a product being on
promotion and prices and quantities. The algorithm consistently predicts a larger
share of products on promotion than the actual incidence in the data. As a function of

3In the appendix, we present results when defining a promotion as being present if at least one
purchase records it. Both definitions give very similar results.

4As Hitsch, Hortaçsu and Lin (2021) explain: “The algorithm distinguishes between regular and
promoted prices based on the frequently observed saw-tooth pattern in a store-level time series
of prices whereby prices alternate between periods with (almost) constant regular price levels and
shorter periods with temporarily reduced price levels. We perform this classification separately for
each store-UPC pair. We assume that weeks without sales are non-promoted weeks, which is justified
by the large sales spikes that are frequently observed in promoted weeks. Hence, we impute the
missing prices using the predictions of the current regular (non-promoted) price levels based on the
price classification algorithm” (page 294).
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TABLE 3: Predictive performance of algorithmic identification of promotions

Diagnostic statistic Definition Value

Accuracy (TN+TP)/Total 0.69
Sensitivity TP/(TP+FN) 0.33
Specificity FN/(FN+FP) 0.76
Precision TP/(TP+FP) 0.23
Negative predictive value TN/(TN+FN) 0.84
F Score 2*TP/(2*TP+FP+FN) 0.27
Mean prediction error 1-(TN+TP)/Total 0.31
Pseudo R2 (TN+TP-M)/(Total-M) 0.17

Notes: TN=True Negatives, TP=True Positives, FN=False Neg-
atives, FP=False Positives, Total=Total number of observations,
and M=Most frequent outcome number, which in this case is
0.

prices, the likelihood of a product being on promotion is actually, roughly U-shaped.
However, the algorithm predicts that the likelihood of promotions is decreasing in
prices. On the other hand, as a function of quantities, the likelihood of promotions is
roughly increasing. However, the algorithm finds a similar relationship, which, if
anything, turns decreasing at higher levels of quantity.

FIGURE 1: Likelihood of promotions with respect to (log) price and quantity

(A) Price (B) Quantity

Notes: Lowess and binscatter plots of observed likelihood of promotions.
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3 Empirical strategy

In this section, we detail our empirical strategy to estimate the demand for each
product at the store level. First, we use the Kantar Worldpanel data to estimate
price and promotion elasticities. Second, we estimate demands using the algorithmic
identification of promotions, and we compare results. We find price elasticities are
comparable between both methods, but the algorithmic identification results in much
smaller estimates for promotions elasticities, due to measurement error.

3.1 Demand specification

We consider a log-linear demand model for brand j, sold in store s, at city c, in week
t:

log(1 + qjsct) = αjsc + τjct + β jc log(pjsct) + γjcDjsct + δjc(log(pjsct)× Djsct)

+ ∑
k∈Kjsct

ηjck log(pksct) + ∑
k∈Kjsct

θjckDksct + ε jsct, (1)

where qjsct are sold quantities, pjsct are prices, and Djsct indicates if there was a price
promotion. We closely follow the specification used by Hitsch, Hortaçsu and Lin
(2021), including the use of 1 + qjsct to accommodate zero sales in the data, but we
augment their model by allowing for interactions between prices and promotions.
Thus, we not only allow for promotions to change levels of demand curves, but also
their slopes. As a robustness check, we consider a Poisson regression as an alternative
to log(1 + q) and we find very similar results, which are available upon request.

The model also includes chain store fixed effects αjsc and time period effects
τjct. We further control for the prices and for promotion indicators of at most five
competitors based on revenue and identified at the product-chain-city level; we
denote by Kjsct the set of competitors.5 Finally, ε jsct is the error term.

The model implies that the predicted price elasticity of demand is approximately
β jc when no promotions are present, because

∂qjsct

∂pjsct

pjsct

qjsct

∣∣∣∣∣
Djsct=0

= β jc
qjsct + 1

qjsct
≈ β jc,

5Products are classified into 84 broad categories made up by different brands (e.g., flavored
carbonated beverages). Competitors may differ across locations (for instance, the top five competitors
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and similarly for the discrete effect of the promotion, γjc. Throughout we simply use
the term elasticities, and, in the case of promotions, we refer to the discrete change of
promotions and its effect on quantities.

The coefficients in equation (1) represent elasticities as long as we can give a
causal interpretation to these estimates. Prices and promotions are endogenous if
retailers use unobservable information (to the researcher) to determine them. A
common solution is to use instrumental variables (Berry, 1994), however, finding
valid and strong instruments is specially challenging in our context where we have a
multiplicity of markets (Rossi, 2014). Indeed, we are interested in the price and pro-
motion effects which are plausibly available to sophisticated firms, and these effects
are largely estimated without instrumental variable strategies (Hitsch, Hortaçsu and
Lin, 2021).

Our approach for dealing with endogeneity relies on a rich set of fixed effects.
Given our estimation at the brand-city level, chain store fixed effects imply that
we rely only on price and promotion variation within each retailer. If chain stores
differ in their responsiveness to unobservable shocks or in how they collect and
use demand information for a given brand in a given city, these fixed effects would
capture those differences so long as they are constant over time. Likewise, our time
effects account for demand shocks and consumer trends at a very narrowly defined
level (month-year). Therefore, the only remaining threat to a causal interpretation
would be unobservable factors related to demand that retailers respond to and that
vary at the brand-city-store-month level.6

In practice, we estimate the regressions separately for each brand-city pair. We
select the 2,000 brands with the highest revenue nationwide and the corresponding
city-store pairs for which we observe prices (i.e., non-zero purchases) for at least
half of the weeks in our data. Hence, our main estimates below are the results of
4,703 separate regressions, corresponding to 800 different brands across (at most) 57
different cities.

of Coca-Cola in Wal-mart stores in Guadalajara may differ from those of Coca-Cola in Soriana stores
in Guadalajara).

6Unobservable factors that are related to supply (e.g., costs and markups) would not bias our
interpretation of elasticities if these factors do not affect demand.
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FIGURE 2: Estimated price and promotion elasticities
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(B) Elasticity of promotions
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(C) Price elasticity with promotion
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(D) Price elasticity without promotion

Notes: This figure shows price and promotion elasticities from 4,703 demand models as specified
in equation (1) for our restricted sample. We identify promotions as those that are recorded from
purchase receipts directly in the data. We distinguish between estimates that are significant at the
95% and those that are not. The red vertical line depicts the median of the estimates, regardless of
significance; the blue line depicts the median of the estimates significant at the 95%. We winsorize
the estimates at -5 and 5 for clarity. The top two plots show price elasticities and price promotion
elasticities. The bottom plots show price elasticities conditional on having or not having a price
promotion.
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3.2 Results

We start by showing our estimates using information on promotions recorded directly
in the data from purchase receipts. Figure 2 plots the distribution of the estimates
for own-price and promotion elasticities. Estimates are weighted by brand revenue.
We distinguish between estimates that are significant at the 95% confidence level
(shaded area) and those that are not (unshaded area). Both top panels in Figure 2
evaluate elasticities at means.

The median price elasticity is -0.89, while the median promotion elasticity is 0.21,
as depicted by the red vertical lines. If we focus solely on the significant coefficients,
the median price elasticity is -1.19 and the median promotion elasticity is 0.27, as
depicted by the blue lines. In words, demand increases roughly by 27% in the
presence of promotions, all else equal, on average. Note that some price elasticities
(16.7% of our estimates) are non-negative, although the majority are insignificant.
Likewise, 5.9% of our estimated promotion elasticities are non-positive but mostly
insignificant.

The bottom two plots in Figure 2 display estimated own-price elasticities condi-
tional on a promotion and conditional on no promotion, respectively. The median
price elasticity with a promotion is -0.68, while that without a promotion is -0.95.
These estimates suggest that consumers are more sensitive to prices when there are
no promotions, which might happen if, for instance, promotional discounts change
the composition of consumers.

As a robustness check, we estimate a similar specification to equation (1) with
the addition of a control for the base price at the brand-city-chain store level. That
is, we control for discount depth. The distribution of the estimates are shown in
Figure 7 in the appendix. The median across the distributions is very similar to our
previous estimates, and we also find consumers are more elastic in the presence
of promotions. Figure 8 in the appendix shows an additional exercise where we
exclude the interaction term between the log price and the promotion indicator in
our demand models, and we obtain similar results.

In sum, we find relatively large effects of promotions, even accounting for price
effects, which are in line with the literature (Anderson and Fox, 2019). Promotions
increase demand by around 21 to 27% and demands are overall elastic.
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3.3 Comparison with algorithmic identification of promotions

We now turn to using the traditional, algorithm-driven approach for identifying
promotions and comparing with the results presented in Section 3.2. Figure 3 plots
the corresponding distribution of the estimates for own-price and promotion elas-
ticities, weighted again by brand revenue and distinguishing between estimates by
significance at the 95% confidence level. The median own-price elasticity is -0.85,
similar to what was shown when using promotions directly from the data in Figure 2.

However, the median elasticity of promotions is now an order of magnitude
smaller at 0.03 when identifying promotions from the algorithm. If we focus on the
significant coefficients, the median price and promotion elasticities are -1.13 and 0.08.
The bottom two plots in Figure 3 show the estimated price elasticities, conditional on
the existence or absence of an algorithmic-identified promotion. Here, we also find a
higher sensitivity to prices when there are no promotions than when there are price
discounts (median of -1.36 versus -0.34).

In Figure 9 in the appendix, we present results from a robustness check where we
add the base price at the brand-city-chain store level as a control in equation (1). This
exercise results in very similar estimates across the board. We include an additional
robustness check in Figure 10 in the appendix, where we exclude the interaction term
between the log price and the promotion indicator in our demand models, obtaining
again similar results.

For better assessing the differences in our estimates across methods, we first
calculate the difference at the brand-city level between the estimated price elasticities
with and without a promotion, and then plot these differences for either approach
for identifying promotions. Figure 11 in the appendix shows the distribution of these
differences. The plot on the left relies on estimates that identify promotions directly
from the data, and the one on the right from the price algorithm. The red vertical
line depicts the median of all estimates, while the blue line depicts the median of
significant estimates at 95% level.

The distribution of the difference in price elasticities with and without promo-
tions identified directly in the data is fairly symmetric and almost centered at zero,
with a median of -0.10 (Figure 11, left panel). In contrast, the distribution of the
corresponding difference for promotions identified via the traditional algorithmic
approach has a majority of its mass to the left of zero, with a median difference of
-0.86 (Figure 11, right panel). Restricting to significant estimates yields a similarly
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FIGURE 3: Estimated price and promotion elasticities, using promotions identified
with the price algorithm
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(B) Elasticity of promotions
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(C) Price elasticity with promotion
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Notes: This figure shows price and promotion elasticities from 4,703 demand models as specified in
equation (1) for our restricted sample. We identify promotions from prices that are at least 5% below
the base price, as determined by the algorithm in Hitsch, Hortaçsu and Lin (2021). We distinguish
between estimates that are significant at the 95% and those that are not. The red vertical line depicts
the median of the estimates, regardless of significance; the blue line depicts the median of the
estimates significant at the 95%. We winsorize the estimates at -5 and 5 for clarity. The top two
plots show price elasticities and price promotion elasticities at means. The bottom plots show price
elasticities conditional on having or not having a price promotion.
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centered distribution for promotions identified directly in the data, with a median
difference of -0.20. However, using promotions identified with the algorithm, we
find a median difference of -0.63 and a large mass to the left of zero. In sum, the
algorithmic identification of promotions consistently biases the price sensitivity of
consumers in the presence of promotions.

Figure 12 in the appendix shows the empirical cumulative distribution functions
for the estimated price elasticities with and without promotions. The plot in the top
left panel considers estimates from promotions recorded directly in the data, while
the plot in the top right uses promotions identified via the algorithm. Various non-
parametric tests of equality of continuous distributions reject that the distribution
with and without promotions are equal in both plots. However, the distribution of
elasticities conditional on no promotion only stochastically dominates the distribution
of elasticities with promotions for the algorithm-identified promotions. The bottom
plots in Figure 12 are restricted to significant estimates and are qualitatively similar.

In summary, we find that estimated own-price elasticities conditional on a pro-
motion are fairly similar to those conditional on no promotion when using directly
observed promotions data. However, once we implement a traditional algorith-
mic approach, we find significant differences, with larger price elasticities when
conditioning on no promotion than those that are obtained conditional on having
a promotion. Because the algorithm tends to predict promotions when there are
none, price elasticity estimates must be higher as they account for consumers not
buying more in the presence of a false positive. In other words, measurement error of
promotions yields both lower promotion effects and larger baseline price elasticities.

4 Implications

The richness of the data allow us to analyze price and promotion effects under
different lenses. In particular, analyzing promotion effects would yield biased results
if done under measurement error. In particular, policy might be misguided by
the erroneous finding that price elasticities are all that matter, because promotion
effects are null. For instance, the current discussion and design of tax policies aimed
at discouraging the consumption of sugary drinks may benefit from considering
regulating promotions, as they have a large effect by themselves on consumption.

In this section, we present a breakdown of price and promotion elasticities by the

15



“healthiness” of the products. We also analyze how promotions and prices change
after the introduction of a tax on sugary drinks and high-calorie products. Finally, we
break down price and promotion elasticities by the body-mass index of the household
head. Throughout we note how the analysis is only appropriate when promotions
are measured without error.

4.1 Comparison between healthy and unhealthy products

We analyze the price and promotion elasticities of healthy and unhealthy products.
For this purpose, we use the classification of Hut and Oster (2022) where they
measured the healthfulness of groups of products based on a survey implemented to
17 primary care doctors in the United States. We thus classify products dichotomously
into being healthy or unhealthy according to whether they are above or below the
median healthfulness index in Hut and Oster (2022). This analysis provides insight
into the heterogeneity of price and promotion effects as a function of healthfulness.

Figure 4 plots the distribution for price and promotion elasticities. On the top
left panel we show the distribution for price elasticities of unhealthy products. The
median price elasticity is -1.15. The top right panel then shows the distribution
for price elasticities of healthy products. The median price elasticity is -1.06. The
bottom two panels of Figure 4 show the promotion elasticity for unhealthy (left
panel) and healthy (right panel) products. Their median elasticities are 0.20 and 0.19,
respectively.

Figure 13 in the appendix shows the distribution for price and promotion elas-
ticities using the promotions identified through the algorithm developed by Hitsch,
Hortaçsu and Lin (2021). The median price elasticity for unhealthy products is
-0.99, and for healthy products is -0.99. Additionally, the promotion elasticities for
unhealthy products is 0.03 and for healthy products is 0.03.

These plots show that healthy products’ demands have a lower price elasticity,
reflecting their lower sensitivity to price changes. On the other hand, promotion
elasticities seem very similar across both categories. Finally, it’s worth noting that
the algorithm seems to capture correctly the price elasticities, but it greatly underesti-
mates the promotion elasticities due to measurement error.

We confirm that a “sin food” tax would have large effects on unhealthy products’
demands. But policymakers might also find interesting that promotions are another
tool at their disposal to tackle public health concerns. Indeed, taxing or regulating
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FIGURE 4: Estimated price and promotion elasticities for healthy and unhealthy
products
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(A) Price elasticity of unhealthy products
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(B) Price elasticity of healthy products
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(C) Promotion effects of unhealthy products
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(D) Promotion effects of healthy products

Notes: This figure shows price and promotion elasticities at means from 4,703 demand models as
specified in equation (1) for our restricted sample while separating healthy and unhealthy products.
We distinguish between estimates that are significant at the 95% and those that are not. The red
vertical line depicts the median of the estimates, regardless of significance; the blue line depicts the
median of the estimates significant at the 95%. We winsorize the estimates at -5 and 5 for clarity.
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promotions, on top of prices, might be effective on the margin.

4.2 The effect of a sin food tax on promotions

In this section we focus on the effect of a nationwide tax introduced on January
1, 2014 for drinks with added sugar and for high-calorie foods. We are interested
in observing if there is an effect of this tax on the periodicity of promotions. This
is relevant for public policy, because if promotions respond to taxes, these effects
should also be considered in the cost-benefit analysis of these kind of policies.

To analyze the impact of the taxes on promotions, we generate a Laspeyres index
where we fix the average consumption basket for each city-seller in 2013. Following
Aguilar, Gutierrez and Seira (2021) we construct this index to avoid confounding the
observed changes in the presence of promotions for a given set of products with the
shift in consumption towards products more frequently on promotion (regardless
of the tax). For each city-seller we are interested in three categories: taxed food and
beverages, untaxed food and beverages, and the control group (we decided a suitable
control would be cleaning products). For each category we calculate the share of
sales that came from products in promotion.

Using an event study framework we analyze the evolution of prices and promo-
tions in Figure 5. Collapsing to quarterly data, we regress our measures of promotion
frequency and price on leads and lags of the introduction of the tax (first quarter
of 2014), with brand-city-store fixed effects. We weight our estimates by revenue
and cluster the standard errors by brand-city-store. Coefficients on the leads and
lags are interpreted relative to the excluded category (the quarter prior to the tax).
We estimate regressions separately for taxed and untaxed products, using cleaning
products as a control. The plots in Figure 5 show estimates for a three-year window
centered around the tax.

The introduction of the tax resulted in a sharp reduction of promotions for taxed
products, but not for untaxed products. The share of taxed products bought with
a promotion declined around 3% in the first quarter of 2014 and it declined up to
10% after 6 quarters of the tax introduction (although estimates after a year of the tax
introduction are noisy). Meanwhile, untaxed products did not observe any significant
change in the share of products bought with a promotion for the year after the tax
introduction (a slight reduction appears to happen after a year, but estimates are also
noisy).
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The bottom two panels of Figure 5 show prices of taxed products had a sharp
increase at the beginning of 2014, while the prices of untaxed products remained
unchanged. These price changes are exactly what we would expect, and, reassuringly,
are similar to what Aguilar, Gutierrez and Seira (2021) find.

These results show that instruments of public policy like the sin food tax intro-
duced in Mexico in 2014 not only affect prices, but also the frequency of promotions.
While analyzing the reasoning behind the decline in promotions is beyond the scope
of this paper, we believe the results can inform policy design as they show that there
may be some unintended consequences of these public policy actions. Governments
may then want to also consider these secondary effects when designing them.

4.3 Heterogenous consumption by BMI level

Thanks to our rich dataset, we can also observe the body-mass index (BMI) of the
household head.7 In our sample the median BMI is 27 and 72% of the households’
heads have a BMI greater or equal to 25, which is the overweight definition by the
World Health Organization. In addition, 25% of households’ heads have a BMI
greater or equal to 30, which is the threshold for obesity.

Figure 6 shows the relationship between estimated price and promotion effects
and the average BMI at each city-seller pair. We find that the price elasticity is
constant with respect to the BMI level. However, the promotion elasticity follows a
U-shape where the elasticity is much higher for very high levels of BMI.

These findings have practical policy implications. If people who are overweight
are more susceptible to promotions, then a policymaker who is concerned about
public health issues, might find it worthwhile to regulate promotions on high-calorie
products.

5 Concluding remarks

We estimate demands for a wide range of consumer products using nationwide data
from Mexico. We find demands elastic to prices, and large promotion effects. We note
how these large promotion effects disappear if promotions are not directly observed

7The body-mass index of a person is their body mass, measured in kilograms, divided by the
square of their body height, measured in meters: kg/m2.
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FIGURE 5: Prices and promotions evolution after “sin food” tax
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(A) Promotions of taxed products
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(B) Promotions of untaxed products
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(C) Prices of taxed products
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(D) Prices of untaxed products

Notes: This figure shows the evolution of taxed and untaxed products around a tax to sugary
drinks and high-calorie foods was introduced in January 2014. We identify promotions as those
that are recorded from purchase receipts directly in the data. Coefficients from an event study
approach shown, with 95% confidence intervals constructed from standard errors clustered at the
brand-city-store level.

20



FIGURE 6: Estimated price and promotion elasticities by BMI
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(A) Price elasticity
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(B) Elasticity of promotions

Notes: This figure shows price and promotion elasticities at means from 4,703 demand models as
specified in equation (1) for our restricted sample. We identify promotions as those that are recorded
from purchase receipts directly in the data.

in the data, and are instead predicted using algorithmic strategies.
With estimated promotion effects, we break them down by product healthfulness,

by household BMI, and we analyze how firms react to “sin food” taxes by changing
the frequency of promotions. We do not find significant heterogeneity in the promo-
tion effects of healthy and unhealthy products. We do find firms use promotions less
frequently after sugary drinks and high-calorie products are taxed. Finally, we find
that high-BMI consumers are more sensitive to promotions.

From a policy perspective, the results suggest that policymakers could also regu-
late promotions, on top of prices, if their aim is to reduce high-calorie foods consump-
tion by using economic tools. While “sin food” taxes already decrease the usage of
promotions, their disproportionate effect on high-BMI people might warrant a direct
regulation.
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FIGURE 7: Estimated price and promotion elasticities; robustness to controlling for
base price
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(B) Elasticity of promotions
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(C) Price elasticity with promotion

-0.78

-1.07

0
.5

1
1.

5
2

2.
5

D
en

si
ty

-5 -4 -3 -2 -1 0 1 2 3 4 5
Marginal effect of log(price)

Significant
Not significant

# regs=4644

(D) Price elasticity without promotion

Notes: This figure shows price and promotion elasticities from 4,703 demand models as specified in
equation 1 for our restricted sample with the addition of a control for the base price at the brand-city-
chain store level. We identify promotions as those that are recorded from purchase receipts directly
in the data. We distinguish between estimates that are significant at the 95% and those that are not.
The red vertical line depicts the median of the estimates, regardless of significance; the blue line
depicts the median of the estimates significant at the 95%. We winsorize the estimates at -5 and 5
for clarity. The top two plots show price elasticities and price promotion elasticities at means. The
bottom plots show price elasticities conditional on having or not having a price promotion.
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FIGURE 8: Estimated price and promotion elasticities; without price and promotion
interaction
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(B) Elasticity of promotions

Notes: This figure shows price and promotion elasticities from 4,703 demand models as specified in
equation (1) for our restricted sample excluding the interaction term log(pjsct)× Djsct. We identify
promotions as those that are recorded from purchase receipts directly in the data. We distinguish
between estimates that are significant at the 95% and those that are not. The red vertical line depicts
the median of the estimates. The blue line depicts the median of significant estimates at 95% level.
We winsorize the estimates at -5 and 5 for clarity.
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FIGURE 9: Estimated price and promotion elasticities, using promotions identified
with the price algorithm; robustness to controlling for base price
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(C) Price elasticity with promotion
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(D) Price elasticity without promotion

Notes: This figure shows price and promotion elasticities from 4,703 demand models as specified in
equation 1 for our restricted sample with the addition of a control for the base price at the brand-city-
chain store level. We identify promotions from prices that are at least 5% below the base price, as
determined by the algorithm in Hitsch, Hortaçsu and Lin (2021). We distinguish between estimates
that are significant at the 95% and those that are not. The red vertical line depicts the median of the
estimates, regardless of significance; the blue line depicts the median of the estimates significant at
the 95%. We winsorize the estimates at -5 and 5 for clarity. The top two plots show price elasticities
and price promotion elasticities at means. The bottom plots show price elasticities conditional on
having or not having a price promotion.
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FIGURE 10: Estimated price and promotion elasticities, using promotions identified
with the price algorithm; without price and promotion interaction
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(B) Elasticity of promotions

Notes: This figure shows price and promotion elasticities from 4,703 demand models as specified
in equation 1 for our restricted sample excluding the interaction term log(pjsct)× Djsct. The plots
identify promotions from prices that are at least 5% below the base price, as determined by the
algorithm in Hitsch, Hortaçsu and Lin (2021). We distinguish between estimates that are significant
at the 95% and those that are not. The red vertical line depicts the median of the estimates. The blue
line depicts the median of significant estimates at 95% level. We winsorize the estimates at -5 and 5
for clarity.

FIGURE 11: Differences in estimated price elasticities with and without promotions
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(A) Promotions recorded directly in data
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(B) Promotions using the price algorithm

Notes: This figure shows the distribution of the differences in price elasticities with and without
promotions from 4,703 demand models as specified in equation 1 for our restricted sample. The plots
on the left identify promotions as those that are recorded from purchase receipts directly in the data.
The plots on the right identify promotions from prices that are at least 5% below the base price, as
determined by the algorithm in Hitsch et al. (2019). The top two plots consider all estimates, while
those in the bottom restrict to significant estimates (at the 95% level). The red vertical line depicts the
median of the estimates, regardless of significance; the blue line depicts the median of the estimates
significant at the 95%. We winsorize the estimates at -5 and 5 for clarity.
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FIGURE 12: Cumulative distributions of price elasticities with and without promo-
tions
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(B) Promotions using the price algorithm:
All estimates
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(C) Promotions recorded directly in data:
Significant estimates
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(D) Promotions using the price algorithm:
Significant estimates

Notes: This figure shows empirical cumulative distribution functions of price elasticities with and
without promotions from 4,703 demand models as specified in equation 1 for our restricted sample.
The plots on the left identify promotions as those that are recorded from purchase receipts directly
in the data. The plots on the right identify promotions from prices that are at least 5% below the
base price, as determined by the algorithm in Hitsch, Hortaçsu and Lin (2021). The top two plots
consider all estimates, while those in the bottom restrict to significant estimates (at the 95% level).
We winsorize the estimates at -5 and 5 for clarity. We show three non-parametric tests of equality of
continuous distributions.
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FIGURE 13: Estimated price and promotion elasticities for healthy and unhealthy
products, using promotions identified with the price algorithm
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(A) Price elasticity of unhealthy products
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(B) Price elasticity of healthy products
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(C) Promotion effects of unhealthy products
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(D) Promotion effects of healthy products

Notes: This figure shows price and promotion elasticities at means from 4,703 demand models as
specified in equation 1 for our restricted sample while separating healthy and unhealthy products.
We identify promotions from prices that are at least 5% below the base price, as determined by the
algorithm in Hitsch, Hortaçsu and Lin (2021). We distinguish between estimates that are significant
at the 95% and those that are not. The red vertical line depicts the median of the estimates, regardless
of significance; the blue line depicts the median of the estimates significant at the 95%. We winsorize
the estimates at -5 and 5 for clarity.
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