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Abstract

New technologies are transforming grocery coupons by enabling digital delivery via in-store
kiosks and mobile apps. We investigate the effectiveness of these “bottom-of-the-funnel” pro-
motions using a large-scale field experiment across 71 product categories. On average, in-store
coupons cause a fivefold increase in sales of the promoted brands and drive substantial category
expansion. The category expansion is not just temporal substitution. Instead, in-store coupons
appear to be effective at inducing customers to switch purchases from competing retailers. This
cross-retailer substitution makes in-store coupons less valuable for manufacturers, but especially
valuable for retailers.
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1. Introduction

New technologies are transforming the way retailers promote consumer packaged goods (CPG).

Retailers such as CVS, Winn-Dixie, Food Lion, and Stop & Shop now distribute coupons via

in-store kiosks (Hamstra 2023). Kroger, Target, Publix, and Best Buy have introduced mobile

apps that consumers can use to browse coupons in-store (Berthiaume 2022). Other emerging

technologies include digital in-store signage and intelligent shopping carts (Grewal et al. 2023).

These technologies are disrupting the $430 billion CPG coupon industry by delivering promotions

to customers at the very bottom of the purchasing funnel, when they are about to make a purchase.

Whether these “bottom-of-the-funnel” promotions are effective in physical retail remains an

open question. On the one hand, distributing coupons in-store reduces the gap between promotional

exposure and the purchase decision. Amazon’s sponsored search and on-site advertising share this

characteristic, and the effectiveness of these lower-funnel interventions has helped Amazon become

the world’s third-largest advertising company (Statista 2026). On the other hand, because in-

store promotions target customers who have already committed to a store visit, they may merely

subsidize existing purchase intent. If shoppers simply apply the discounts to planned purchases or

use them to pull demand forward from future weeks, the coupons will not generate incremental

growth. Determining which of these arguments prevails is an important measurement challenge.

We investigate the effectiveness of in-store coupons using a large-scale field experiment at a

major supermarket chain in Germany. The retailer delivers coupons via kiosks located near store

entrances, capturing customers at the beginning of their visits. The experiment was conducted

in a business-as-usual environment by distributing random coupons using the retailer’s couponing

system. The random coupon assignments exogenously varied the promoted brands and discount

depth across different customers. We use the retailer’s loyalty program to link coupon exposures

to consumers’ individual purchases and report the incremental (causal) effects across 101 CPG

campaigns spanning 71 categories.

In-store coupons dramatically increase purchases of promoted brands. On average, receiving

an in-store coupon causes purchase incidence to increase from 0.33% to 1.61% on the current visit.

Even though in-store coupons increase unit sales, we may be concerned that they do not increase

revenue because discounts offset the sales lift. Our findings assuage this concern. The sales increases
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in our study were more than enough to offset the discounts: the average revenue increased from

€6.59 to €34.09 per 1,000 coupons (per mille), with no statistically significant revenue losses across

any of the 101 campaigns.

In-store coupons also drive category expansion. Across the 101 campaigns, the lift in pro-

moted sales closely aligns with the total category growth, suggesting that the sales growth is largely

incremental to the retailer. We investigate whether the category expansion merely reflects temporal

substitution, yet find no evidence of a post-promotion dip when averaged across brands. In the

subset of categories where a dip does occur, the behavior is consistent with temporal substitution

of consumption, meaning the coupons may influence the timing of actual usage rather than induce

inventory accumulation. Overall, while temporal substitution occurs in isolated cases, the observed

category expansion represents an increase in demand at the focal retailer, rather than a simple

acceleration of future sales.

An alternative explanation for category expansion is store switching: customers purchase

immediately at the focal store rather than at competing retailers on future visits. We find initial

evidence of this in categories where consumption expansion is unlikely, such as toilet paper and

detergent. In these categories, we observe no post-promotion dip over the subsequent five weeks,

even among customers who had not purchased the category at the focal retailer in the three months

before the promotion. To investigate further, we compare stores located near versus far from

competitors. While both groups exhibit immediate category expansion, the sales increase persists

in stores near competitors, whereas a post-promotion dip occurs in more isolated stores. This

pattern is consistent with what we would expect if in-store coupons steal demand from competitors,

primarily when those competitors are nearby.

We provide additional evidence of store switching using household panel data. Because the

retailer introduced the coupon system in a subset of its stores (in one region), we can use a difference-

in-differences analysis to estimate the causal effect of the in-store coupon system on purchases from

each retailer. The introduction of the coupon system resulted in customers switching purchases

from competing retailers to the focal retailer. Moreover, the categories for which this effect was

largest in the panel data are the same categories for which we observe the largest category expansion

in our experiments. What makes this pattern especially notable is that it aligns category expansion
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and store switching evidence obtained from two independent identification approaches: randomized

variation within the focal retailer and difference-in-differences analysis of external panel data.

For manufacturers, the evidence of store switching undermines the benefits of the positive

brand effects in the focal store. For retailers, the category expansion is unambiguously favorable,

particularly given the evidence that temporal substitution plays only a limited role. A marketing

promotion that expands category sales by stealing sales from competitors is a very attractive tool

for a retailer.

Our study is conducted in a business-as-usual environment, providing causal evidence of

what manufacturers and retailers can expect when adopting in-store coupons. However, we caution

that these data describe customer behavior at a single supermarket chain and rely on a specific

distribution mechanism: coupons delivered at the store entrance, before customers reach the aisle.

While this timing allows us to capture “bottom-of-the-funnel” effects, additional research is required

to further study generalizability across different retail settings.

Outline of the Paper

The paper proceeds with a review of the related research in Section 2. We describe the data and

experimental setting in Section 3 and discuss the identification strategy in Section 4. We document

outcomes for the promoted brand in Section 5, and investigate category expansion in Section 6.

The paper concludes in Section 7.

2. Related Literature

There is a rich literature studying how consumers respond to coupons and price promotions. We first

review the literature on in-store coupons and then discuss research related to category expansion.

2.1 In-Store Coupons

The in-store coupons in this study are distributed when customers start their shopping trips. In

contrast, shelf and checkout coupons arrive in the middle and at the end of the trip (respectively).

This distinction is important. Coupons distributed at the start of a trip can affect whether a

customer visits an aisle, while this is less likely to occur with on-shelf or checkout coupons. We

can also contrast these coupons with coupons delivered at home. At-home coupons are received
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earlier in the purchase funnel and can a�ect the frequency and choice of which store to visit, which

in-store coupons cannot.

Previous investigations of in-store promotions include coupons distributed at the shelf, such as

coupons dispensed from J-hooks located directly in front of the promoted product (Dhar and Hoch

1996) or peel-o� coupons placed on individual packages (Raju et al. 1994). Dhar and Hoch (1996)

conducted two �eld experiments at 86 Chicago supermarkets. They �nd that on-shelf coupons yield

sales increases similar to price discounts, but because only 55% of purchasers redeemed coupons,

the revenue and pro�t increases were much larger for the coupons. Raju et al. (1994) conducted

a series of quasi-experiments at a UCLA student store in which they placed coupons on 14-oz and

20-oz soda-fountain drinks. They conclude that on-pack coupons lead to larger market share and

category sales lifts than peel-o� and in-pack coupons.

Two studies consider coupons delivered as customers enter a store. Heilman et al. (2002)

distributed printed coupons to 105 customers intercepted at the entrance of two St. Louis grocery

stores. In a similar study, Hui et al. (2013) distributed printed coupons to 90 customers entering

a grocery store in Pittsburgh. Both studies document the impact of the coupons on \unplanned"

purchases (in categories not on the shopping list). The interactions between researchers and cus-

tomers introduce a potential limitation to both studies, by introducing a risk that the interactions

themselves could impact customers' behavior in the store (Pollay 1968).1

Our paper contributes to this literature by investigating the e�ectiveness of in-store coupons

using a large-scale �eld experiment. Conducted in a business-as-usual retail environment, the

study unobtrusively embeds the intervention into shoppers' purchase journeys without making

participants aware of the experimental manipulation, thereby ensuring external validity. The loyalty

program data helps us link the coupon distribution to purchase outcomes and evaluate incremental

sales by di�erent customer segments. The �ndings demonstrate that in-store coupons are e�ective

for driving sales of the promoted brands and category expansion at the focal retailer.

1 In addition, Chiou-Wei and Inman (2008) study a setting in which \consumers browse the Web at home for any
suitable coupons available on the store coupon pages and print them out. In the case of forgetting and/or misplacing,
they can also get access to the coupon pages by running their shopping cards through terminals at the store and
printing out the coupons" (p. 297). The browsing and printing at home is very similar to clip-at-home coupons. An
important distinction is that we study the impact of in-store coupons using data from a �eld experiment.
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2.2 Category Expansion

Beyond the e�ects on the promoted brand, prior research has studied whether coupons can

contribute to category expansion by increasing consumption or inducing stockpiling. Chiang (1995)

�nds that for goods with �xed consumption rates, such as laundry detergent, promotions do not

drive category growth. In contrast, Ailawadi and Neslin (1998) demonstrate that for other categories

like yogurt, increased household inventory can accelerate consumption rates. Nijs et al. (2001)

further observe that price promotions can generate category expansion that persists for up to ten

weeks (see also Dekimpe et al. 1998; Mela et al. 1998).

The existing literature on in-store coupons o�ers limited insight into these category-level

dynamics. Heilman et al. (2002) and Hui et al. (2013) both focus on customer basket sizes rather

than total category sales. In the Dhar and Hoch (1996) study, the e�ects on category expansion

are confounded by concurrent promotional activity on competing brands during the study period.

Raju et al. (1994) also explicitly acknowledges that they do not investigate category expansion.

One explanation for category expansion is that coupons can increase consumption via impulse

purchasing. A key motivation for retailers' in-store marketing activities, including in-store coupons,

is to increase impulse purchasing (Abratt and Goodey 1990; Zhou and Wong 2004). Impulse

purchases are unplanned (see the discussion in Shapiro 2001), and often include a \powerful and

persistent urge to buy something immediately" (Rook 1987, p. 191). Bucklin and Lattin (1991)

propose a two-state model of purchase incidence and brand choice in which consumers shop in two

ways. Shoppers who have planned their shopping trips are unresponsive to in-store promotions.

In contrast, shoppers who have not planned their trips make impulsive decisions in the store and

respond more strongly to in-store promotions.

Alternatively, retailers are often concerned that in-store coupons merely subsidize purchases

that would have occurred anyway, shifting future demand to the present. Literature on price promo-

tions frequently supports this \temporal substitution" hypothesis, documenting a post-promotion

dip in sales following a promotion (Gupta 1988; Chiang 1991; Grover and Srinivasan 1992; Bell et al.

1999). Household stockpiling is often cited as the driver of this dip, though empirical evidence link-

ing a product's \suitability for stockpiling" to promotional response remains mixed. Some studies

report a positive relationship (Narasimhan et al. 1996; Bell et al. 1999; Ailawadi et al. 2006; Fok
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et al. 2006), whereas others report a negative or non-signi�cant relationship (Nijs et al. 2001; Lim

et al. 2005; Osuna et al. 2016).

Our study systematically investigates how in-store coupons impact sales of both the promoted

brand and overall category sales. The scale and scope of the study allow us to document the e�ects

across customers and product categories, providing evidence that the observed category expansion

is not merely temporal substitution. Instead, using two di�erent datasets, we provide convergent

evidence consistent with store switching. In the next section, we introduce our empirical setting

and discuss the design and implementation of the �eld experiment.

3. Data Overview

The data for our study were provided by a large German grocery retailer. The stores use a tradi-

tional supermarket format, and during the experiment, the retailer operated over 500 stores. The

product range included over 30,000 SKUs spanning food, beverages, and non-food products, such

as laundry detergents and paper towels. The stores use a HiLo price format, and the average price

point is similar to its moderately priced competitors. The retailer maintains a loyalty program to

collect customer data and distribute in-store coupons. Our dataset contains the purchases of all

customers who shopped in the retailer's 147 stores in one of Germany's federal states, including

over 250,000 customers in the retailer's loyalty program.2

The retailer communicates with loyalty program members through self-service kiosks (see

Figure 1). The kiosks allow customers to print in-store coupons and check their loyalty point

balances. During the study, the kiosk system was the only touchpoint between the retailer and its

loyalty program customers. On average, customers who participate in the loyalty program obtain

coupons from an in-store kiosk on 40% of their shopping trips.

Customers typically interact with the kiosks and obtain in-store coupons when entering the

store. After customers present their loyalty cards, the kiosk prints seven coupons, each of which

o�ers a discount on a single brand. When customers show their loyalty card at the checkout, they

automatically receive these discounts if they purchase any of the brands represented by the coupons.

2Loyalty program participants account for 21.1% of the retailer's total revenue. The penetration tends to be larger
in suburban residential areas with lower household incomes (up to 43.7%).
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Figure 1: In-Store Kiosk and Coupon Printout

Notes: The �gure depicts the self-service kiosk (left) and the coupon printout (right). The printout contains seven
coupons valid for the same day, regular and discounted prices, and the discount rate in percent.

If customers use the kiosk system multiple times in one day, they receive the same coupons; the

coupon assignments are determined the night before and are valid for a day.

The retailer manages coupons in campaigns, where each campaign promotes a speci�c brand's

products to loyalty program members over a set period. In our analysis, we use these campaigns as

our primary unit of observation to report how coupons a�ect sales of the promoted products. We

assigned each campaign to a product category using the retailer's internal category map. These

category de�nitions are relatively narrow. Examples include frozen pizza, cat food, deodorant, and

juice. On average, a category includes 103 SKUs, and the promoted brands in our experiment rep-

resent 13.3% of the revenue in their corresponding categories (see Web Appendix A for a complete

list).

The retailer allocates coupons to customers based on their past spending. For example, the

targeting system prioritizes coupons for the brands that a customer has purchased before. We will

label coupons that the system chooses to distribute to individual customers astargeted coupons.

The system ensures customers' daily coupons do not include multiple targeted coupons for the

same or competing brands (in the same category).
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3.1 Experimental Design

We obtained data from an experiment that we helped design and implement for the retailer, and

which became part of the retailer's standard practice. The experiment distributed random coupons

to both provide training data and evaluate the performance of the couponing system.

We illustrate the experimental design in Figure 2. By default, all seven coupons are tar-

geted. In the experiment, in 35% of kiosk visits, the couponing system replaces one of the targeted

coupons with a random coupon. The random coupons feature a randomly selected brand with

a random discount depth ranging from 5% to 50%. The coupon assignments and randomization

are implemented daily so that, on a given day, each customer has a 65% chance of receiving only

targeted coupons, and a 35% chance of receiving a random coupon.

Figure 2: Experimental Design with Random Coupons

If a customer receives a random coupon, the random coupon replaces one of the seven targeted

coupons. The targeted coupon that is replaced is randomly selected. The only exception is if the

printout already includes a targeted coupon for the same brand as the random coupon, the random

coupon replaces this targeted coupon (ensuring that the printout never includes two coupons for

the same brand).

We emphasize that the experiment only includes customers enrolled in this retailer's loyalty

program, so our results are limited to this group. The retailer price discriminates by restricting

coupon distribution to loyalty program members, deliberately excluding customers who have opted

not to join the program from receiving any coupons.
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The retailer's couponing system records which coupons are distributed to customers, includ-

ing the featured brands and discounts. The system also logs which coupons are targeted and which

coupons are random (if any). However, the retailer does not record which targeted coupons are

replaced by the random coupons, meaning there is no counterfactual policy logging in the system

(Johnson et al. 2017).

3.2 Descriptive Statistics

Table 1 reports descriptive statistics. The dataset includes 1,503,000 kiosk visits across 158 di�erent

dates (November 2015 to May 2016). Our unit of observation is a customer� date combination with

at least one kiosk visit. We focus on 88,840 random coupons distributed over 101 CPG campaigns,

which had regular sales prior to the experiment, distributed at least 400 random coupons, and had

no eligibility criteria. 3 We provide additional details about sample construction in Appendix A and

randomization checks in Web Appendix B. The �nal sample spans 71 product categories, including

food, drinks, and non-food CPG categories. The average discount per random coupon was 23.95%,

and the redemption rate for random coupons was 1.61%.

Table 1: Experimental Data Descriptive Statistics

Number of campaigns 101

Number of categories 71

Number of random coupons 88,840

Number of shopping trips with kiosk usage 1,503,000

Average discount per random coupon 23.95%

Redemption rate for random coupons 1.61%

Average face value per redeemed random coupon ¿0.84

Our analysis focuses on incremental changes in purchase incidence, quantity, and revenue

(see Table 2). Brand managers who execute and evaluate campaigns typically focus on quantity

and revenue, and the retailer reports these outcomes in its campaign dashboard. The revenue

measure o�ers the advantage of accounting for price discounts. We consider incidence because we

can measure treatment e�ects for this binary variable with high precision. Comparing multiple
3Some brand managers restricted the distribution of coupons to a subset of customers (e.g., customers who had
recently purchased in the category). To avoid selection e�ects and facilitate our comparison of treatment e�ects, we
excluded brands that used such eligibility criteria.
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metrics also allows us to evaluate the robustness and consistency of our �ndings.

Table 2: Performance Metrics

Metrics Description Type

Purchase Incidence Did a customer purchase or not? f 0; 1g

Quantity How many units did a customer purchase? N0

Revenue How much did the customer spend? R0

Our primary analysis focuses on the day that the customer used the kiosk to obtain in-store

coupons, although in Section 6 we also extend the measurement window to include purchases in

subsequent weeks. We next describe an identi�cation approach that estimates the average treatment

e�ect for each coupon campaign.

4. Identi�cation Approach

Our goal is to measure the average treatment e�ect (ATE) of in-store coupons for loyalty program

customers on days that they use the kiosk (customer� date observations). The ATE captures the

average impact of providing a coupon for the focal brand, compared to not providing a coupon for

the focal brand:

ATE � E[Y (C = 1) � Y (C = 0)] ; (1)

where Y(C = 1) and Y(C = 0) indicate potential outcomes with and without a coupon, and

the expectation integrates over customer� date observations. Y refers to the performance metrics

described in Table 2. The ATE does not confound in-store coupon e�ectiveness with the retailer's

targeting algorithm. 4

4.1 Estimator

To estimate Equation (1), we can interpret the random sample of customers who received a random

coupon for the focal brand as a \treatment" sample. Outcomes for these customers directly provide

an estimate ofE[Y (C = 1)]. The remaining customers are equivalent to the treatment sample and

did not receive arandom coupon for the focal brand. However, we cannot use their average outcomes

4As an alternative, we could study the treatment e�ects of targeted in-store coupons (ATT), but these �ndings would
be speci�c to the �rm's current targeting algorithm.
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to directly estimate E[Y (C = 0)], because some of these customers received atargeted coupon for

the focal brand.

To account for the focal brand's targeted coupons, our identi�cation approach leverages

random coupons for non-focalbrands to infer the ATE for the focal brand. We summarize our

identi�cation approach here and provide additional details in Appendix B. For each brand, we

de�ne three groups of customer� date observations:

1. Focal: Observations in which a customer received a random coupon for the focal brand. This
is the treatment sample.

2. NonFocal: Observations in which a customer received a random coupon for any non-focal
brand.

3. NoRandom: Observations in which a customer did not receive any random coupons (all
coupons are targeted).

The experimental variation ensures that, for each brand, the three groups are equivalent, mutually

exclusive, and representative of the overall customer� date population. The Focal observations

always received a coupon for the focal brand, due to the random assignment. TheNonFocal and

NoRandom observations do not receive a random coupon for the focal brand in the experiment,

but they could receive a targeted coupon for the focal brand.

We estimate the average treatment e�ect for the focal brand using the following equation:

[ATE = �Y (Focal)
| {z }
E[Y (C=1)]

�
h

�Y (NoRandom) � 1=p�
�

�Y (NoRandom) � �Y (NonFocal)
�i

| {z }
E[Y (C=0)]

(2)

where �Y (�) indicates the average outcome in the corresponding group, andp is the probability

that a random non-focal coupon replaces a targetedfocal coupon. This probability is de�ned over

observations in which the customer is assigned to receive both a random non-focal coupon and a

targeted focal coupon. In our setting, there are seven targeted coupons that could be replaced by

the non-focal coupon, so there is a one in seven chance that the targeted coupon for the focal brand

is the one that is replaced (p = 1=7).

The treatment e�ect estimator in Equation (2) contains two components. The �rst com-

ponent captures the average outcome in the treatment sample,Focal, to estimate E[Y (C = 1)].

The second component estimatesE[Y (C = 0)] using the outcomes in the NoRandom and NonFocal
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conditions. Intuitively, the experimental design ensures the equivalence of observations in these two

conditions. However, inNonFocal, random non-focal coupons replacep proportion of (any) targeted

coupons, so there are fewer focal targeted coupons inNonFocal than in NoRandom. We know this

is the only cause of di�erent outcomes between the two conditions. We can thus recover the e�ect

of the targeted coupons inNoRandom by scaling the di�erence in outcomes betweenNoRandom

and NonFocal by 1=p. We obtain E[Y (C = 0)] by subtracting this e�ect from �Y (NoRandom). We

illustrate this intuition using an example in Appendix B.

We also note that this adjustment for targeted coupons actually has little impact on the

results in our study. If we forgo this adjustment and use the simple di�erence-in-means estimator,

we obtain similar ATE estimates, and our substantive conclusions are unchanged.

4.2 Identi�cation Assumptions

The proposed estimator relies on two assumptions commonly used in the causal inference literature

(Angrist et al. 1996; Johnson et al. 2017). First, we make the stable unit treatment value assumption

(SUTVA). SUTVA requires that the potential outcomes for any given observation do not vary with

the treatment assignment for other observations. In our context, this implies that receiving a

coupon does not a�ect the shopping behavior of other customers in the store at the same time, and

receiving a coupon does not change the potential outcomes for that same customer on subsequent

dates. Second, we assume that the coupon treatment e�ects do not extend across brands. This

exclusion restriction implies that replacing a focal coupon with a random non-focal coupon shifts

a potential outcome from Yi (1) to Yi (0). In Appendix B, we show that the proposed estimator is

unbiased under these two assumptions and we derive its variance.

In principle, the panel structure of our data and competitive spillovers can introduce threats

to these assumptions. Regarding SUTVA, we note that the absence ofcross-customerspillovers is

plausible, but using multiple customer� date observations per customer introduces the possibility of

temporal spillovers (such as forward-buying), altering a customer's subsequent potential outcomes.

Regarding the exclusion restriction, we recognize that competing brands' coupons could a�ect sales

of the focal brand. Our identi�cation approach naturally partials out these competitive e�ects in

the \control" condition, but targeted competitive coupons can co-occur with random focal coupons,

which could introduce bias.

12



We explicitly address both concerns in Web Appendix C by replicating our analysis with a

restricted sample. To rule out temporal spillovers, we isolate only the �rst customer� date obser-

vation for every customer in the experiment, and to rule out competitive spillovers, we restrict the

sample to campaigns without competitor coupons. Although this substantially reduces our sample

sizes, the key �ndings all remain robust, and the patterns supporting our proposed mechanisms

remain directionally aligned. This empirical stability is consistent with our setting: competitive

coupons are rare (co-occurring in< 1% of \treatment" observations), and their spillover e�ects are

negligible compared to the main focal e�ects. While temporal spillovers are harder to rule outa pri-

ori , the evidence from the �rst-observation sample con�rms that potential temporal dependencies

do not a�ect our conclusions.

4.3 OLS Implementation

We implement the proposed identi�cation approach using an OLS regression framework. Speci�-

cally, we stack the observations from theNoRandom, NonFocal, and Focal groups, and then estimate

the following regression model:

Yi = � + � F � Focali + � NF � NonFocali + 
 � Controlsi + " i ; (3)

where Focali and NonFocali are indicator variables for the respective experimental groups, and

Controls represents a vector of covariates. We then calculate the estimated average treatment

e�ect for the focal brand by combining the estimated coe�cients:

[ATE = �̂ F �
1
p

� �̂ NF : (4)

Without controls, this regression-based approach is mathematically equivalent to the esti-

mator in Equation (2). The baseline group isNoRandom, so the intercept � represents the average

outcome for customers who received only targeted coupons. Because customers are randomly as-

signed to groups, �̂ F captures the di�erence �Y (Focal) � �Y (NoRandom), while �̂ NF captures the

di�erence �Y (NonFocal) � �Y (NoRandom).

To improve estimation precision, we include (customer� date)-speci�c covariates as controls,

which absorb residual variance in the purchase outcomesYi . The controls include RFM (Recency,
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Frequency, Monetary) measures calculated over a 90-day window prior to the coupon receipt. We

also cluster standard errors at the customer level. This is necessary because the same customer

may appear in the sample on multiple dates, potentially leading to within-customer correlation

across observations.

The regression framework supports the three outcome measures introduced in Table 2. In

Section 6, we also use this approach to calculate category-level treatment e�ects. In particular, we

estimate separate ATEs with category-level outcome measures for each campaign, and then average

these ATEs across campaigns within each category.5

5. Brand Treatment E�ects

This section evaluates the impact that in-store coupons have on sales of the promoted (focal) brands.

We �rst report the distribution of ATEs across the 101 CPG campaigns. We then investigate how

these e�ects vary depending on customers' previous experience with the brand and category. The

section concludes by analyzing how the treatment e�ects vary with the depth of the discount,

o�ering insight into the primary mechanisms driving in-store coupon e�ectiveness.

5.1 Distribution of Brand ATEs

In Figure 3, we report the distribution of the ATEs for the promoted brands. Each data point

represents a treatment e�ect estimate for a single campaign on the day that the customer received

the coupon, and the error bars indicate 95% con�dence intervals. Panel A measures the percentage

increase in purchase incidence, while Panels B and C report the incremental quantity (units) and

revenue lift (Euros) per 1,000 coupons (per mille). For example, an e�ect size of¿10 indicates that

the focal brand's average revenue per 1,000 coupon impressions was¿10 higher than the average

revenue per 1,000 kiosk visits without a coupon for the focal brand.

In-store coupons drive incremental sales for almost all brands. The purchase incidence treat-

ment e�ects are positive for 99 of the 101 campaigns, and 67.3% of the e�ects are statistically

signi�cant ( p < 0:05). We observe a very similar pattern for the quantity and revenue treatment

e�ects. Overall, the average ATE across the 101 brands is 1.28% incremental purchase incidence,

5We also considered an alternative approach where we pool observations across campaigns within a category and
estimate a single treatment e�ect. Both approaches yield very similar estimates.
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Figure 3: Distribution of Average Treatment E�ects (ATEs)

(A) Purchase Incidence

(B) Quantity

(C) Revenue

Notes: The �gure summarizes the distribution of average treatment e�ects for the 101 brands. Panel A reports the
incremental purchase incidence for each brand (in percentage points). Panel B reports the incremental quantity
sold (in units per 1,000 coupons). Panel C reports the incremental revenue (in ¿ per 1,000 coupons). Error bars
indicate 95% con�dence intervals.
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20.28 incremental units, and ¿27.50 additional revenue per 1,000 coupons. We do not �nd any

negative treatment e�ects that are statistically signi�cant for any campaign across any measure.

The revenue measure incorporates coupon discounts, which average 23.95% across the sam-

ple. To o�set this price reduction, coupons need to increase purchase quantities by a factor of 1.31x

to ensure that revenue breaks even. This is a substantial threshold, which might make some man-

ufacturers hesitant to allocate budget to this channel. However, despite this breakeven threshold,

in-store coupons yield revenue gains for essentially every brand in our sample. In-store coupons

drive a 4.9x average increase in purchase incidence, a 6.3x increase in quantity sold, and a 5.2x

increase in revenues.

Table 3 illustrates these e�ects using six globally recognized brands. In-store coupons are

e�ective in driving sales for all six brands. For example, Coke's revenue increases by 86%, and

coupons yield even more substantial gains for other brands, with sales lifts for Maggi spice mixes

exceeding 16x for quantity and 10x for revenue. As expected, revenue lifts are generally smaller

than quantity lifts because the revenue measure accounts for the price reduction from the discount.

The Coke example is particularly interesting. Customers purchase Coke on 1.7% of shopping

trips without Coke coupons, which is among the highest purchase rates for brands in our sample.

This creates a risk that in-store coupons provide discounts to customers who would purchase any-

way. We �nd that despite the high baseline purchase rate, the incremental demand for Coke is

large enough to o�set the discounting.

Table 3: Treatment E�ects for Six Global Brands

Incidence Quantity Revenue

No Coupon ATE No Coupon ATE No Coupon ATE

Ben's Original rice 0.14% 1.38% 1.74 18.25 ¿3.05 ¿26.34

Coke soft drinks 1.70% 1.29% 27.09 26.87 ¿26.00 ¿22.45

Johnnie Walker whisky 0.13% 0.97% 1.35 9.48 ¿12.81 ¿84.36

Lindt chocolates 0.11% 0.86% 1.47 10.83 ¿4.29 ¿24.57

Maggi spice mix 0.14% 1.40% 1.90 31.44 ¿2.19 ¿23.85

Schauma shampoo 0.08% 0.69% 0.84 9.00 ¿1.85 ¿13.03

Notes: The table reports the ATEs and outcomes in the condition without a random coupon for six
globally recognized brands.
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To systematically investigate the variation in ATEs across the 101 campaigns, we analyze

how treatment e�ects correlate with four brand features: penetration, loyalty, price position, and

interpurchase time. These features are constructed using the retailer's loyalty card data. The

strongest relationship is for brand penetration; brands with higher baseline penetration tend to

yield larger ATEs. One explanation is that some customers do not need some categories, and in-

store coupons cannot change this. If few customers have pets, then we would expect both a low

penetration rate for pet food brands and a relatively small response to pet food coupons. Other

brand features are less predictive of the ATEs. We discuss these results in Web Appendix D, where

we also provide precise de�nitions of the four brand features.

5.2 Heterogeneity in Treatment E�ects Across Customers

Many retailers allow brands to choose whether in-store coupons are distributed to past brand

customers, customers of competing brands, or customers who have not recently purchased in the

category. To investigate the variation in treatment e�ects across these options, we use loyalty data in

the three months before the coupon experiment to group customers into three customer segments:

Not Category Customers(80%), Category Customers with Promoted Brand(3%), and Category

Customers without Promoted Brand(17%). We then calculate conditional average treatment e�ects

(CATEs) separately for each segment, which we then average across the 101 brands. In Figure 4,

we report the CATEs for the promoted brand (on the current trip) by each segment.

Figure 4: Heterogeneity in Treatment E�ects for the Promoted Brand

(A) Purchase Incidence (B) Quantity (C) Revenue

Notes: The �gures report the average ATEs (on the current trip) averaged across the 101 focal campaigns. Each
column represents a di�erent customer segment. Error bars indicate 95% con�dence intervals.

Figure 4 reveals an important distinction between segment-level responsiveness and the ag-

gregate composition of the treatment e�ects. The largest treatment e�ects occur for the Category
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Customers with Promoted Brand segment. Among these customers, the promoted brand's revenue

increased by over¿283 per mille. However, signi�cant lifts also appear among the customers who

had only purchased other brands in the category in the previous three months (¿57 per mille) or

had not purchased in the category in that prior period (¿21 per mille). Notably, while existing

brand buyers are the most responsive per-coupon, they represent only 3% of the population. Be-

cause theCategory Customers with Promoted Brandand Not Category Customerssegments are

substantially larger, they account for the vast majority of the aggregate revenue lift. These �ndings

suggest that the value of in-store coupons lies in their ability to also drive acquisition and category

expansion, rather than just deepening loyalty among existing brand buyers.

5.3 Discount Depth

Recall that our experimental design randomized two coupon features. First, we varied which brand

was assigned to individual customers so that one customer received a coupon for Coke, whereas

another customer received a coupon for detergent. Second, we also randomized the discount level.

For example, one customer received a 15% discount for Coke, whereas another customer received a

30% discount for Coke. We randomly assigned a discount with equal probability from the discount

levels that the manufacturer made available for that brand. The exogenous variation in discount

levels enables us to measure (causal) treatment e�ects as a function of discount depth.

We start by segmenting observations by discount levels. We bin observations into �ve buckets

each spanning 10 percentage points:� 10%, (10%, 20%], (20%, 30%], (30%, 40%], and> 40%. Using

the identi�cation strategy in Section 4, we calculate campaign-level treatment e�ects within each

bucket and report the average ATEs in Figure 5.6

Figure 5 reports positive purchase incidence and quantity treatment e�ects for all discount

levels (Panels A and B). Treatment e�ects increase monotonically with the discount depth, so that

larger discounts lead to larger treatment e�ects, but this trend 
attens at the highest discount

levels. The di�erences in treatment e�ects are statistically signi�cant between small and large

discounts, but not between the two largest discount bins. Previous research has reported similar

patterns for coupon redemption rates (Dhar and Hoch 1996; Danaher et al. 2015; Molitor et al.

6Some brands do not distribute coupons with the highest and lowest discount values. We present the results for the
subset of brands that use all possible discount buckets in Web Appendix E.
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2016).

Figure 5: Treatment E�ects at Each Discount Level

(A) Purchase Incidence (B) Quantity (C) Revenue

Notes: The �gure depicts treatment e�ects as a function of the discount depth. Treatment e�ects within each
discount bucket are �rst calculated at the brand level. The bars represent means calculated by averaging across
the brands. Error bars indicate 95% con�dence intervals calculated using a non-parametric bootstrap.

The revenue treatment e�ects are also all positive and statistically signi�cant (Panel C).

They increase monotonically for discounts up to 40%. However, for discounts above 40%, revenue

treatment e�ects eventually start to decrease because the gains in purchase rates are o�set by

customers paying lower prices because of discounts (Neslin 1990).

The evidence that customers are more likely to purchase when they receive larger discounts

is consistent with standard arguments that customers are price sensitive. They con�rm that the

discount itself is an important driver of the increase in sales of the focal brand. However, treat-

ment e�ects in Figure 5 remain positive even at minimal discount levels (< 10%). This suggests

that the coupon also serves an \exposure" or \advertising" function that increases brand salience

independent of the price incentive. This is consistent with previous research that has argued that

price promotions can enhance customer engagement and help to shape consumer behavior through

psychological and social mechanisms (Shimp and Kavas 1984; Inman et al. 1990).

Although both mechanisms could contribute to coupon e�ectiveness, the price e�ect appears

to be the primary driver of the total lift. If we interpret the treatment e�ect at the lowest discount

bin as a proxy for the exposure e�ect, the substantial and monotonic increase in lift as discounts

move toward 40% indicates that the price component accounts for the majority of the incremental

sales. We conclude that mere exposure to in-store coupons may serve as a valuable point-of-sale

\nudge", but signi�cant shifts in brand performance remain largely dependent on the depth of the
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price incentive.

5.4 Discussion

Our �ndings reveal a consistently large increase in purchases of the promoted brand on the day

customers received the coupon. The volume increase is su�ciently large to o�set the coupon

discount, leading to revenue gains for nearly all 101 brands. The consistency of the revenue result

is particularly remarkable given that in-store coupons can be exercised immediately, which results

in high redemption rates. In our empirical context, coupons are automatically redeemed when

customers buy the promoted product. The revenue increase occurs despite this 100% \redemption

rate".

Our �ndings highlight the versatility of in-store coupons. Di�erent brands have di�erent

objectives for their promotions. Some are focused solely on expanding top-line sales, while others

want to induce brand switching or attract new customers into the category. In-store coupons are

an e�ective tool for achieving these di�erent goals. The sales increases for the promoted brand are

not limited to the promoted brand's past customers. Sales of the promoted brand also increase for

past customers of other brands, and for customers who had not recently purchased in the category.

This suggests that in-store coupons are as much an acquisition and expansion tool as they are a

loyalty incentive.

The purchase incidence treatment e�ects increase monotonically with the depth of the coupon

discounts. We interpret this as evidence that customer price sensitivity is a primary driver of these

treatment e�ects. However, positive treatment e�ects at even nominal discount levels suggest a

dual mechanism. While price incentives a�ect sales most signi�cantly, the coupon's role as a point-

of-sale \nudge" likely enhances customer engagement and brand salience, providing a baseline lift

independent of the discount magnitude.

6. Impact of the In-Store Coupons on Category Sales

While increasing a brand's sales is valuable for a manufacturer, retailers care about the performance

of the entire category. This section shifts the focus from brand-level outcomes to evaluating whether

in-store coupons contribute to category expansion. We use the identi�cation approach for category-

level outcomes that we described at the end of Section 4.
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Figure 6 provides consistent evidence of category expansion that matches the brand uplifts

across all metrics. The increases in theQuantity outcome measures are particularly notable. The

Quantity gains cannot be explained by price di�erences in the category, either due to the discounts in

the treatment condition, or due to switching between higher or lower priced products in the category.

The positive Revenue ATEs further con�rm that the quantity increase more than compensates for

the price reductions o�ered by the coupons. We provide a complete list of product categories and

category-level ATEs in Web Appendix A.

Figure 6: Brand and Category ATEs

(A) Purchase Incidence (B) Quantity (C) Revenue

Notes: The �gures report the average Brand and Category ATEs (on the current trip) averaged across the 71
product categories. Error bars indicate 95% con�dence intervals.

Figure 7 illustrates the relationship between brand-level and category-level quantity ATEs.

The strong pairwise correlation (� = 0 :76, p < 0:01) suggests that campaigns driving the largest

brand gains are also the most e�ective at expanding the category. The close alignment of the

observations around the 45-degree line also highlights that the magnitude of the brand e�ects is

similar to the magnitude of the category e�ects. This implies that category expansion is a primary

source of the incremental brand sales.

In the remainder of this section, we investigate the drivers and boundary conditions of this

category expansion. To rule out price e�ects, we focus our analysis onQuantity as the outcome

measure.

6.1 Temporal Substitution

A common concern with price promotions is they can result in a \post-promotion dip": immediate

sales gains are o�set by reduced demand in subsequent weeks (see, for example, Neslin et al.
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Figure 7: Scatter Plot of Brand ATEs and Category ATEs

Notes: The �gure reports a scatter plot of brand-level ATEs (averaged by category) and category-level ATEs.
All ATEs are measured using the Quantity outcome measure. The unit of observation is a category.

1985; Neslin and Schneider Stone 1996; Van Heerde et al. 2000; Hendel and Nevo 2003; Mac�e and

Neslin 2004). To investigate whether in-store coupons pulled demand forward resulting in a post-

promotion dip, we repeated our category-level analysis using longer measurement windows that

combine outcomes on the current visit with outcomes on future visits.7

In Figure 8, we report the post-promotion ATEs using two di�erent approaches. Panel A

summarizes outcomes for the \Immediate" ATE on the day of the coupon distribution, and the

5-week period starting the day after the distribution date (\Post-Period"). The \Immediate" ATE

on the day of coupon distribution is positive and signi�cant, while the \Post-Period" ATE (the

following 5 weeks) is essentially zero.

Panel B reports cumulative �ndings using six measurement windows: the day the coupon is

distributed (\Immediate"), the distribution date and the next six days (\One Week"), the distri-

bution date and the next thirteen days (\Two Weeks"), etc. This cumulative analysis shows no

7We emphasize that our goal in studying post-treatment e�ects is to investigate whether the evidence of category
expansion in Figure 6 is merely due to temporal substitution (e.g. forward-buying). We recognize that post-
treatment e�ects could also result from changes in �rm actions after the treatment, such as more frequent targeted
coupons. We are agnostic to the source of these e�ects, and instead focus on whether they o�set the immediate
category expansion. We also note that for �rms the key question is: if a customer receives a coupon today, what is
the total future e�ect on future purchasing (including changes that result from future �rm actions)?
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evidence of erosion in the initial sales lift over time, suggesting that the observed category expansion

primarily re
ects incremental demand rather than simple purchase acceleration.8

Figure 8: Temporal Substitution: Immediate and Post-Period Category-Level ATEs

(A) Distinct Periods (B) Cumulative Periods

Notes: These �gures plot category-level Quantity ATEs averaged across the 71 categories. In Panel (A), we report
separate �ndings for the Immediate and Post-Period. In Panel (B), we report cumulative �ndings. Error bars
indicate 95% con�dence intervals.

While the aggregate e�ect shows no dip, we tested whether speci�c categories prone to

stockpiling behaved di�erently. Using the Narasimhan et al. (1996) two-item Stockpiling scale, we

found no signi�cant relationship between a category's suitability for storage and its Immediate or

Post-Period ATE. We do observe an indication of a post-promotion dip in suburban stores, where

stockpiling is presumably more common. In urban stores, it is clear that coupon e�ectiveness

extends beyond any stockpiling e�ects. These results are reported in Appendix C, and the data

collection for the stockpiling variable is described in Web Appendix F.

To explore this further, we compared perishable versus non-perishable categories. The 11

perishable categories include ready-to-eat meals, dairy products, and (cooked) meat sausages (see

a complete list in Web Appendix A). Intuitively, shelf-stable goods should be more susceptible

to stockpiling and thus more likely to show a post-promotion dip. However, Figure 9 reveals the

opposite: in perishable categories (e.g., milk, yogurt, sausages), the immediate gains are almost

completely o�set in the Post-Period. In contrast, non-perishable categories show no such erosion,

with the overall e�ect remaining stable over time.
8At the category level, post-promotion dips remain signi�cant only for two of the 71 categories (using Bonferroni
correction): alcohol chocolates and potato pancakes.
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This divergence suggests that the post-promotion dip in our setting may be driven by con-

sumption shifts rather than household inventory behavior. An immediate surge in consumption

(e.g., eating more chocolate) may lead to subsequent satiation or a desire for variety, reducing

demand in the following weeks. For shelf-stable items, customers may maintain large enough in-

ventories to bu�er these short-term consumption 
uctuations. However, in perishable categories,

purchase timing is tightly linked to consumption. While we do not directly observe consumption,

products that can be consumed immediately often belong to high-impulse categories (e.g., choco-

late). In Web Appendix G, we observe some evidence of a negative correlation between Post-Period

ATEs and measures of whether the category is susceptible to impulse purchasing (including the

two-item impulse survey scale by Narasimhan et al. 1996).

Figure 9: Category ATEs: Perishable vs. Non-Perishable Categories

(A) Perishable Categories (B) Non-Perishable Categories

Notes: The �gures report cumulative category-level Quantity ATEs averaged across the 11 perishable categories
(Panel A) and 60 non-perishable categories (Panel B). Error bars indicate 95% con�dence intervals.

While we do �nd some examples of temporal substitution, this mechanism cannot fully

explain the category expansion we observe on the day the in-store coupons are received. When

averaging across all 71 categories, the in-store coupons did not result in a post-promotion dip. We

next investigate an alternative explanation for category expansion: customers switching purchases

from competing retailers.

6.2 Store Switching

Recall that prior research investigating category expansion distinguishes between products with

�xed consumption rates (e.g., laundry detergent) and products for which consumption can expand

(e.g. yogurt). To motivate our discussion of store switching, we �rst examine 13 product categories
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where consumption appears inelastic: deodorants, facial tissues, hair sprays, paper towels, shampoo,

shower gels, toilet paper, toothpaste, dishwasher detergents, fabric softeners, laundry detergents,

cat food, and dog food. In all of these categories, increased sales are unlikely to be driven by

consumption expansion. For example, a coupon for toothpaste or pet food is unlikely to induce a

customer to use more of the product or acquire a new pet.

Figure 10 shows category expansion in these categories. The immediate e�ects are not

followed by a post-promotion dip. This pattern is particularly evident among customers without a

category purchase at the focal retailer in the three months before the coupon exposure (Panel B).

For this group, the cumulative e�ect remains positive and signi�cant �ve weeks post-promotion.

This category expansion cannot be attributed to temporal substitution and is unlikely to result

from customers increasing their consumption.9

Figure 10: Categories in Which We Do Not Anticipate Changes in Consumption

(A) All Customers (B) Customers Without a Category Purchase

Notes: The �gures report cumulative category-level Quantity ATEs averaged across nine categories in which we
do not expect coupons to cause changes in consumption. Panel (A) includes all customers, Panel (B) includes
customers without a prior category purchase at the focal retailer in the 90 days before customers received the
in-store coupon. Error bars indicate 95% con�dence intervals.

One explanation for these �ndings is store switching, where in-store coupons enable the focal

retailer to capture purchases that would otherwise occur at competing retailers (on future trips). We

provide two additional analyses to support this explanation. First, we compare treatment e�ects

calculated using purchases at stores located close to competing stores versus stores not located

9Notice that we do not conclude that there is no consumption expansion or temporal substitution, just that these
explanations are not su�cient to fully explain the category expansion. Recall also that because we focus on Quantity
purchased, brand switching is (largely) ruled out as an explanation.
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