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Media has become increasingly abundant and accessible. Due to the wealth of com-

peting provides, consumer attention is an important limiting factor in information con-

sumption. Since attention is uniquely scarce – one cannot buy more time – there may

be far-reaching economic implications of changing how consumers allocate their atten-

tion.

This dissertation is composed of three chapters, each analyzing a different conse-

quence of consumer attention constraints. Broadly, the three chapters focus on: Mea-

suring engagement spillovers that result from consumer attention cascades; under-

standing how promotional messages can affect attention paid to different spending

categories; and investigating the implications of having more granular measurements

of attention to advertising as well as studying how attention can be influenced by ad-

vertising content.

The first chapter explores the importance of consumer attention in a context where

consumers are choosing one or more coupons from a large set. Price promotions are

typically offered in groups on websites, mailings and circulars, but little is known

about how promotional offers in near proximity affect each other. Across two large-

scale field experiments conducted on a multi-brand coupon website, we find that when

lead promotions offer high-value deals, consumers are more likely to print subsequent

offers, a finding we call a “lead offer spillover.” Additional analyses and experiments

indicate that larger lead offers increase consumer search for subsequent offers rather

than changing evaluative judgments or generating complementarities between lead



and subsequent offers. This highlights the importance to firms of attracting attention

in the first place, as there can be positive downstream effects.

The second chapter investigates how specific promotional messages can influence

how consumers allocate their attention. We find that framing a savings message as

benefiting the baby (i.e., Save “For Your Baby”) significantly increases coupon print-

ing. This framing effect is equivalent to an incremental $0.05 of coupon value and

is larger than the effect of a traditional call to action (i.e., “Act Now”). Additional

studies suggest the effect is primarily driven by mental accounting. Specifically, the

beneficiary frame increases the likelihood an offer is coded as belonging to a particular

budget category. The results suggest a novel, low cost pathway for marketers to in-

crease promotion uptake. Focusing consumer attention on specific attributes or people

in their lives can have important implications for marketing effectiveness.

The concluding chapter addresses the challenge of measuring and maintaining

viewer attention from the perspective of a TV broadcaster. Instant access to social me-

dia, news, and work has raised the opportunity cost of engaging with TV ads. The re-

sult may be a significant difference between traditional engagement measures, e.g., TV

tuning, and measures which can capture more nuanced behaviors. This third chapter

asks two questions relating to viewer behavior in the context of TV advertising. First,

how do traditional TV audience measurement metrics relate to a novel set of viewer

measures that may be more aligned with broadcasters’ and advertisers’ interests? Sec-

ond, what is the relationship between these new measures and advertising content?

To answer these questions, we leverage novel, in-situ, audience measurement data

that use facial- and body-recognition technology to track tuning, presence (in room

behavior), and attention for a panel of several thousand viewers and millions of ad

impressions. We consider four different classifications of advertising content based on

human and machine-coded features. We find meaningful differences in the absolute



levels and dynamics of these behaviors, and can identify ad content for which viewers

are systematically more likely to change the channel, leave the room, and stop paying

attention. Such ads reduce the pool of attention to subsequent advertisers as well as to

the platform itself, creating a negative externality. We quantify these spillover effects

for the publisher by conducting a series of counterfactual simulations, and find that

requiring advertisers to improve their content can result in significant increases in the

cumulative levels of viewer tuning, in-room presence, and attention.

Attention has historically been hard to measure, but that is rapidly changing.

Browsers track what consumers are looking at on the web, while a multitude of devices

(e.g. cell phones, TVs, and watches) can track how consumers are spending their time

in real world, sometimes even linking actions across the physical and digital domains.

This dissertation leverages novel sources of data to investigate the importance of un-

derstanding how consumers allocate their attention. It provides evidence for positive

benefits from grabbing attention in the multi-product choice context of online coupons;

it describes the benefits of getting consumers to pay attention to the direct benefactor

of their purchases; and it investigates the implications of better attention measurement

in the context of TV advertising.
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CHAPTER 1

INFLUENCING CONSIDERATION AND PURCHASING THROUGH

ATTRACTIVE LEAD OFFERS

Matthew McGranaghan Geoffrey Fisher

Dyson School of Applied Dyson School of Applied
Economics and Management Economics and Management

Cornell University Cornell University

Jura Liaukonyte Kenneth C. Wilbur

Dyson School of Applied Rady School of Management
Economics and Management University of California at San Diego

Cornell University

Abstract

Price promotions are typically offered in groups on websites, mailings and
circulars, but little is known about how promotional offers in near proxim-
ity affect each other. Across two large-scale field experiments (N = 66, 184)
conducted on a multi-brand coupon website, we find that when lead promo-
tions offer high-value deals, consumers are more likely to print subsequent
offers, a finding we call a “lead offer spillover.” In the first field experiment,
doubling the value of three lead offers increased the printing of subsequent
offers by 18% and redemptions by 12%. In the second, doubling the value
of a single lead offer increased subsequent offer prints by 12%. Additional
analyses and experiments indicate that larger lead offers increase consumer
search for subsequent offers and are not primarily driven by changes in
evaluative judgments or complementarities between lead and subsequent
offers.

1



1.1 Introduction

Price promotions frequently appear in groups. For example, online retailers use splash

pages to showcase deals from around their website, continuing a practice that remains

widely used in direct mail, local newspaper advertisements, and retail circulars. Al-

though price promotions are frequently presented in concert, little is known about

possible spillovers between proximate offers or what considerations managers should

make when arranging groups of promotions.

We hypothesize that the value of visually salient promotions influences the likeli-

hood that a consumer selects any promotion from the group. We refer to particularly

salient promotions as “lead offers,” as these are typically the first offers viewed within

the group.

We explore this question in the context of print-at-home coupons. In recent surveys,

coupons are identified as the most frequent influence on purchase decisions (eMar-

keter, 2016).1 86% of grocery shoppers say they use shopping lists “at least sometimes,”

and 79% say they use coupons when developing those lists (AlixPartners, 2011). US

firms distribute over 300 billion coupons per year and consumers redeem about $3 bil-

lion of coupons annually. The most common and fastest-growing digital coupon dis-

tribution tactic is a dual electronic and paper system called “print-at-home coupons,”

in which consumers acquire coupons online (e.g., Coupons.com, Redplum or Retail-

menot), print them at home, and redeem them in-store (Inmar, 2014).2 The printed

coupons are then processed by legacy redemption and auditing systems.

1The second- and third-ranked factors were suggestions from friends and family (40%) and adver-
tisements (35%).

2The share of redeemed coupons delivered via Free-Standing Inserts (FSI) fell by 16% from 2009 to
2013, while the share delivered via print-at-home channel rose by 420% during the same time period
(Inmar, 2014).
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Two field experiments executed in collaboration with two partner firms provide

the first evidence that high-value lead offers increase consumers’ engagement and us-

age of subsequent promotions. The first experiment manipulated three top-row offer

values for a popular brand, holding all subsequent offers on the page constant. The

second experiment tested a weaker manipulation, varying a single offer value for an

unpopular brand presented in the top-left position.3 Both experiments were run in situ

on large samples (total N = 66, 184) of real consumers. Due to the randomized na-

ture of the experiments, we are able to estimate causal effects of the lead offer value

on the printing and redemption of the subsequent offers. In the primary experiment,

doubling the top row of three lead offer values increased printing of subsequent of-

fers by 18% and increased redemption of subsequent offers by 12%. Larger lead offers

generate spillovers by motivating more users to print, rather than encouraging users

to print more – i.e. the increase comes mainly from the extensive margin as opposed to

the intensive margin. In the second experiment, doubling a single lead offer value in-

creased printing of subsequent offers by 12% but did not detectably alter redemptions

of subsequent offers.

Why does the organization of price promotions affect consumer choice? We utilize

the field data and two additional online experiments to explore three potential mech-

anisms related to extant work in economics, marketing, and psychology. First, high-

value lead offers may generate positive spillovers by increasing consumers’ attention

and motivation to search for proximate offers, reminiscent of findings about product

positioning within assortments (Chandon et al., 2009; Atalay et al., 2012). Similarly,

3Eye-tracking studies of consumer search show that, in a sequence of similar items arranged on a
page, the top row is the most visually salient row, and the top left position is the most visually salient
individual placement. For example, Krajbich et al. (2010) find that subjects are likely to make a first
fixation to the left feature in a binary choice task when the location of features or items are randomly
displayed, and Fisher (2017) finds subjects first look to the top left region when additional features are
added. Sütterlin et al. (2008) and Lu and Hutchinson (2017) find that items at the top of a list receive
more attention than those at the bottom. See Orquin and Loose (2013) for a thorough review.
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experiments on consumer search in large choice sets typically find that the value of

previously encountered items strongly influences future search and choice (Reutskaja

et al., 2011). Second, lead offers may alter evaluative judgments (i.e. consumer percep-

tions and attitudes) of subsequent offers, independent of motivation to search.4 Third,

lead offers may increase engagement with the lead offer, which in turn could generate

complementarities with subsequent offers. The process evidence indicates that lead of-

fer spillovers are primarily driven by increased consumer search for subsequent offers

and are not primarily driven by changes in evaluative judgments or complementarities

between lead and subsequent offers.

The rest of the paper is organized as follows. Section 2 reviews the related litera-

ture. Section 3 presents the field experimental context, designs and main results from

the two field experiments. Section 4 investigates the mechanisms underlying lead offer

spillovers using the field data and two additional online experiments. Section 5 uses

the field experiment data to explore how lead offer spillovers affect coupon profitabil-

ity. Section 6 concludes with managerial implications, limitations and directions for

future research.

1.2 Related Literature

The current paper relates to several strands of literature. First, it contributes to the

growing literature on spillovers. Spillovers occur when information affects beliefs that

are not directly related to the original message (Ahluwalia et al., 2001). Previous lit-

erature has found evidence of perceptual spillovers between products under the same

4The evaluative judgment mechanism is implied by findings that initial numerical values influence
judgments across a variety of tasks (Tversky and Kahneman, 1974; Johnson and Schkade, 1989; Ariely
et al., 2003; Yoon et al., 2013).
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umbrella brand as well as for competing products from different brands (Balachander

and Ghose, 2003; Erdem, 1998; Erdem and Sun, 2002; Janakiraman et al., 2009). Particu-

larly relevant, Anderson and Simester (2013) found that advertisements can have pos-

itive spillovers on sales of competing retailers. Most recently, in the context of digital

field experiments, Sahni (2016) manipulated the presence of restaurant advertising on

a restaurant search website, showing that restaurant advertising generated significant

positive spillovers to competing restaurants’ sales. Sahni et al. (2017) examined data

from 70 field experiments that manipulated price promotions emailed to customers of

a ticket resale platform, finding that price promotions increased expenditures substan-

tially, with 90% of the spillovers accruing from consumers who received, but did not

redeem, the price promotions. Sales increases were particularly large for consumers

with larger past purchases and for those who had not transacted on the platform in

the past year, suggesting that the promotional emails served as a form of “reminder”

advertising that encouraged consumers to return to the platform.

Fong et al. (2016) and Fong (2017) conducted field experiments that sent consumers

personalized price promotions that matched, or did not match, the consumers’ past

purchases. Both studies found that targeted offers increased sales of the promoted

products, as expected, but also decreased consumer search for non-promoted products.

Second, our paper contributes to the substantial literature documenting how firm

policies influence consumer sensitivity to price and response to price promotions. An-

derson and Simester (2004) ran a series of field experiments in the context of catalog

retailing, showing that the long-run effects of price promotion depth depend on con-

sumers’ purchase history. First-time customers who bought on a larger promotion

made more purchases over the following two-year period, whereas repeat customers

who bought on a larger promotion made fewer purchases over the same horizon. El-

5



berg et al. (2017) manipulated price promotion depth in a large-scale field experiment

run across 10 stores of a major grocery retailer. They found that consumers exposed to

larger initial promotions were more likely to purchase products on subsequent promo-

tions. Venkatesan and Farris (2012) investigated coupon campaigns targeted to grocery

stores’ top customers, finding two types of positive effects on revenues: redeemed

coupons were associated with larger basket sizes, and mere treatment with targeted

coupons also increased customer purchases. Although this “mere exposure” effect of

coupons had long been hypothesized by price promotion managers, it had never previ-

ously been reported in the academic literature. Taken as a whole, this literature proves

convincingly that firm policies can influence the responsiveness of demand to price by

changing consumers’ forward buying and expectations of future promotions.

More generally, our paper contributes to a well-established experimental tradition

in price promotions. Coupons and temporary price reductions have been the focus

of numerous experimental studies (Raghubir, 1998; LeClerc and Little, 1997; Guimond

et al., 2001). Raghubir et al. (2004) summarize the literature as showing that coupons

can have affective, economic, and informational effects on consumers. While much of

this previous work has taken place in laboratory experiments, other researchers have

used randomized controlled trials to investigate the effectiveness of various coupon

and price promotion treatments in the field (Chapman, 1986b; Bawa and Shoemaker,

1987).
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1.3 Field Experiments

1.3.1 Experimental Setting

We ran two field experiments in collaboration with a large consumer package goods

(CPG) manufacturer and a vendor that operates a print-at-home coupon website for

the CPG manufacturer’s brands. The CPG manufacturer manages a large brand port-

folio that can be categorized into (1) Baby products, (2) Elder products, and (3) Other,

a catch-all for remaining goods, which mostly includes non-perishable cleaning and

household products. The manufacturer’s product offerings each address different con-

sumer needs; the product line did not contain any direct complements or substitutes.

Our partners requested that we refrain from disclosing the firms, brands or coupon

values.

The website on which the experiment took place was designed and maintained by

the vendor to exclusively carry coupon offers for the multi-category manufacturer’s

consumer product brands. The website was one of the most important online pro-

motional tools for the manufacturer. Visitors came to the site through three primary

means: (i) organic search for related keywords (e.g. “[brand name] + coupon”), (ii)

links promoted on the brands’ social media pages, and (iii) direct visitation by repeat

users. After the initial log-in, the website typically conveyed 20-25 coupon offers for

the major brands sold by the manufacturer. Promotion offers and offer values changed

asynchronously with no fixed periodicity.

At the time of the first field experiment, 22 coupon offers were displayed in eight

rows with three offers on each of the first seven rows (see Figure 1.1). Each offer con-

sisted of a product image, a savings statement (e.g. “SAVE $X”) and a checkbox. Con-
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sumers could select any desired combination of offers for printing with a maximum

of two prints per coupon offer. Clicking the “Print” button downloaded a series of

coupon images for printing, triggering a request to the web server that enabled the

vendor firm to directly measure which specific offers each consumer selected to print.

Printed coupons resembled traditional paper coupons, including an offer value, prod-

uct image, expiration date, quick response code, bar code and legal terms (Figure A.1

illustrates). Printed coupons could be redeemed with product purchase at any store

that accepts paper coupons. All coupons expired eight weeks after printing.

Figure 1.1: Webpage Layout for Field Experiment 1.
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O B E
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Print

www.coupon-website.com − � X

Notes: Gray boxes indicate treated lead offers. White boxes represent non-treated subsequent offers.
The letters inside the boxes designate the product type of the offer occupying that position. “B” stands
for a Baby category offer "E" an Elder category offer and “O” for Other category offer.
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1.3.2 Experimental Design

The top row of three offers on the website were experimentally manipulated for a pe-

riod of one month (see Figure 1). The three lead offers applied to three products within

the most popular brand’s product line. The lead offers applied to products that are

purchased frequently, disposed of after use, storable, and relatively low price. To offer

intuition, the nature of the blinded product category is similar to “baby wipes.” All

subsequent offers, including positions and offer values, below the first row were held

constant for the duration of the experiment for all users.

Users were randomized into one of four treatments: $V1, $V2, $V3, or $V4, where

$V1 < $V2 < $V3 < $V4. A user in the $V1 group saw a top row consisting of three

$V1 offers whereas a user in the $V4 group saw three $V4 offers for the same three

products. $V1 was a below-average offer value; $V2 represented the historical average

offer value on the website; $V3 was above average; and $V4 was a highly desirable

offer equal to two times $V1. We primarily compare the $V4 and $V1 treatments as

the results are directly interpretable as elasticities. The random assignment was made

upon each user’s first login to the website during the sample period (i.e., based on a

unique email address) and held constant for the duration of the experiment.

The sample consisted of N = 38, 296 website visitors. We observe complete user

visitation, printing, and redemption data for each offer on the website during the sam-

ple period. Table 1.1 verifies random assignment by showing that users’ pre-treatment

historical website usage was uncorrelated with offer value treatment.

Printing of promotional offers usually occurred within seconds of website visita-

tion, thus the differences in printing behavior across different experimental manipu-

lations ($V1, $V2, $V3 or $V4 treatments) should be interpreted as direct causal ef-
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fects. Printing is more than just an intermediate step required for redemption; it is a

costly action that signals consumer engagement with the promotion. We spoke with

manufacturer promotions managers who expressed the belief that the act of coupon

printing itself represents tangible value for the brand by increasing brand purchase in-

tention and encouraging more favorable brand attitudes. Although this speculation re-

mains untested, we consider it plausible, as it aligns with the “mere-exposure” effects

of coupons reported in Venkatesan and Farris (2012), who provided the first quasi-

experimental evidence that exposure to coupons increases revenues net of marketing

costs even among nonredeemers.

Redemption of promotional offers is also an important behavior, but the causal ef-

fects of the experimental manipulation on redemptions are less straightforward and

more difficult to estimate precisely. There are multiple factors that could be influenced

by the random offer value treatment that could, in turn, also influence the redemp-

tion decision, such as purchase timing or store choice. Redemption behavior is also

more sparse; 22% of coupons printed from the website were redeemed. Redemption

is also more influenced by unobserved shocks, such as the current market conditions

encountered within the retail store. The sparsity and noise decrease statistical power to

detect the causal effects of the offer value treatments on redemption behavior. Further-

more, unlike printing, redemptions may or may not be profitable to the manufacturer

as they are a direct additional cost and hence, could be subsidizing loyal consumers

who would have purchased the brand without the coupon (Neslin and Shoemaker,

1983); the manufacturer, like most of its competitors, did not employ reliable methods

to estimate coupon campaign profitability.5 For these reasons, we report main effects

of lead offer values on redemptions, but we focus more on printing behavior as the

metric of primary interest, as its greater statistical power allows for deeper and more

5Additionally, an offline technical error prevented the partner firms from measuring redemptions
accurately for one of the 50+ coupon offers, as discussed in section 3.4.
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reliable exploration of the mechanisms driving the lead offer spillovers.

Table 1.1: Field Experiment 1 Randomization Checks.

Historical Variable V1 V2 V3 V4 p-value
All Views 174.528 178.015 175.936 175.271 0.734

(159.583) (171.089) (168.584) (164.277)
Lead offer product views 24.241 24.926 24.523 24.498 0.544

(22.864) (25.093) (24.344) (24.822)
Non lead offer product views 150.287 153.089 151.414 150.773 0.768

(138.182) (147.459) (145.801) (141.204)
Baby product views 62.802 64.332 63.487 63.302 0.623

(57.133) (62.487) (60.933) (60.082)
Elder product views 51.589 52.607 52.055 51.731 0.738

(48.34) (51.696) (51.424) (49.209)
Other product views 60.138 61.077 60.395 60.238 0.833

(55.108) (58.106) (57.348) (56.145)
All Prints 13.149 13.211 12.939 13.124 0.819

(15.023) (15.616) (14.783) (15.239)
Lead offer product prints 5.356 5.418 5.201 5.231 0.287

(6.659) (6.573) (6.343) (6.611)
Non lead offer product prints 7.792 7.793 7.737 7.893 0.918

(10.797) (11.463) (10.811) (11.224)
Baby product prints 6.976 7.095 6.771 6.859 0.265

(8.803) (9.023) (8.49) (8.831)
Elder product prints 0.617 0.631 0.671 0.654 0.684

(2.286) (2.714) (2.392) (2.528)
Other product prints 5.556 5.485 5.496 5.611 0.847

(7.955) (7.908) (7.827) (8.033)
User account age 115.128 116.45 114.122 115.424 0.230

(57.405) (57.325) (57.601) (57.587)
Notes: This table reports means and standard deviations for historical (pre-experiment) user behaviors
for each treatment group ($V1, $V2, $V3, or $V4). For each variable we conduct an ANOVA and report
the resulting p-value, with the null hypothesis being that all means across the four treatment groups
are equal.

1.3.3 Results

Figure 1.2 depicts the treatment effects of offer value on coupon printing. Panel B

shows the number of lead offers printed increased from an average of 0.79 for the $V1

treatment to 2.41 for the $V4 treatment, a 206% increase (t(19, 086) = 52.54, p < 0.001),
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confirming that website users were more likely to print higher-value offers, as one

would naturally expect. Panel A shows that there was also a highly significant increase

in the number of subsequent offers printed. Full printing and redemption results are

summarized in Table 1.2.

Table 1.2: Field Experiment 1 Main Effects

Lead Offer Subsequent Offers Lead Offers

Value Prints % Lift Redeems % Lift Prints % Lift Redeems % Lift
$V1 2.38 - 0.378 - 0.787 - 0.080

(4.041) (1.121) (1.625) (0.568)
$V2 2.488† 4.537 0.419∗ 10.980 1.301∗∗∗ 65.228 0.208∗∗∗ 162.088

(4.055) (1.181) (2.062) (0.867)
$V3 2.607∗∗∗ 9.565 0.402 6.426 1.791∗∗∗ 127.524 0.343∗∗∗ 331.448

(4.07) (1.097) (2.306) (1.179)
$V4 2.796∗∗∗ 17.500 0.423∗∗ 11.948 2.406∗∗∗ 205.639 0.772∗∗∗ 870.720

(4.41) (1.12) (2.572) (2.702)
† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Notes: Means and standard deviations for lead and subsequent offers. Stars indicate significance levels
for a two-sided t-test comparing outcome variables between either $V2, $V3, or $V4 and $V1 (baseline).

The average number of subsequent offer prints in the $V1 treatment was 2.38,

while the average number of prints for the $V4 treatment was 2.80, an 18% increase

(t(19, 086) = 6.81, p < 0.001). We can use the fact that $V4 was a 100% increase in offer

value over $V1 to calculate an elasticity of printing subsequent offers with respect to

lead offer value. The resulting elasticity of 0.18 indicates that increasing the lead offer

value by 10% leads to around 2% more subsequent offer prints. Lead offer spillovers

in printing behavior exist for all pairwise comparisons of treatment groups, and are

monotonically increasing in lead offer value: the average number of subsequent of-

fer prints in the $V2, $V3, and $V4 groups were 5%, 10% and 18% greater than in the

$V1 group, respectively (t(19, 606) = 1.87, p = 0.062; t(19, 772) = 3.95, p < 0.001;

t(19, 086) = 6.81, p < 0.001). When comparing $V3 and $V4 to the historically typical

discount offer value of $V2, we calculate lead offer spillovers of 5% and 12%, respec-

tively (t(19, 206) = 2.04, p = 0.059; t(18, 520) = 4.94, p < 0.001).

12



The positive spillovers between higher lead offer values and subsequent offer en-

gagement persist in the redemption results as well: the data show that the $V4 lead

offer treatment increased subsequent offer redemptions by 12% (t(19, 086) = 2.78, p =

0.006) compared to the $V1 treatment, though redemptions of subsequent offers do

not increase uniformly with lead offer value (see Table 1.2), as redemptions in the $V3

condition were slightly lower than in the $V2 condition, but the difference was not

statistically significant.

Another way to quantify the spillover’s magnitude is to compare the relative sizes

of the main effect and the spillover effect. In this experiment, going from $V1 to $V4

yields an additional 1.62 lead offer prints and 0.42 additional subsequent offer prints.

This 4-to-1 ratio is closer to 15-to-1 for redemptions, indicating the spillover effect is

smaller than the main effect. The relative sizes of these effects may be influenced by

numerous factors, including the relative offer values of lead and subsequent offers, the

number of lead and subsequent offers, and the assortments of lead and subsequent

products. Such relationships might be a fruitful area for further study.
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Figure 1.2: Field Experiment 1 Results
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† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
Notes: The figure shows average printing results with standard error bars for Subsequent Offers (panel
A) and Lead Offers (panel B). The percent lift between $V1 and $V4 is presented on top of each chart.
Stars indicate significance levels for a two-sided t-test comparing outcome variables between $V4 and
$V1. N=38,296.

Effects by Offer Row, Product Category, and Website Usage

It is informative to investigate how lead offer spillovers vary across different dimen-

sions on the page and types of users. For example, if lead offer spillovers were ob-

served within just their own category (“Baby” products), the effect on subsequent of-

fers could be driven by within-category complementarities. However that is not the

case. Figures 1.3 and 1.4 show the robustness of the spillover by position on the page

and across different product categories, respectively. The effect across rows shows that

high-value lead offers induce strong spillovers across the entire group of offers. Fig-

ure 1.4 indicates that lead offer spillovers to subsequent offers in the “Elder” category

were comparable in magnitude to the “Baby” category, and subsequent offer prints in

the “Other” category also increased significantly with lead offer value.
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Figure 1.3: Subsequent Offer Prints by Row for Field Experiment 1
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† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
Notes: This figure shows average printing results with standard error bars for Subsequent Offer prints
in each row of offers displayed. The vertical axis shows the average number of subsequent offer prints.
The top-most chart (labeled "Row 2") depicts results for first row of Subsequent Offers (the first row on
the webpage consisting entirely of lead offers), the second bar chart is for the second row of subsequent
offers, and so on. The drop-off in average printing behaviors for rows 7 and 8 is due to the fact that
the featured products in these positions historically have lower printing rates. Row 8 only contained
one coupon, while all other rows contained three coupons. The respective percent lift between $V1 and
$V4 is presented on top of each chart. Stars indicate significance levels for a two-sided t-test comparing
the respective outcome variables between $V4 and $V1. N=38,296.
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Figure 1.4: Subsequent Offer Prints by Product Category for Field Experiment 1
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† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
Notes: This figure shows average average printing results with standard error bars for Subsequent
Offer prints within each product category. The respective percent lift between $V1 and $V4 is presented
on top of each chart. Stars indicate significance levels for a two-sided t-test comparing the respective
outcome variables between $V4 and $V1. N=38,296.

Table 1.3 shows how lead offer spillovers vary with users’ previous website usage.

To consider these effects, we first divide users into two groups: first-time visitors to the

webpage, and those who had visited at least once prior to the experiment. Columns

(1) and (2) show that significant lead offer spillovers are present within each subsam-

ple and are larger for those visitors with previous website experience. Next, we again

divide all experimental subjects into two groups: first-time coupon printers, and those

who had printed at least one coupon prior to the experiment. Naturally, this second

division is similar to the first, as previous website usage is a necessary condition for

printing at least one coupon prior to the experiment. Columns (3) and (4) again show

that lead offer spillovers are highly significant in both divisions and are larger for those

who had printed coupons previously. Specifically, we find that the lead offer spillovers

for new visitors are 12% vs. 24% for return visitors; and, similarly, 13% for new print-

ers vs. 23% for return printers. Return visitors have more information about the full
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distribution of coupon values typically offered on the website. Therefore, we suspect

that they are better able to recognize that the $V4 treatment is unusually large, and

therefore are more likely to react to the high-value treatment by recalibrating their ex-

pectations, and respond by searching more for subsequent coupons. Another possible

explanation is selection between the two groups, as pre-existing differences between

consumers may correlate with pre-experiment website usage and coupon printing.

Table 1.3: Field Experiment 1 Lead Offer Spillovers within User Subsamples.

Website Visits Coupon Prints

No Pre-Exp. Visits 1+ Pre-Exp. Visits No Pre-Exp. Prints 1+ Pre-Exp. Prints
$V2 0.139 0.0850 0.152† 0.0657

(0.0900) (0.0782) (0.0852) (0.0821)

$V3 0.101 0.338∗∗∗ 0.121 0.337∗∗∗

(0.0891) (0.0783) (0.0844) (0.0822)

$V4 0.308∗∗∗ 0.511∗∗∗ 0.306∗∗∗ 0.530∗∗∗

(0.0908) (0.0798) (0.0861) (0.0836)

CONS 2.490∗∗∗ 2.284∗∗∗ 2.409∗∗∗ 2.351∗∗∗

(0.0624) (0.0548) (0.0592) (0.0574)
Observations 17764 20532 19278 19018
† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
Notes: Standard errors in parentheses. The dependent variable in each regression is the number of
subsequent offer prints. Columns 1 and 2 show the lead offer spillovers estimated within two sub-
samples of the data: those users who had never previously visited the webpage and those who had
previously visited the webpage. Columns 3 and 4 show the lead offer spillovers estimated within an-
other two different subsamples of the data: those users who had never previously printed a coupon
from the webpage and those who had previously printed a coupon. Nested interaction models give
qualitatively similar results.

Extensive Margin.

To analyze whether lead offer spillovers are driven more by the extensive margin (the

number of users printing subsequent offers) or by the intensive margin (the number

of subsequent offers printed per user), we investigate the effect of the lead offer value

on the propensity to print any subsequent offer versus the total number of subsequent

offer prints conditional on printing at least one subsequent coupon.
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We model the probability that user i prints at least one subsequent offer during the

experiment using a probit model:

Prob (PRINTi = 1 | VALUEi) = Prob (α + VALUEi
′β + ε > 0 | VALUEi, )

= Φ (α + VALUEi
′β)

where PRINTi is a dummy variable for whether user i printed at least one subsequent

product coupon, and VALUEi is a 3 × 1 vector containing indicator variables for each

lead offer value treatment ($V1 being the control group). Φ denotes the cumulative

distribution function of the standard normal distribution. The vector β includes the

coefficients of interest, with higher elements of β indicating an augmented probability

of printing at least one coupon. Table 1.4 presents the estimation results, standard

errors, and marginal effects. The positive marginal effects indicate that seeing a higher

lead offer made users more likely to print at least one subsequent offer. Specifically,

users who saw $V4 lead offers were about 7% more likely to print a subsequent offer

compared to users who saw $V1 lead offers.

Intensive Margin.

We also look at the average number of subsequent offers printed, conditional on having

printed at least one coupon. Relative to the extensive margin, the intensive margin

expansion is more modest: the average number of prints conditional on printing at

least one subsequent offer shows only a 4% increase in the $V4 treatment group relative

to users in the $V1 group, but no statistically significant change in the $V2 or $V3

treatment groups relative to $V1.
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Table 1.4: Probit Regression Results

Variable Estimate Marginal Effects
$V2 0.06*** 0.023

(0.02) (0.00)
$V3 0.13*** 0.05

(0.02) (0.00)
$V4 0.18*** 0.07

(0.02) (0.00)
Notes: † p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
Standard errors in parentheses. $V1 is the reference group. The dependent variable is a dummy
variable for whether or not the user printed at least one subsequent offer.

1.3.4 Replication with a Weaker Manipulation

We ran a second field experiment to test whether the lead offer spillovers effect would

generalize within the same context under an intentionally weaker set of conditions,

with (a) fewer lead offers manipulated, (b) a less popular brand offered as the lead

offer, and (c) without a historically high value treatment comparable to $V4. The ex-

periment took place on the same website as the first field experiment, with the help

of the same two companies, and lasted for one month. Instead of randomizing the

value on the entire top row consisting of three offers, we treated a single top-left offer

for a low-share feminine personal care brand from the “Other” category. The three

high-popularity coupons treated in the first field experiment were present, untreated,

and classified as “subsequent offers” in this second field experiment. Users visiting

the website during this time period were randomly assigned to one of three offer value

treatments: $W1, $W2, or $W3. $W1 was a below-average offer for the website; $W2

corresponded to the historical average offer value equal to two times $W1; and $W3

was an above-average offer value. Figure 1.5 illustrates the design and Table 1.5 con-

firms proper randomization by showing that historical website usage does not predict

treatment assignment.

19



Figure 1.5: Webpage Layout for Field Experiment 2.
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Notes: The gray box indicates the treated lead offer, and white boxes subsequent offers. The letters in
the boxes designate the type of coupon occupying that position. “B” stands for a “Baby” product offer,
“O” an “Other” product offer, and “E” an elder care product offer.
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Table 1.5: Field Experiment 2 Randomization Checks.

Historical Variable W1 W2 V3 p-value
All Views 134.492 133.104 129.987 0.342

(215.566) (212.061) (212.808)
Lead offer product views 5.901 5.935 5.709 0.308

(10.81) (10.816) (10.739)
Non lead offer product views 128.591 127.169 124.278 0.344

(205.981) (202.388) (203.272)
Baby product views 28.224 28.226 27.448 0.487

(51.195) (50.811) (50.54)
Elder product views 29.187 29.08 28.46 0.588

(52.09) (51.409) (51.744)
Other product views 31.003 30.914 30.217 0.561

(54.66) (54.254) (54.445)
All Prints 9.118 9.239 8.981 0.664

(19.378) (19.975) (18.857)
Lead offer product prints 0.682 0.654 0.622 0.113

(2.035) (1.966) (1.849)
Non lead offer product prints 8.436 8.585 8.358 0.696

(18.234) (18.801) (17.826)
Baby product prints 2.936 2.981 2.929 0.882

(7.633) (7.789) (7.504)
Elder product prints 0.428 0.451 0.456 0.731

(2.321) (2.764) (2.382)
Other product prints 3.141 3.197 3.027 0.288

(7.446) (7.701) (7.25)
User account age 131.36 131.648 128.089 0.343

(184.042) (183.727) (183.687)
Notes: This Table reports means and standard deviations for historical (pre-experiment) user behaviors
for each treatment group ($W1, $W2, or $W3). For each variable we conduct an ANOVA and report
the resulting p-value, with the null hypothesis being that all means across the three treatment groups
are equal.

Results.

In total, N = 27, 888 users were exposed to the treatments. Table 1.6 contains sum-

mary statistics for the number of prints and redemptions for both lead and subse-

quent offers. Figure 1.6 depicts the lead offer spillovers. The positive, statistically

significant, spillovers from treated lead offer values to subsequent offers replicate
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(t(18, 294) = 4.50, p < 0.001). Specifically, consumers in the $W1 group printed 3.09

subsequent offers while consumers in the $W3 group printed 3.47 subsequent offers, a

12% increase. Paralleling the first field experiment, the differences in subsequent print

behavior are explained mostly through the extensive margin (motivating consumers to

print any coupons) rather than the intensive margin (encouraging consumers to print

more coupons). Overall, these results reinforce the findings of the first field experi-

ment: higher value lead offers increase subsequent offer printing.

Figure 1.6: Field Experiment 2 Lead Offer Spillovers
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Notes: This figure shows average average printing results with standard error bars for Subsequent
Offer prints across the three lead offer treatment levels. The respective percent lift between $W1 and
$W3 is presented on top of the chart. Stars indicate significance levels for a two-sided t-test comparing
average prints between $W3 and $W1 treatment groups. N=27,888.

22



Table 1.6: Field Experiment 2 Main Effects

Lead Offer Subsequent Offers Lead Offers

Value Prints % Lift Redeems % Lift Prints % Lift Redeems % Lift
$W1 3.094 - 0.414 - 0.186 - 0.033 -

(5.379) (1.666) (0.529) (0.364)
$W2 3.438∗∗∗ 11.123 0.472 14.039 0.272∗∗∗ 46.468 0.071∗∗∗ 117.242

(5.742) (2.081) (0.621) (0.383)
$W3 3.466∗∗∗ 12.003 0.393 -5.005 0.388∗∗∗ 109.202 N/A N/A

(5.874) (1.537) (0.739)
† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
Notes: This Table reports means and standard deviations for lead and subsequent offers. Stars indicate
significance levels for a two-sided t-test comparing outcome variables between either $W2 or $W3
and $W1 (baseline). There were technical issues with tracking and processing the redemptions of
individuals in the high-value treatment group in the follow-up field experiment (redemption levels
marked with N/A). This resulted in almost zero redemptions for lead offers with $W3. This was due
to post-experiment offline redemption technology malfunction. Pre-experiment random assignment to
the three treatment groups was implemented correctly (see Table 6 for randomization checks in the
follow up experiment) and online printing behavior was not affected by this malfunctioning.

Redemptions of lead offers in the $W2 condition were 117% higher than in the $W1

condition, a result that is not dissimilar to the 162% lift between the $V1 and $V2 con-

ditions in the first field experiment. However, regrettably, an offline technical error

occurred after the sample period that prevented the partner firms from measuring re-

demptions for the lead offer coupon in the $W3 treatment condition. This was an

unusual occurrence related to processing of printed coupons by vendors. Although it

affected one of the lead offer treatments, it did not affect any of the other 50+ coupon

campaigns considered in the two field experiments. Most importantly, it did not pre-

vent estimation of lead offer spillovers to subsequent offer redemptions or how they

changed with lead offer values.

In the second field experiment, the effect of lead offer value on subsequent offer

redemptions was not statistically significant. However, this null result may be affected

by low statistical power due to a higher variance in the outcome variables. If we draw

on the effect sizes of the first field experiment and the sample size as well as mean and

variance of the outcome variables in the second experiment, we would predict only a
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55% chance of estimating the same effect at a 95% confidence level – i.e. a 45% chance

of a false negative. If the treatment effect in the second field experiment was smaller

due to the intentionally weaker manipulation, then statistical power would be even

lower.

The size of the treatment effect on printing of lead offers when going from $W1

to $W3, relative to the spillover effect on printing of subsequent offers, is far smaller

(roughly 1-to-2) compared to the 4-to-1 ratio observed in the first field experiment. It is

worth remembering that the two field experiments differ in their numbers of lead of-

fers manipulated (and therefore the number of subsequent offers included) and that the

three popular lead offers in the first field experiment are classified as subsequent offers

in the second field experiment. Moreover, the manipulated offer was from an “Other”

category that was considerably less popular than the “Baby” brand offers used in the

first experiment: the average historical print rate of the “Other” offer is about one-third

of the average historical print rate of the more popular “Baby” category brand offers

that were manipulated in the first field experiment. We speculate, but cannot prove,

that the difference in spillover ratios is best explained by the status of the most popular

product as either a lead offer or a subsequent offer. There may also have been changes

in the consumer population visiting the website, macroeconomic conditions, or other

market factors that may have changed between the two sample periods. As with any

two experiments run in the field at different times, it is not possible to attribute the

differences between the first and second field experiments exclusively to any single

factor. Regardless, the fact that we still see significant spillovers in printing supplies

reinforcing evidence that even less pronounced lead offers for less desirable products

can spill over to subsequent promotions, and that the first experiment’s finding of lead

offer spillovers is reasonably robust. In the next section, we investigate possible rea-

sons why lead offers generate spillovers to subsequent offers.
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1.4 Mechanisms and Online Experiments

Why do higher-value lead offers increase takeup of subsequent offers? We investigate

three possible mechanisms: (1) search motivation: high-value lead offers increase con-

sumers’ motivation to search for subsequent offers; (2) spillovers of evaluative judg-

ment: lead offer value influences users’ evaluations of subsequent offers; and (3) com-

plementarities: acting on a lead offer may make subsequent offers more attractive. The

first two possibilities decompose the selection of subsequent offers into its constituent

parts (search and evaluation) whereas the third speaks to motivation to select subse-

quent offers. We consider multiple mechanisms consistent with lead offer spillovers as

we have no reason to believe a priori that the effect was limited to any single explana-

tion.

We undertake these studies using a mixture of further analyses of the field experi-

ment data and additional experiments run on subjects recruited from Mechanical Turk.

The field data is generated by in situ behavior but it does not enable distinctions be-

tween the search and evaluation processes that lead to choice. The MTurk subject

pool has well-known limitations but offers two distinct advantages and one weakness

particular to this application. First, it allows for further replication by investigating

whether lead offer spillovers can be found in a consumer population that did not self-

select into a multi-brand coupon website; this generalization is relevant because many

coupon offers are distributed via paid media. Of course, subjects recruited from MTurk

are also self-selected, but on a different basis; and, because they are likely to be income

constrained, we think it is reasonable to believe that they may respond positively to

price promotions and therefore constitute a relevant sample to study. Second, running

experiments on MTurk subjects allows for more intrusive manipulations of attention

and other factors, including two designs that would have interfered significantly with
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the partner firms’ promotion campaigns if they had been run in-market, and that allow

for distinct measurement of the search and evaluation processes underlying promo-

tion choice. Third, because our partner firms did not collect information about website

users, we are not able to quantify similarity between the two pools.

1.4.1 Search Motivation

A user’s willingness to search through subsequent offers might depend on their expec-

tation about the value of subsequent offers on the webpage. Under this framework,

higher-value lead offers would increase consumers’ expectation of the availability of

high-value coupons in general and therefore make them more likely to explore sub-

sequent offers on the page. Greater consideration of non-rivalrous offers would then

lead to more printing of subsequent offers.

Evidence consistent with this hypothesis comes from several literatures. First, pre-

vious work has found that the attention a product receives depends on its physical

location. For instance, shelf positions and the number of product facings influence

which products consumers notice (Chandon et al., 2009). Additionally, products in

more prominent positions are often rated as more desirable (Atalay et al., 2012; Dreze

et al., 1994; Torralba et al., 2006). Second, when searching through large choice sets,

the models that best explain behavior typically allow for consumers to search for an

amount of time that depends on the value of previously encountered items (Reutskaja

et al., 2011), suggesting that individuals often do not search exhaustively (Caplin et al.,

2011).

Website usage data from the field experiments do not measure consumer attention

and search motivation directly, but surrogate measurements are available, such as the
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number of website visits within 24 hours after the first treatment in the first field ex-

periment. Figure 1.7 depicts the number of webpage views by treatment group within

each of six time horizons after initial treatment. The number of page views increased

monotonically with increasing lead offer value in all time horizons considered. Users

in the $V1 group visited the page on average 1.62 times in the first 24 hours after first

site visit, whereas users in the $V4 group returned to the page 1.96 times, a 21% in-

crease (t(19, 086) = 20.50, p < 0.001).

Figure 1.7: Page Views for Users in Field Experiment 1
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† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
Notes: Bars depict the average number of page loads (with standard errors) for different treatment
groups and for discrete periods of time after users’ first visit during the experimental period. For
example, the top-right panel depicts the average number of times a user loaded the page of offers
within five minutes of first visiting the page. Stars indicate significance levels for a two-sided t-test
comparing the respective outcome variables between $V4 and $V1.

In order to more directly test for spillovers in attention, we designed an incentive-

compatible online experiment that first presents subjects with either high- or low-value

27



lead offers, and then directly measures search and choice behaviors.6

Experiment Design.

612 participants were recruited from Amazon’s Mechanical Turk platform. After pro-

viding consent, subjects were randomly placed into high- or low-value lead offer treat-

ment groups. In both groups, subjects were presented with three pages that each

displayed 27 offers in a nine row by three column grid (Figure A.2; Appendix Table

A.1). The top row on each page contained three experimentally manipulated lead of-

fers while the 24 subsequent offers on each page were untreated. The three lead offers

took on uniformly high or low values on all three pages of offers. The high-value offers

provided four times the discount offered by the low-value offers. Directly beneath each

offer was a check box that participants could mark in order to receive the offer later. A

continuation button at the bottom of the screen submitted responses and advanced the

subject to the next page of coupons.

Critical to the design, only the three lead offers were always visible to subjects.

The 24 untreated subsequent offers were covered with gray boxes, initially occluding

the offer they represented. In order to view each subsequent offer, subjects had to

move their mouse cursor over the gray area and click the offer. Each occluded offer

remained visible while the cursor hovered over the box and was obscured again when

the cursor left the box, a design reminiscent of MouselabWEB (Willemsen and Johnson,

6Any mechanism we investigate with online experiments has the potential to show different results
than the same experiment conducted on the (self-selected) deal-prone subjects from the field studies;
however, the sample in these follow-up studies provide some advantages. First, replicating the main
effect in a different, potentially more general, population is valuable in and of itself. Second, the partici-
pants used in these follow-up studies regularly complete tasks at a relatively low wage (Goodman et al.,
2013; Paolacci and Chandler, 2014; Buhrmester et al., 2018). If this frugality extends to other areas of
their life, then they might exhibit other frugal tendencies such as an increased interest in claiming good
deals, a property that is potentially shared with the field study participants. Still, this limitation applies
to field experiments in marketing more generally.
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2010; Johnson et al., 2008). Immediately before participating in the task, subjects were

informed that some offers would be hidden and practiced how to view the hidden

offers.7

Participants were incentivized to select all offers of interest. The larger incentive

structure was designed to adhere to widely accepted methods in experimental eco-

nomics, where a random subset of choices are binding. Specifically, while all subjects

received a $1 participation payment, we randomly chose one lead offer and one sub-

sequent offer, and subjects’ decisions for those offers were implemented for one out

of every 10 subjects. For example, if a randomly chosen offer was one that the sub-

ject chose to receive, then the participant received an email with a copy of the offer

that could be redeemed. However, if the subject did not select the offers that were

randomly chosen for compensation, then they received no additional compensation.

Because a modest level of effort was required to view subsequent offers, this design

allowed us to directly observe participant search for offers in a way that would be dif-

ficult to replicate in any more natural setting. Although the measurement technology

may affect the external validity of the results, the key result is how the exogenously ma-

nipulated lead offer value changed the consumer search for subsequent offers within

this experimental design. There are two natural outcomes of interest: the number of

subsequent offers selected and the number of subsequent offers viewed.

7As some real-world promotional spreads or circulars are completely visible to consumers in their
entirety, the design here might increase the marginal cost of search which can emphasize an interme-
diate effect on expectations. However, the size of this potential search cost increase may be relatively
small. For instance, many firms offer printed promotional booklets that require physically unfolding
and flipping through multiple pages, while other online promotions might necessitate multiple clicks
to view either offer details or additional offers with potential delays due to website loading. Given
this, a mouse click to immediately view an offer may not substantially increase marginal search costs
compared to more traditional environments.
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Results.

Offers Selected. Subjects selected 3.87 (SD = 2.05) lead offers in the high lead of-

fer condition and 2.91 (SD = 1.75) in the low lead offer condition, pooled across all

three pages (t(611) = 18.78, p < 0.001) (Table 1.7A). This relationship persisted across

treatment conditions when analyzed separately by page, directionally reproducing the

effect of lead offer value on lead offer takeup observed in the field experiments.

Next, we investigate whether lead offers altered selection patterns for subsequent

offers. Table 1.7B reports the average number of subsequent offers selected by condi-

tion. Subjects in the high lead offer condition selected 13.97 (SD = 13.34) subsequent

offers from across all three pages and those in the low lead offer condition selected

12.23 (SD = 10.56) subsequent offers (t(611) = 1.80, p = 0.073). The lift of 14% is

quantitatively similar to the spillover estimates in the previously reported field exper-

iments.

If lead offer values influence consumer inferences about the values of subsequent

offers, then presumably the increased search motivation would be greatest for the

subsequent offers that appear nearest to high-value lead offers. We analyze the re-

sults separately by page number to investigate whether lead offer spillovers change

with the number of webpages evaluated. Examining only choices on the first page,

subjects in the high lead offer condition selected 4.95 (SD = 4.84) subsequent offers

and those in the low lead offer condition selected 4.15 (SD = 3.76) subsequent offers

(t(611) = 2.31, p = 0.021) for an increase of 20%. Subjects did not show any significant

differences in selection of subsequent offers on pages 2 or 3, suggesting that lead offer

spillovers attenuate as consumers learn more about the distribution of available offer

values.
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Offers Viewed. To directly test for the search motivation mechanism, we exam-

ine differences in offer viewing patterns between treatment conditions. As depicted in

Table 1.7C, subjects in the high lead offer condition viewed 51.65 (SD = 26.96) sub-

sequent offers and those in the low condition viewed 47.13 (SD = 28.98) subsequent

offers (t(611) = 2.00, p = 0.046). Hence, high lead offers resulted in subjects viewing

more subsequent offer values, consistent with a search motivation mechanism.

Table 1.7: Search Motivation Experiment: Results Table

A. Number of Lead Offers Selected

All Pages Page 1 Page 2 Page 3
Low-Value Lead Offers 2.91 1.05 0.77 1.09

(1.75) (0.71) (0.77) (0.79)
High-Value Lead Offers 3.87 1.39 1.00 1.47

(2.05) (0.82) (0.89) (0.86)
p-value < 0.001 < 0.001 < 0.001 < 0.001

B. Number of Subsequent Offers Selected

All Pages Page 1 Page 2 Page 3
Low-Value Lead Offers 12.22 4.15 4.24 3.84

(10.56) (3.76) (3.79) (3.94)
High-Value Lead Offers 13.97 4.95 4.73 4.29

(13.34) (4.84) (4.75) (4.63)
p-value 0.0727 0.0210 0.1551 0.2025

C. Number of Subsequent Offers Viewed

All Pages Page 1 Page 2 Page 3
Low-Value Lead Offers 47.13 16.10 15.79 15.24

(28.98) (10.11) (10.16) (10.24)
High-Value Lead Offers 51.65 18.35 17.00 16.31

(26.96) (8.93) (9.70) (9.89)
p-value 0.0462 0.0038 0.1331 0.1887

Notes: Standard deviations in parentheses. p-values for t-tests assuming unequal variances between
the high- and low-value lead offer groups.
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Table 1.8: Field Experiment 1 Conditional Printing and Redemption Results

(1) (2) (3) (4)
S.O. Prints S.O. Redeems S.O. Redeems S.O. Redeems

$V2 0.132∗ 0.0723∗∗∗ 0.0486 0.0588
(0.0528) (0.0194) (0.0477) (0.133)

$V3 0.360∗∗∗ 0.103∗∗∗ 0.0124 -0.172
(0.0553) (0.0203) (0.0458) (0.126)

$V4 0.618∗∗∗ 0.177∗∗∗ 0.0562 -0.162
(0.0598) (0.0219) (0.0452) (0.122)

CONS 1.851∗∗∗ 0.395∗∗∗ 0.496∗∗∗ 0.968∗∗∗

(0.0353) (0.0129) (0.0358) (0.110)
N 23151 23151 8790 2411
Conditioning on:
Printed L.O. NO NO YES YES
Printed S.O. YES YES
Redeemed L.O. YES

† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001 Notes: Standard errors in parentheses. Column 1
(2) shows printing (redemption) spillovers for non-printers of lead offers. Column 3 shows the condi-
tional redemption results for users that printed at least one lead offer and at least one subsequent offer.
Column 4 shows results for the subset of users in that group who also redeemed at least one lead offer.
Nested interaction models give qualitatively similar results.

On the first page we found that participants in the high offer value treatment

viewed 18.35 (SD = 8.93) subsequent offers, whereas participants in the low offer

value treatment viewed 16.10 (SD = 10.11) subsequent offers (t(611) = 2.91, p = 0.004).

Treatment/control differences in viewing behavior on pages two and three are direc-

tionally consistent but are not statistically significant, again implying that lead offer

spillovers attenuate as consumers gain greater knowledge about the distribution of

available offer values.

Figure 1.8 depicts offer viewing probability by treatment visualized as a heat map.

Offers situated in the first row of subsequent offers were viewed most frequently, and

the viewing probability decreased by row until the final row where there was an in-

crease in viewing likelihood, which is likely due to the location of the continuation
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button at the bottom of the page. This pattern of spillovers within the same page and

across multiple pages suggests that consumers’ interest in continuing to search dimin-

ishes over time.8

8We ran regressions that included the interactions between the treatment effect and the row number
and found no significant interaction effects, suggesting that the lead offer spillover persisted across
all rows of the page. See Table 1.9 in the Appendix. This result parallels what we saw in the field
experiment.
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Table 1.9: Search Motivation Experiment Regressions

Viewed Selected
All Pages Page 1 All Pages All Pages Page 1 All Pages

Treatment 0.063 * 0.093 ** 0.065 * 0.024 † 0.034 * 0.012
(0.031) (0.032) (0.031) (0.013) (0.015) (0.015)

Row3 -0.02 ** 0.004
(0.008) (0.009)

Row4 -0.042 *** -0.008
(0.009) (0.01)

Row5 -0.061 *** -0.011
(0.01) (0.01)

Row6 -0.072 *** -0.011
(0.01) (0.009)

Row7 -0.087 *** -0.015
(0.012) (0.009)

Row8 -0.084 *** -0.021 *
(0.011) (0.01)

Row9 -0.061 *** -0.003
(0.011) (0.01)

Treatment x Row3 -0.015 0.008
(0.011) (0.013)

Treatment x Row4 -0.009 0.024 †

(0.013) (0.013)
Treatment x Row5 -0.006 0.019

(0.014) (0.013)
Treatment x Row6 -0.004 0.006

(0.015) (0.013)
Treatment x Row7 0.012 0.009

(0.016) (0.013)
Treatment x Row8 0.009 0.024 †

(0.016) (0.014)
Treatment x Row9 -0.003 0.007

(0.016) (0.014)
Cons 0.655 *** 0.671 *** 0.708 *** 0.17 *** 0.173 *** 0.178 ***

(0.023) (0.024) (0.023) (0.008) (0.009) (0.01)
N-Observations 44064 14,688 44,064 44064 14,688 44064
† p < 0.10, ∗ p < 0.05,∗∗ p < 0.01, ∗∗∗ p < 0.001
Notes: Robust standard errors (clustered at the participant ID) in parentheses. Row 2 is the reference
group for all specifications. The unit of observation is always at the participant-coupon-level. The
dependent variable is a dummy variable for whether or not the user viewed or selected a particular
coupon.

The experimental setup differs from the field experiment setup in that during the

field experiment participants could costlessly scan multiple coupons; whereas in this
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experiment, participants had to explicitly click on coupon offers to ascertain informa-

tion about them. Both setups have an implicit cost of search – the value of a partici-

pant’s time and effort – but this setup allows us to concretely measure search in a way

that was not possible in the field experiment. The trade-off to this design choice is that

participants may pay more attention to each individual coupon they search through,

and this contextual change might influence how judgments are formed across lead and

subsequent offers. Despite these differences, the lead offer spillovers replicate.

The key takeaways from this online experiment are that subjects are more likely to

view and select any offer in the high lead offer condition than in the low lead offer con-

dition, and the differences in coupon viewing behavior between treatments are largest

on the first page. Overall, these findings indicate that high-value lead offers increase

consumer search for subsequent offers.
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Figure 1.8: Search Motivation Experiment Subsequent Offers Viewed: Heatmaps
All Pages - Low All Pages - High

Page 1 - Low Page 1 - High
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Notes: Heat maps illustrate average viewing behavior across users by page. The dependent variable
summarized in these figures is a binary variable for whether or not a participant viewed an offer in a
given position, with darker shades of gray indicating a greater percentage of participants viewing an
offer.

1.4.2 Spillovers of Evaluative Judgment

Spillovers of evaluative judgment occur if lead offers color consumers’ perceptions or

attitudes about subsequent offers, a fundamentally different concept than consumer

search motivation. Search motivation refers to the number of subsequent offers at-

tended to, whereas evaluative judgment is the evaluation of subsequent offers condi-

tional on attending to them. It is possible that both mechanisms could simultaneously

operate in lead offer spillovers, and that one could dominate the other.

Ex ante, it was not clear whether spillovers in evaluative judgment were likely to be

positive or negative. High-value lead offers could increase perceptions of subsequent
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offers’ value through anchoring, a literature that dates back to Tversky and Kahne-

man (1974), who found that participants primed with larger random numbers reported

larger guesses of the number of African nations in the United Nations. Similar effects

have been observed in a variety of economic contexts including certainty equivalents

for gambles (Schkade and Johnson, 1989), willingness to pay for public goods (Green

et al., 1998; Kahneman and Knetsch, 1992), and hypothetical purchases of goods (Ariely

et al., 2003; Yoon et al., 2013).

Perhaps a stronger case can be made for predicting negative spillovers in evalua-

tive judgments. Prior research finds that joint evaluations of goods, in comparison to

single evaluations, can lead to preference reversals (Hsee et al., 1999). Similarly, height-

ened consumer expectations of product quality can lead to less favorable evaluations

of product quality (Anderson, 1973; Kőszegi and Rabin, 2006). Additionally, recent

work has found that incentive-compatible valuations of even highly familiar goods

are inversely related to the value of recently observed items (Khaw et al., 2017).

The field experiment context did not allow for measurement of spillovers in eval-

uative judgment, so we designed an online experiment to measure those spillovers

directly. We asked subjects to rate the desirability of coupons after viewing a varying

number of high or low lead offers. The design of the experiment required every sub-

ject to view and evaluate every offer, eliminating variation in consumers’ consideration

sets in order to rule out search motivation as a confounding explanation.

Experiment Design.

We recruited participants from Amazon’s Mechanical Turk platform and paid $1 for

their participation. Each participant was presented with six pages containing four of-
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fers. Participants were asked to rate each of the four offers (i.e., “how good of a deal is

the offer?”) (Figure A.3). Each offer was rated on a slider scale from zero (“horrible”)

to 100 (“excellent”). Participants were only allowed to proceed to the next page once

all four offers on the page were rated, and were reminded to do so if they tried to ad-

vance without rating all offers. Participants were presented with a limited number of

offers at a time to encourage careful consideration of all offers. Between pages, partic-

ipants were asked to complete an unrelated task. In total, 121 subjects participated in

the experiment, each evaluating 6 pages with 4 offers per page. Thus overall, we have

N = 121× 6× 4 = 2, 904 offer-rating observations.

We exogenously manipulated two features in a 3x3 design on each page: the value

of the lead offers (i.e., low, medium, or high) and the number of treated lead offers

(one, two, or three). The value of the lead offers was such that the high lead offers

provided four times the discount of the low lead offers, and two times the discount of

the medium lead offers. The value of the lead offers was randomized between subjects,

and the number of treated offers per page was randomized within subjects.

Results.

Figure 1.9 depicts the average evaluations of the lead offers and subsequent offers. As

expected, larger lead offers were rated far higher than smaller lead offers (MLow =

48.75, SDLow = 15.68; MHigh = 72.09, SDHigh = 11.14; t(80) = 7.77, p < 0.001) showing

that the manipulation successfully changed evaluative judgments of the lead offers.

Subsequent offers shown after high lead offers were evaluated less favorably com-

pared to subsequent offers that followed low lead offers (MLow = 67.84, SDLow = 14.86;

MHigh = 61.18, SDHigh = 8.54; t(80) = 2.49, p = 0.015). Specifically, on average, par-
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ticipants rated subsequent offers 10% lower when subsequent offers were preceded by

high-value lead offers compared to low-value lead offers. This effect was directionally

the same independent of the number of preceding treated lead offers, but was the most

prominent with only one preceding lead offer (see Table A2 in the appendix).

Figure 1.9: Evaluative Judgment Experiment: Main Results
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† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
Notes: Bars show average ratings (with standard error bars) of Lead and Subsequent offers for the Low
(L), Medium (M), and High (H) treatment groups.

The direction of the experimental results conflicts with the direction of lead offer

spillovers present in the field experiments and the search motivation experiment. We

interpret these divergent results by noting that high-value lead offers may simultane-

ously increase search motivation while dampening evaluative judgements of subse-

quent offers, with the former effect dominating the latter. One potential alternative

explanation for the effects here is that the representation or beliefs about subsequent

offers remain unchanged, but lead offers directly distort the mapping of judgments to

scale values for subsequent offers (Frederick and Mochon, 2012; Mochon and Freder-

ick, 2013). However, when this effect has been previously documented the bias result

moved in the direction that anchoring effects would predict whereas our findings move

in the opposite direction.
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1.4.3 Complementarities

The third mechanism we investigate is potential complementarities between lead of-

fers and subsequent offers, which hypothesizes that there is an interdependence be-

tween the actions of selecting a lead offer and a subsequent offer. For example, if the

marginal cost of printing falls with the number of offers printed, and if users print

more high value lead offers than low value lead offers, then it is reasonable to expect

that more subsequent offers will be printed in the high value lead offer condition. This

could occur for several reasons: the number of steps logistically required to print sub-

sequent offers could fall when a lead offer is printed; or using multiple promotions

could be complementary, for example if a consumer is planning an imminent trip to

a grocery store to redeem a set of printed coupons; or the lead offer value could cre-

ate an income effect which makes additional consumption and promotion usage more

attractive.9

The ideal field experimental data to study the effect of complementarities would

include identifiers for users who are, ex-ante, never interested in the treated lead of-

fer. Suppose that we could identify users who will never print the lead offer coupon

regardless of its value. If those users still exhibited a change in subsequent offer prints

across treatments, we could rule out changes in marginal costs as the sole driver of lead

offer spillovers. Unfortunately, the field experiment data do not offer those identifiers.

A feasible alternative would be to consider consumers who did not print the lead

offers during the field experiment, since their printing decisions on subsequent offers

should not be driven by complementarities. Within this subset of users, lead offer

spillovers are stronger overall (see Table 1.8, Columns 1 and 2); in going from $V1 to

9Coupons for nonrivalrous products are nonrivalrous in printing and redemption, and the products
offered on our experiments all address distinct consumer needs and therefore are not substitutable; we
therefore know of no reason to expect negative portfolio effects among coupons.
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$V4, there is a 33% increase in the number of subsequent offers printed (p < 0.001)

and a 44.8% increase in the number of subsequent offers redeemed (p < 0.001). How-

ever, although this result suggests that complementarities are not driving lead offer

spillovers, the evidence may not be causal, as consumers self-select into printing lead

offers based partly on offer value treatment.

A second approach would be to consider users who printed at least one lead offer

during the experiment; if they anticipate complementarities in coupon redemption,

then they should be marginally more likely to print subsequent offers. Because most

of the promoted products are available in the same stores, printing a lead offer may

increase a forward-looking consumer’s utility of printing subsequent offers and using

them on the same shopping trip. We can investigate whether consumers behave in

this manner by looking at redemption results for different subsets of users defined

by their lead and subsequent offer co-printing and co-redemption behavior during

the experiment. While we should not treat these results as strictly causal, as users

self-select into these subsets, they may provide insights into whether the spillover is

motivated by complementarities. If such complementarities exist, we would expect

to see positive co-printing and co-redemption behavior between lead and subsequent

offers. Table 1.8, Column 3 and 4, show the results for the subsets of users who printed

at least one subsequent offer and printed (Column 3) or redeemed (Column 4) at least

one lead offer. These specifications show no evidence of increased lead offer values

resulting in increased subsequent offer redemptions.

A third possibility is to look at the subset of previous website visitors who never

printed coupons for the lead offer brand prior to the first experiment, as this is sug-

gestive that they may be uninterested in the lead offer coupons. This is a relatively

small proportion of consumers (N = 4, 925 or 13%), and therefore provides limited
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statistical power, but it still shows weak evidence of lead offer spillovers (8% lift;

t(4, 926) = 1.54, p = 0.062).

These three results–two descriptive and one causal–all suggest that potential com-

plementarities are not a primary factor driving the lead offer spillovers uncovered in

the field experiments. Lead offer spillovers are found among users who did not print

the lead offer in the field experiment, were not found for those who did print the lead

offer and at least one subsequent offer, and were found for those who declined to print

coupons for the lead offer brand prior to the experiment.

1.5 Campaign Profitability

In this section we consider lead offer spillover effects on coupon campaign profitabil-

ity. Coupon profitability is a complex problem which is difficult to unravel; to the best

of our knowledge, it has never truly been measured in the literature. We regret that it

is impossible for us to accurately measure profitability with the data that were avail-

able to us. We note that our partner manufacturer, like most of its competitors, did

not have a high-quality system in place to gauge promotion profitability. Given the

importance of the question and limited data available to answer it, we report a series

of simulations to calculate coupon profitability under a variety of conditions. These

simulations illustrate an approach to quantifying the effect of lead offer spillovers on

campaign profitability.

There is an important tradeoff when it comes to coupon profitability: while a higher

lead offer generates positive externalities in the form of additional prints and redemp-

tions of subsequent coupons, there are also direct costs associated with increasing the

value of lead offers. These direct costs arise both from the fact that the firm needs to
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remunerate retailers for more coupons redeemed and the increased value of each re-

deemed coupon which cuts into the profit margins of the products sold. Thus, while

increasing prints of subsequent coupons, all else equal, is essentially costless for the

manufacturer, increasing redemptions is not.

A second important consideration when investigating the overall profitability of

coupons is to consider who is using them; and specifically to consider the counter-

factual outcome and for what purpose: would the consumer would have bought the

product without the coupon? If every consumer who redeemed a coupon when buy-

ing a product would have bought the product without the coupon, then the coupon

transfers wealth from the manufacturer to the consumer. On the other hand, if higher-

value lead offers primarily attract new category purchasers or steal business from rival

manufacturers, then each redemption enhances the firm’s profit, so long as the profit

margin exceeds the discount margin. In all likelihood, the reality is somewhere in the

middle, where some coupon users are swayed by the discount into buying the product,

whereas other coupon users would have bought it without the coupon. Thus, simulat-

ing this tradeoff is an important exercise that can quantify static coupon profitability

and how it changes with lead offer spillovers.

Neslin and Shoemaker (1983) provide a helpful guide to calculating coupon prof-

itability. Following their notation, the essence of the static profit maximization can be
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stated as follows:

PROFIT = WNB ∗QR,L.O. ∗ (PL.O ∗QR,L.O. ∗MARGINL.O. − VL.O.)

− (1−WNB) ∗QR,L.O. ∗ VL.O.

+WNB ∗QR,S.O. ∗ (PS.O. ∗QR,S.O. ∗MARGINS.O.

− VL.O.)− (1−WNB) ∗QR,L.O. ∗ VL.O.

+ (QP,L.O. ∗ VP,L.O. +QP,S.O. ∗ VP,S.O.)

Where PX is the price, MARGINX is the gross profit margin, QR,X is the quantity of

coupons redeemed, QP,X is the quantity of coupons printed, VX is the face-value of the

coupon, and VP,X is the firm’s intrinsic value of a coupon print, where X represents

either lead offers (L.O.) or subsequent offers (S.O.). WNBX represents the percent of

users who would not have bought without the incentive of the coupon. PL.O. and PS.O.

can be inferred from available pricing data, whileQP,X andQR,X can be calibrated from

the field experiments.

We make two simplifying assumptions. First, it is possible to extend this static

framework to account for dynamic effects like loyalty or stockpiling, but for the cur-

rent exercise we interpretMARGINX as reflecting current profit impacts of customers’

future purchases, to simplify the exposition. Second, we assume VP,L.O. = VP,S.O. = 0,

thereby excluding the possibility that coupons generate cross-selling opportunities,

mere-exposure effects, or other forms of brand awareness that might increase the firm’s

profits. We are not able to estimate such quantities with the available data, so we ex-

clude them to make the profitability calculation conservative.

WNBX and MX likely vary across products, segments and firms, so we show re-

sults for these parameters over large supports: 30% to 50% for MARGIN and 40% to
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60% for WNB. The margin range is centered on 40%, the mean gross profit margin

reported in the US Census Bureau Annual Survey of Manufacturers for the NAICS in-

dustry code that is the closest to our studied product industry.10 The WNB range cen-

ters on the 50% “would not have bought without coupon” percentage result reported

in Neslin and Shoemaker (1983).

For these parameter ranges, we calculate the average profit per user and indicate

what lead offer coupon value ($V1 or $V4) provides the profit maximizing option to

the firm. For simplicity, we assume that WNB and MARGIN are the same for both

lead and subsequent offers.

Figure 1.10 panels A and B show simulated firm profits for different combinations

of firm profit margin (Y axis) and percentage of consumers who would not have bought

products without a coupon (X axis). Profit is the third dimension represented by a

shaded contour plot: darker areas represent higher profit levels, while lighter areas

indicate lower profit levels. Panel A shows the results assuming that the firm does not

include the spillovers in its analysis, and Panel B provides the scenario if it does include

spillovers. Panels C and D present two-dimensional cross sections of the graphs in A

and B, fixed atWNB = 40% andM = 50%. Profits are higher as the gross profit margin

increases, and higher with greater WNB – the percent of users redeeming the coupon

who would not have bought the product without the coupon.

A key takeaway is the difference in crossover points between the dotted lines and

the solid lines in Panels C and D. The horizontal distance between the two crossover

points embodies the area in which the company would have mis-optimized. This area

grows as the relative value of lead offers to subsequent offers increases. Intuitively, if

the amount of profit one stands to make from lead offers is small, and the amount of

10We cannot reveal the exact NAICS industry number without de-anonymizing the product category.
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profit one stands to make from subsequent offers is large, then the lead offer spillover

can have substantial effects if it significantly increases the number of subsequent prod-

ucts moved.
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Figure 1.10: Profit Simulations

A. Profit not including spillovers B. Profit including spillovers
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Notes: Panels A and B: These three dimensional graphs show simulated firm profits for different com-
binations of firm profit margin (Y axis) and percentage of consumers who would not have bought
products without coupon (X axis). Profit is the third dimension represented by a shaded contour plot:
the darker color indicates higher profit levels, while lighter color indicates lower profit levels. These
simulations were calibrated using printing and redemption data from the first field experiment. For
each X and Y combination, we calculate the average per-user profit for two coupon values, $V1 and
$V4. The curved line is the indifference curve, it divides the region into two areas: lower left, where
the $V1 lead offer value is the profit maximizing choice, and upper right, where $V4 lead offer value
is the profit maximizing choice. Panel A shows this division when just taking into account the effect of
the treatment on the treated products. Panel B shows the total treatment effect taking into account the
spillovers as well. The red lines show the cross-sections depicted in panels C and D.
Panels C and D: These graphs present two separate two dimensional cross-sections of the three di-
mensional graphs depicted in Panels A and B. Panel C presents a two dimensional cross section fixing
the would not have bought without coupon percentage at 50%. Whereas Panel D depicts a two dimen-
sional cross section fixing the profit margin at 40%. The lines depict profits under $V1 and $V4 lead
offers with and without including the spillovers.
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1.6 Conclusion

This research provides the first evidence of lead offer spillovers and explores why they

occur. A large-scale field experiment in the context of print-at-home coupons found

that doubling three lead offer values increased the printing and redemption of sub-

sequent offers by 18% and 12%, respectively. A second field experiment with an in-

tentionally weaker manipulation produced a 12% lift in subsequent offer printing but

a null result on subsequent offer redemptions. Additional analysis and further ex-

perimentation indicate that large lead offer values increase consumer search for sub-

sequent offers, and are not primarily driven by changes in evaluative judgments or

complementarities among coupons.

The results imply that lead offer spillovers are important to consider when design-

ing groups of promotions. Design choice sets are very large, so to simplify the prob-

lem, marketers often choose between leading with their largest offers or leading with

their most popular offers. This research helps to shed light on that choice, suggesting

that leading with a high-value offer may help increase adoption of subsequent offers.

Initiating an offer group with a particularly high-value lead offer can help to attract

additional users to search for subsequent offers, even if the lead offer is not particu-

larly attractive to most consumers. However, we did not explicitly test the effects of

manipulating the popularity of the lead product offered, so we cannot make relative

statements about these strategies. Also, it is important to remember that promotions

may vary in their profitability as well as their size, so the desirability of capitalizing on

lead offer spillovers will depend on the marketer’s objectives, margins, retention rates,

ability to capture new business with promotions, and how all of those factors vary

across the set of promotions available for various products. Therefore, a nuanced con-

sideration of the entire group of promotions is required to determine the best possible
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ordering.

More generally, the finding of lead offer spillovers on a multi-brand coupon web-

page could potentially relate to other settings in which consumers allocate attention

and choose from among many options. Product assortments, both online and offline,

may exhibit similar features in that placing particularly attention-catching options in

prominent positions can alter consumer search and evaluations of subsequent prod-

ucts.

Future work could address many interesting questions regarding how to best de-

sign and present groups of offers. How do consumer characteristics and product at-

tributes interact to generate larger or smaller spillovers from lead offers to subsequent

offers? Should lead offers receive extra space and elaboration, and how would such

designs affect lead offer spillovers? Are there asymmetric order effects in which se-

quencing a particular offer before another generates larger or smaller spillovers? How

does the lead offer spillover vary as the relative offer values between lead and subse-

quent offers change? How do spillovers relate to price expectations or reference points,

and might spillovers be asymmetric around those points? Can firms influnce reference

point formation by sequencing offers strategically?

An important limitation of the current analysis is its absence of a precise measure

of coupon profitability. In this, we have substantial company in both the scholarly

literature on coupons as well as among practicing managers designing complex pro-

motional campaigns in dynamic market environments. In fact, private conversations

with executives indicate an (untested) belief that the sales volume lift from coupons is

better explained by measures of coupon distribution than actual redemption behavior,

consistent with the “mere exposure” effects of Venkatesan and Farris (2012). The typ-

ical annual volume of distributed coupons exceeds the volume of redeemed coupons
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by a factor of about 30 (Inmar, 2014), lending some plausibility to such beliefs. Due to

the complexity of the profitability question and limited data available to us to answer

this question, we simulate coupon campaign profits under various conditions. The key

takeaway from our simulations is that there is a tradeoff between the lead offer value

and the additional profits gained from spillovers, but that there exist regions (within

reasonable industry parameter levels) where these profit gains are large.

In summary, this paper has uncovered and explained a new result in how con-

sumers respond to groups of price promotions. We are optimistic that marketers’ in-

creasing ability to track consumer behavior across purchase and consumption occa-

sions, along with increasing opportunities for digital experimentation, will continue to

generate insights into holistic effects of price promotions on shopping and purchasing

behaviors.
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Abstract

Two large-scale field experiments (N = 73,010) investigate the effects of pro-
motion beneficiary framing on consumer behavior. In the context of print-
at-home coupons in a baby-related product category, we find that framing a
savings message as benefiting the baby (i.e., “save for your baby”) increases
coupon printing and redemptions. This framing effect is equivalent to an
incremental $0.05 of coupon value and is larger than the effect of a tradi-
tional call to action (i.e.,“act now”). Additional studies suggest the effect is
primarily driven by mental accounting. Specifically, the beneficiary frame
increases the likelihood an offer is coded as belonging to a particular bud-
get category. The results suggest a novel, low cost pathway for marketers to
increase promotion uptake.
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2.1 Introduction

Price promotions vary in their framing and design elements. For example, promotions

can display images of a product, opt to specify whom the offer affects or benefits, or en-

courage consumers to act quickly to receive the promotion. Although such options do

not impact the monetary savings a consumer receives from purchasing the promoted

good or service, their design is a central element that can affect the probability one

decides to make the purchase. Yet, marketers know relatively little about how such

framing and design elements impact promotion uptake and, moreover, how they com-

pare to traditional promotion attributes such as the monetary savings that a promotion

offers.

To address these open questions, we conducted two large-scale field experiments

utilizing print-at-home coupons in collaboration with a partner firm. Consumers find

print-at-home coupons online at dedicated brand websites as well as multi-brand por-

tals (e.g., Coupons.com, Redplum, and Retailmenot). Once printed, coupons can be

redeemed at any traditional retail store that accepts paper coupons.1 The two field

experiments leverage the format’s flexibility for testing different combinations of non-

economic coupon design features, like beneficiary framing, call to action framing, and

product image alterations, as well as traditional economic variables, such as offer

value, in a baby-related product category.

In the first field experiment, we found that making a beneficiary savings statement

(“SAVE $X.XX FOR YOUR BABY” vs. control “SAVE $X.XX”) significantly increased

1Print-at-home coupons reduce coupon distribution costs, maintain paper-based auditing safe-
guards against misredemptions and fraud, are compatible with nearly all point-of-sale systems, and
help preserve coupons’ ability to price discriminate between consumer segments by imposing a pre-
shopping effort cost. Additionally, they give marketers a powerful tool to test a variety of promotions
in order to determine which offers and terms yield the best results for a given target and marketing
objective.
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coupon printing by 3.2%, coupon redemptions by 4.7%, and was equivalent to an in-

cremental $0.05 of coupon value: a sizable increase given the ease of adding a short

beneficiary savings statement while keeping the monetary incentive constant. More-

over, this effect was larger than a standard call to action (i.e., “act now”). The sec-

ond field experiment replicated this increased printing rate for coupons containing the

beneficiary savings statement. Additionally, we found that users who were previously

exposed to the beneficiary framing treatment and who returned to the website via a

promotional email continued to be influenced by beneficiary framing, suggesting the

result is not due to a novelty of treatment effect.

Although the field data provide causal evidence that beneficiary framing increases

promotion uptake, they do not address the underlying psychological mechanisms for

why this occurs. We hypothesize two potential mechanisms and test each using addi-

tional online experiments. First, specifying the beneficiary can result in an increased

probability that an offer is coded as directly affecting a household budget component

earmarked for the beneficiary (e.g., a budget for children). This mental accounting

explanation is consistent with previous work that has studied how consumers group

funds into different categories or mental accounts (Thaler, 1999; Zhang and Sussman,

2018). Second, beneficiary framing might cause consumers to project their positive

emotions for the beneficiary to the coupon which increases the value of beneficiary

framed offers compared to control offers, a process related to affect transfer (MacKen-

zie et al., 1986; Sweldens et al., 2010). The results of the experimental tests we conduct

support the mental accounting explanation, but we do not find conclusive evidence to

support the affect transfer hypothesis.

The paper proceeds as follows. First, we review the relevant literature including

academic studies of coupons, framing effects, and digital promotions. The following
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two sections present the field experiment context, methods, and results for the two

large scale field experiments that find beneficiary framing increases promotional up-

take. Next, we test whether two potential mechanisms, mental accounting and affect

transfer, drive the beneficiary framing effect through additional online experiments.

The final section concludes and discusses managerial implications.

2.2 Related Literature

Academic studies of coupon effects date back to Kuehn and Rohloff (1976), who pro-

posed the first model relating brand purchase shares to coupon availability and face

value. Much of the literature has focused on developing new response models to pre-

dict and understand how different coupon features are associated with redemptions

and brand choice (Reibstein and Traver, 1982; Neslin, 1990; Raju et al., 1994; Bawa

et al., 1997; Dhar and Raju, 1998), profitability (Neslin and Shoemaker, 1983; Leone

and Srinivasan, 1996; Dhar et al., 1996), the trade-off between shelf price and coupon

offer value (Anderson and Song, 2004; Kumar et al., 2004), purchase timing (Neslin

et al., 1985; Papatla and Krishnamurthi, 1996), consumer factors (Mittal, 1994; Gönül

and Srinivasan, 1996), retailer promotions (Krishnan and Rao, 1995), expiration date

(Krishna and Zhang, 1999) and mere-exposure effects (Venkatesan and Farris, 2012).

Coupons and temporary price promotions have been the focus of numerous exper-

imental studies, both in the laboratory and in the field. Among lab studies, Raghubir

(1998) showed that the magnitude of a coupon’s discount can lead inexperienced con-

sumers to infer a higher shelf price for the product, partially offsetting the coupon’s

ability to promote sales to new consumers. LeClerc and Little (1997) offered the first

evidence that coupons’ non-economic terms could influence redemption; participants
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receiving a brand advertisement with a coupon indicated greater purchase intentions

and willingness to clip the coupon than the coupon-only control group. Guimond et al.

(2001) manipulated coupon offer value and presentation, finding that non-deal-prone

consumers were more sensitive to coupon value than deal-prone consumers. Raghubir

et al. (2004) summarize the literature, proposing that coupons can have economic, in-

formational and affective effects on consumers, suggesting that firms should maximize

informational and affective elements in order to optimize economic profits.

Outside of the laboratory, couponing is one of the oldest applications of field exper-

iments in marketing. Chapman (1986a) published the first field experiment in direct

mail coupons, in which he randomized restaurant coupon mailings. He found that

coupon reception significantly predicted purchase incidence and, based on a sales re-

sponse model, estimated that coupon profitability was about 5% of normal gross mar-

gins in the absence of a promotional effort. Bawa and Shoemaker (1987) followed a

similar design, mailing either a low, medium, or high value coupon for a mature brand

in a frequently purchased category to a panel of about 5,000 households. They found

that coupons increased purchase probability among both frequent brand users and also

among non-users. More redemptions were observed in the medium-value condition

than the low-value condition, but there was no significant difference between redemp-

tions in the medium and high value conditions. Bawa and Shoemaker (1989) further

examined the characteristics of the responding households, showing that incremen-

tal sales increased with education, homeownership, and household size. Venkatesan

and Farris (2012) proposed a conceptual model for how retailer-customized coupon

campaigns affect purchases where revenue was influenced by both exposure to cam-

paign effects and coupon redemptions. In a quasi-experimental setting, they found

that mere exposure to customized campaigns more strongly contributes to campaign

returns than coupon redemptions, suggesting exposure itself can act as an important
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marketing tool. Our study is related to efforts to estimate behavioral effects in the

field, as has often been called for (McGrath and Brinberg, 1983; Cummings et al., 2015;

Lynch Jr et al., 2015). Sudhir et al. (2016) exemplify this literature; they randomized

advertising copy in a direct mail appeal to potential donors for a nonprofit and found

results consistent with several sympathy biases found in lab studies, which when com-

bined with statistically and economically significant differences in donations between

experimental conditions, helped practitioners to understand which behavioral theories

are most managerially and economically relevant to developing content for mailers.

A separate literature has found that the semantics with which information is pre-

sented can have profound effects on choice, a finding often referred to as framing ef-

fects (Tversky and Kahneman, 1981; Keren, 2011; Teigen, 2015). For example, Ganzach

and Karsahi (1995) report the results of a field experiment where loss-framed benefit

messages (e.g., highlighting potential losses when not utilizing a product) were more

likely to increase credit card uptake compared to gain-framed benefit messages. A size-

able portion of the framing literature has addressed how differences in price framing

can bias consumer choice. For example, Guha et al. (2018) found that framing dis-

counts such that the discount depth is compared to the sales price rather than original

price increased consumer perceptions of the discount depth and purchase intentions.

Furthermore, previous work investigated how framing discounts on bundled prod-

ucts influenced purchase rates and found that which product in a bundle is discounted

can impact consumer choice (Khan and Dhar, 2010; Janiszewski and Cunha Jr, 2004).

Additional work on the “money illusion” has found that the perceived price in a for-

eign currency is influenced by its nominal value (Shafir et al., 1997), suggesting that

changing the price metric (e.g., from dollars to yen) alters the perceived price. Con-

sistent with this, the units with which numerical quantities are framed (e.g., one year

versus 12 months) has been found to bias consumer judgments (Ülkümen et al., 2008;
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Monga and Bagchi, 2011; Ülkümen and Thomas, 2013). Overall, the work highlighted

here suggests that the framing of price information can impact consumer purchasing

decisions.

Recently, the advent of digital communications has lowered the cost of tracking

promotion delivery and response at the consumer level, leading more firms and re-

searchers to experiment with digital promotions. Sahni et al. (2017) reported the re-

sults of 70 field experiments run at a large ticket resale platform. They found that

email promotions increased revenues significantly, but 90% of incremental gains came

from non-promoted products, suggesting that targeted promotions can have important

spillover effects on primary demand for live entertainment tickets. In a closely related

vein, Fong (2017) and Fong et al. (2019) showed in a series of field experiments that

promotions that are precisely tailored to consumers’ tastes led to less consumer search

outside of the promoted categories, suggesting a possible downside to narrowly tar-

geted promotions. The work here employs a similar empirical context in the field as

McGranaghan et al. (2019), which reported the results of two field experiments that

randomized the value of initial promotions on an online coupon website. They found

that high-value initial offers were more likely to be printed than low-value initial of-

fers and also increased the printing and redemption of identical subsequent offers. In

contrast, the central question of this paper entails understanding the effects of non-

economic coupon manipulations, such as beneficiary framing, call to action framing,

and image presentation. The first field experiment here reports the results of four

novel non-monetary treatments that were conducted at the time of McGranaghan et al.

(2019)’s first field study. In order to quantify the monetary value of the non-economic

treatments, we also utilized the variation in offer value which was the only attribute

that was reported in McGranaghan et al. (2019). In other words, we exploit the exoge-

nous variation in a coupon’s economic value to compute the compensating variation
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of the relevant non-economic treatments. In addition to this field experiment, we repli-

cate the effects of non-economic treatments in a second field experiment and conduct

several additional studies to unpack the psychological mechanisms that underlie the

results identified in the field.

To summarize, the current paper seeks to contribute to the existing literature by

linking the long tradition of field experiments in the coupon literature to the newer

literature on digital promotions. We study a means of coupon distribution—print-at-

home coupons—that has not received much attention in the scholarly literature, and

we propose novel experimental treatments based on previous work in psychology and

marketing. Specifically, this paper is the first to demonstrate that beneficiary framing

increases promotional uptake and to explain why that occurs. Moreover, the design

allows us to quantify how framing effects compare to traditional economic coupon at-

tributes and to estimate the compensating variation of non-economic coupon elements.

2.3 Field Experiment 1: The Beneficiary Framing Effect

2.3.1 Method

Empirical Context

The field experiments were conducted on a website which offers print-at-home

coupons to consumers. The data were collected over a 34-day period in which 36,634

consumers were exposed to the treatments described below. When a consumer navi-

gated to the site, they were required to first log in with an email address or standard
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social-network profile.2 Afterwards, they were presented with more than 10 coupon

offers, one per product, for products sold by many different brands. Consumers could

not view coupon offers prior to logging in.

The coupon website displayed coupon offers in rows of three offers per row. The

experiment randomized elements of the three coupon offers displayed on the top row.

Non-treated coupon offers were displayed on subsequent rows. Figure 2.1 illustrates

a similar layout.3 Each non-treated coupon offer included a product image, made a

savings statement (e.g., “Save $X”), and described the specific coupon offer (e.g., “on

any one [brand name] [product name]”).

Figure 2.1: Webpage Layout for Field Experiment 1

Notes: This depicts a wireframe representation of the website used in the field experiment. The shaded
boxes indicate the treated coupons while the white boxes indicate the non-treated (NT) coupons.

The three treated coupon offers were for three products sold by a single brand in

an unspecified baby-related category. The three treated products differed in price level

and the age of the baby they were intended to serve. We use a brand of baby shoes,

Robeez, to illustrate the design but Robeez was not involved in the research. To pre-
2The brand and coupon website did not use any paid or owned media to drive traffic to the coupon

website during the sample period of the study. The brand did not use any other means to distribute
digital coupons at the times of the experiments reported in this paper.

3Most consumer devices displayed the first two rows of coupon offers then required manual
scrolling to display the remaining offers.
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serve brand anonymity, the manufacturer, brand, products, product category, coupon

website, and offer values are all left unspecified. Throughout the paper, we refer to the

three products as P1, P2, and P3.

An example of a typical coupon offer is provided in Figure 2.2. Each coupon offer

displayed a small check-box in the upper-left-hand corner. Consumers first clicked

the check-box for any offer they wanted to print, then clicked a “print” button in the

webpage header. After clicking the “print” button, the coupon website sent them a

series of images for printing. These images look like traditional paper coupons; each

coupon included a product image, an expiration date, a coupon value and terms, a

machine-readable barcode, a Quick Response (QR) code, and a lengthy legal passage

stating permissible use.4The coupon website’s technology did not allow the printed

coupons to vary with experimental attributes other than offer value, thus only pre-

print coupons (and not the printed coupons) had non-economic treatments displayed.

Figure 2.2: Example Website Offer

Notes: An analogue of the actual coupon offers shown to users in the online experiment.

After printing a coupon, a consumer could redeem the printed coupon when pur-

chasing the specified product at any retail store that accepted manufacturer’s paper

4All coupons expired two weeks after printing. The website limited each logged-in consumer to two
print requests per coupon in any two-week period; a third request was met with a “Too many prints”
error message.
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coupons.5After use, retailers delivered paper coupons to professional auditing and

clearing firms. Retailers were reimbursed and the coupon website database was up-

dated several weeks later, tying individual-level coupon redemptions to the specific

offers that were viewed on the website.

Experimental Design

We randomized five attributes of coupon offers in a balanced, full factorial design. The

following three attributes relate to a coupon’s non-economic framing elements:

• Beneficiary Framing: Half of all coupon offers framed available savings by say-

ing “SAVE $X FOR YOUR BABY.” The control condition used no framing, saying

only “SAVE $X,” as the website had done prior to the experiment.

• Image Framing: All coupon offers displayed a prominent brand logo beneath

one of three image conditions with equal probability: a picture of a baby; an

image of the product, whose packaging featured a picture of a baby; or no image

(control).

• Call to Action Framing: With 50% probability, each coupon offer either contained

a call to action (“Act Now!”) or contained no call to action (Control).

We also randomized a fourth coupon attribute, feature statement. With equal prob-

ability, each coupon offer displayed one of four conditions: a product-specific feature

statement, a product-specific feature specifically framed as benefitting the baby (“for

5Retailers require consumers to print manufacturers’ print-at-home coupons because auditors re-
quired the paper coupons. This policy differed from digital-only coupons that may be displayed on a
mobile device at a retail check-out counter. Digital-only coupons tend to be offered by retailers (rather
than manufacturers) or in vertically integrated channels. Such settings reduce concerns about coupon
misredemptions and fraud.
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your baby”), a product-specific feature statement framed in comparison to a compet-

ing product, or no feature statement (control). To preview some of the results, none

of these feature statements had any detectable main effects or interactions with other

treatment attributes. In retrospect, we speculate that this was because the feature state-

ments were printed in a smaller, lighter gray font at the bottom of the coupon offers.

Given this, they were far less prominent than the other treatment attributes. However,

the null effects of feature statements suggest that simply varying the quantity of infor-

mation within each coupon offer is not sufficient to explain some of the main results

reported below.

Finally, the coupon’s value was randomly set at one of four value points with equal

probability. We refer to experimental coupon values in ascending order as V1, V2, V3,

and V4. Those values spanned the range of past coupon values that had previously

been offered for P1, P2, and P3 on the coupon website. The highest value treatment, V4,

was double the lowest treatment, V1. V2 and V3 were spaced evenly between V1 and

V4. Note that this feature was the only one that varied the coupon’s economic value,

and we only use this to compute the compensating variation of the non-economic treat-

ments

Each attribute was manipulated independently using JavaScript code executed in

the consumer’s browser. Upon each consumer’s first visit to the website during the

sample period, random numbers were drawn to determine the coupon offer treatment

attributes. The treatments selected were held constant for all subsequent visits by the

same consumer during the sample period, so no user was exposed to multiple treat-

ments. As will be reported below, randomization checks confirm that observable user

characteristics were well balanced across treatments.

The same draw of five treatment attributes (Beneficiary Framing, Image, Call to Ac-
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tion, Feature, and Value) were applied to all three focal coupon offers on the top row of

the website. The positions and attributes of all subsequent non-experimental coupon

offers were held constant throughout the sample period to eliminate confounding vari-

ation.

Figure 2.3 presents two examples of experimental treatments presented to con-

sumers on the top row of the website. Brand-identifying product names, feature state-

ments, and offer values have been obscured to preserve brand confidentiality. The

non-obscured treatments were professionally designed and more visually appealing

than the illustrations presented here.

Figure 2.3: Printing and Redemption Results for Non-Monetary Features

Notes: Examples of two sample treatments. Each row displays three sample coupons that would have
been displayed at the top of the webpage for a consumer. Note that a treatment can differ in stating
the savings beneficiary, displaying an image, giving a call to action, their feature statement, and their
value (differences in value are not depicted in the figure).

Outcome Measures

For each consumer, the data record whether an offer was printed and whether it was re-

deemed. We report effects of experimental treatments on both behaviors. Additionally,
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since P1, P2, and P3 were intended for babies of different sizes, a consumer respond-

ing to a treatment is likely to print a promotion for the product that corresponds to her

baby’s current size. Hence, in addition to analyzing the printing of each product, we

also analyze a response behavior of printing any focal brand coupon, which we denote

as “any P1/P2/P3” and is defined as the union of P1, P2, and P3 prints.

Responding to a coupon offer with a print request is a nearly-instant response to

an experimental stimulus. Differences in printing rates across treatments are causal

effects. Across all treatments, 40.2% of coupon site visitors printed experimental

coupons.

Based on conversations with executives at the partner firms, brand managers be-

lieved that coupon printing itself may benefit the brand (in addition to serving as an

intermediate step required for redemption). Printing is a tangible marker of brand en-

gagement, which may result in a more favorable brand attitude and increased brand

purchase intention. These changes in attitudes may produce “halo effects” which in-

crease purchase probability even in the absence of coupon redemption. This reasoning

corresponds strongly to the “mere-exposure” results of coupon distribution found by

(Venkatesan and Farris, 2012). We want to emphasize that these were unproven spec-

ulations, but we believe they accurately reflect the views of the career professionals

responsible for brand promotions.

The second behavior, coupon redemption, is important but also sparser which re-

duces statistical power and the likelihood of detecting true differences between con-

ditions. Experimental treatments could influence several choices prior to a redemp-

tion decision, such as store choice or purchase timing, muddying the direct effects

of treatment on redemption behavior within each experimental cell. There are also

many non-experimental factors that are more likely to influence coupon redemptions
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than coupon prints such as retailers’ promotions, advertising, competitors’ marketing

strategies, or other unobserved shocks encountered within a retail store. Overall, 13.3%

of coupon site visitors redeemed experimental coupons. Moreover, given that printed

coupons did not differ between treatments, the impact of a non-economic treatment on

redemptions is likely to be diminished.

In contrast with coupon printing, redemption may or may not be profitable for the

manufacturer. Redemptions impose the direct cost of coupon payments to retailers.

They may also cannibalize loyal consumers’ purchases that may have otherwise oc-

curred at a higher price point. The overall profitability of coupon promotions is quite

difficult to measure (Neslin and Shoemaker, 1983) and not possible to assess with the

available data. For these reasons, we report results for both coupon printing and re-

demptions, but focus more on printing behavior as it permits a more reliable explana-

tion of the mechanisms that drive differences in behavioral treatments.

Consumer Characteristics

The website’s database has several historical variables that can be used as “demo-

graphics” of site visitors. An earlier version of the coupon site asked new registrants

to optionally indicate if they had a newborn, a baby, and/or a toddler at home, and

whether they would like to be notified of future coupon offers by email.6 These ques-

tions were not displayed prominently during the registration process, their completion

was not mandatory, and there was no requirement or clear incentive for consumers to

complete them, so they are sparsely populated. Still, they help to predict consumer

printing and redemptions, so we include them as control variables in the regressions

6It is important to note that opting in to receive notifications only indicates consumers’ stated will-
ingness to receive email promotions. The coupon website did not send any emails during the sample
period.
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reported below to reduce noise.7

Randomization Checks

We performed several randomization checks. First, we reviewed the in-browser

JavaScript randomization code prior to implementation. Second, we checked the data

carefully after the experiment and found that the cells were well balanced. Third, we

used the four user characteristics referenced in the previous paragraph (i.e., Newborn,

Baby, Toddler, and Email) to examine the validity of the experimental randomization.

We tested 20 null hypotheses, each one indicating whether one of the four observ-

able consumer characteristics is distributed independently of one of the five treat-

ment attributes. Table 2.1 reports the p-values of these 20 randomization checks. As

would be expected due to random chance alone, one test indicated non-independence

at a 95% confidence level, and another test indicated correlation at a 90% confidence

level.8These results are exactly in line with expected rates of Type 1 error, supporting

that the experimental randomization code worked as expected.

Table 2.1: Field Experiment 1 Randomization Checks

Beneficiary Offer Call to
Framing Image Value Action Feature

Newborn 0.939 0.813 0.018∗ 0.978 0.982
Baby 0.547 0.158 0.816 0.084† 0.515
Toddler 0.797 0.653 0.330 0.567 0.632
In Email 0.467 0.464 0.743 0.163 0.758

† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
Notes: Randomization checks. Each cell reports the p-value of a Pearson’s chi-square test of the null
hypothesis that the row variable and column variable are independently distributed.

7We also have checked for whether they interact with treatment variables to predict consumer re-
sponse, using both parametric and nonparametric approaches, but found no evidence of heterogeneous
treatment effects.

8We are further informed by the fact that the two hypothesis tests that are significant at the 90% level
are associated with different experimental treatment variables.
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2.3.2 Results

Overview

Table 2.2 presents p-values from a series of chi-square tests, each of which indicates

whether a set of non-economic treatment variables influenced coupon printing and

redemption. Beneficiary framing has significant effects on all coupon printing vari-

ables and some coupon redemption variables. Image and Call to Action significantly

influence some coupon printing variables, but they do not significantly influence re-

demption behavior. Feature has no significant effects on any printing or redemption

variables.

Table 2.2: Independence for Main Effects

Beneficiary Call to
Framing Image Action Feature

P1 Coupon Printed 0.024∗ 0.061† 0.212 0.325
P2 Coupon Printed 0.031∗ 0.250 0.162 0.184
P3 Coupon Printed 0.065† 0.056† 0.061† 0.263
Any P1/P2/P3 Coupon Printed 0.014∗ 0.089† 0.108 0.552

P1 Coupon Redeemed 0.683 0.996 0.178 0.644
P2 Coupon Redeemed 0.046∗ 0.650 0.490 0.815
P3 Coupon Redeemed 0.142 0.644 0.352 0.527
Any P1/P2/P3 Coupon Redeemed 0.084† 0.358 0.806 0.871

† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
Notes: Tests of independence for main effects. Each cell reports the p-value of a Pearson’s chi-square
test of the null hypothesis that the row variable and the column variable are unrelated.

We first present figures showing the average treatment effects for treatment vari-

ables that had some statistically significant effects. Figures showing non-significant

average treatment effects are provided in the Appendix. Additionally, we estimate a

series of probit regressions to compare the sizes of framing effects to traditional coupon

elements.
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Effects of Behavioral Treatments on Coupon Printing and Redemptions

Figure 4a shows the effect of beneficiary framing on printing rates for each of the three

product coupons, and on the fraction of consumers who print any coupon for the brand

(i.e., “Any P1/P2/P3”). On average, beneficiary framing increased the printing rate by

3.6% for P1 (χ2(1) = 5.09, p = 0.024), by 3.2% for P2 (χ2(1) = 4.66, p = 0.031), by

2.6% for P3 (χ2(1) = 3.40, p = 0.065), and by 3.2% for the brand as a whole (χ2(1) =

6.02, p = 0.014). These changes are estimated with substantial precision: three effects

are significant at the 95% confidence level, and one is significant at the 90% confidence

level.

Figure 4b shows that the increased printing rate led to positive average changes

in redemption rates. However, the possibility that redemption increased due to ran-

dom chance alone cannot be ruled out for P1 (χ2(1) = 0.17, p = 0.683) or P3 (χ2(1) =

2.16, p = 0.142). For P2, the effect of beneficiary framing significantly increased the re-

demption rate by 8.1% (χ2(1) = 3.97, p = 0.046). For the brand as a whole, the average

redemption rate increased with beneficiary framing by 4.7% (χ2(1) = 2.99, p = 0.084).
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Table 2.3: Field Experiment 1 Printing Results

Dependent P1 Coupons P2 Coupons P3 Coupons ANy P1/P2/P3
Variable Prints Prints Prints Prints

Predicted Probability in Control 16.4% 17.4% 18.9% 22.3%
Mean (Across All Treatments) 31.1% 33.9% 35.9% 40.2%

Average Marginal Effects of Experimental Treatments
Beneficiary Framing Control: None

"For your baby" 0.9%∗ 0.9% 0.7% 1.1%

Coupon Image Control: None
Baby Image 0.3% 0.7% 0.4% 0.8%
Product Image -1.1% 1.0% 1.4% 1.4%

Coupon Value Control (Lowest Value)
Value Point 2 10.7% 11.8% 11.8% 12.4%
Value Point 3 18.8% 20.9% 22.1% 23.3%
Value Point 4 29.2% 31.2% 31.9% 32.4%

Call to Action Control: None
"Act Now!" 0.7% 0.9% 1.1% 1.0%

Observable Consumer Characteristics (included as controls)
Fixed Effects Newborn 10.2% 11.9% 10.8% 12.0%

Baby 4.5% 6.3% 4.5% 6.2%
Toddler -2.2% -0.9% -0.9% -1.5%
In Email -16.4% -20.0% -19.4% -21.9%

† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
Notes: Binary probit estimates of the experimental attributes and control variables on coupon printing
rates. N = 36, 634.
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Table 2.4: Field Experiment 1 Redemption Results

Dependent P1 Coupons P2 Coupons P3 Coupons ANy P1/P2/P3
Variable Prints Prints Prints Prints

Predicted Probability in Control 1.2% 1.5% 2.7% 4.0%
Mean (Across All Treatments) 5.1% 6.7% 10.2% 13.3%

Average Marginal Effects of Experimental Treatments
Beneficiary Framing Control: None

"For your baby" 0.0% 0.4% 0.3% 1.5%

Coupon Image Control: None
Baby Image 0.0% 0.1% 0.4% 0.6%
Product Image 0.0% -0.2% 0.3% 0.2%

Coupon Value Control (Lowest Value)
Value Point 2 2.2% 3.0% 3.9% 5.5%
Value Point 3 4.6% 6.3% 8.2% 10.8%
Value Point 4 9.4% 12.1% 18.2% 21.3%

Call to Action Control: None
"Act Now!" -0.3% -0.1% 0.4% 0.2%

Observable Consumer Characteristics (included as controls)
Fixed Effects Newborn 0.0% 2.7% 2.0% 3.0%

Baby 1.1% 1.1% 2.4% 2.5%
Toddler -0.6% -0.4% -1.9% -1.3%
In Email -5.2% -8.4% -9.1% -11.9%

† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
Notes: Binary probit estimates of the experimental attributes and control variables on coupon redemp-
tion rates. N = 36, 634.

Figure 2.4: Savings Beneficiary Message Printing and Redemption Results

A. Printing Rates B. Redemption Rates

† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Figure 5 displays the effects of coupon offer image on printing rates for the three

products and the brand as a whole. Across all three products, and the brand as a

whole, the prominent baby image led to higher printing rates than the control (no

image), but the difference between the conditions was never significant (P1: χ2(1) =

0.20, p = 0.655; P2: χ2(1) = 1.40, p = 0.236; P3: χ2(1) = 0.40, p = 0.529; Any P1/P2/P3:

χ2(1) = 1.75, p = 0.186). The product image (which itself contained an image of a

baby on the packaging) had mixed effects for different products, but led to an overall

effect for the brand that was positive and significant when compared to the control

(χ2(1) = 4.77, p = 0.029), but was not statistically distinguishable from the baby image

(χ2(1) = 0.73, p = 0.393).9 Neither image treatment had any significant effects on

coupon redemptions, as depicted in Figure A1.

Figure 2.5: Image Printing Results

† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Figure 6 shows the experimental effect of the Call to Action on coupon printing. The

9More specifically, the product image led to a lower print rate for P1 and a higher print rate for P3.
We suspect that these two products are purchased by different types of consumers and that the product
image may have had different effects on each segment. Further research would be needed to explain the
different effect signs.
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average effect of telling the consumer to “Act Now!” was positive for all three product

coupons, however it was only marginally significant for P3 (P1: χ2(1) = 1.56, p = 0.212;

P2: χ2(1) = 1.96, p = 0.162; P3: χ2(1) = 3.52, p = 0.061; Any P1/P2/P3: χ2(1) =

2.59, p = 0.108). Figure A2 notes these effects do not carry over to redemptions.

Figure 2.6: Call-to-Action Printing Results

† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Finally, as referenced earlier, Figure A3 reports that none of the feature statements

had any effects on coupon printing or redemptions.

The remainder of the paper focuses on beneficiary framing for two reasons. First, as

referenced above, we were interested in understanding how non-economic treatments

impact coupon printing and redemptions. Given this, the beneficiary framing treat-

ment connects to a rich literature on framing effects that has been largely unexplored

in promotional settings. Second, the results of the beneficiary framing treatment ap-

pear sizeable across products and behavioral responses.
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Comparing Beneficiary Framing with Economic Coupon Value

In order to more directly compare beneficiary framing to traditional coupon elements,

we estimated a series of econometric models. We considered a range of models, in-

cluding Binary Probit, Zero-Inflated Poisson, and Negative Binomial. For simplicity,

Tables 3 and 4 present Binary Probit estimates of the experimental attributes and con-

trol variables on coupon printing and redemption rates.

This point estimate suggests that beneficiary framing increased print rate by a

slightly larger amount than the traditional call-to-action element.10 Given marketers’

frequent use of call-to-action tactics in consumer advertising and price promotions, we

interpret this beneficiary framing effect as substantial relative to that benchmark.

Comparing beneficiary framing to economic offer terms, we find that its effect on

printing is comparable in magnitude to increasing the value of the coupon by about

$0.05. There are several benchmarks against which we can compare this effect size;

we consider the most natural benchmark to be the manufacturer unit margin, which

we deduce (based on assumptions) to be in the $1-5 range. Thus, the compensating

variation of $0.05 is approximately 1-5% of the manufacturer unit margin. We believe

this to be non-negligible, especially since this effect is obtained from adding just three

words, “for your baby,” to a coupon offer. It gives the appearance of a “free lunch” for

the manufacturer.

Extrapolating from this narrow empirical setting into others, consider that the sub-

sample of consumers who voluntarily navigate to a print-at-home coupon website are

10Note that the point estimate on beneficiary framing suggests a relative lift of approximately 5% on
coupon prints, compared to the all control group, which is a slightly larger effect than the estimated lift
that was computed from the raw data. While the regression results control for additional variables (e.g.,
experimental treatments and observable consumer characteristics) which can reduce the noise associ-
ated with an estimated effect, the associated functional form assumption can be incorrect. These factors
explain the difference between the two lift estimates.
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likely to be substantially more economically motivated than the general population of

consumers. If behavioral triggers influence the behavior of this self-selected subsam-

ple, we would speculate that the effects on the broader market would only be more

pronounced. Similar effects also are observed in respondents who participate in the

Mechanical Turk labor market.

2.4 Field Experiment 2: Replication

2.4.1 Method

An additional field study was conducted to primarily investigate the importance of

feature statements in non-baby-related product categories. However, as part of this

study the company randomized beneficiary framing vs. control (i.e., no framing) on

coupon offers for the same three products tested in the first experiment. We were inter-

ested in examining the effectivity of beneficiary framing treatment in this conceptual

replication.

36,376 consumers were exposed to the treatments over a 38-day period approxi-

mately six months after the previous experiment. The beneficiary framing from the

original field experiment had been used intermittently on the coupon website, so it

was no longer a novel stimulus.

The study design was focused primarily on feature statements for several non-

baby-related products. In fact, it varied feature statements for several products that

target older adults who are unlikely to have young children at home. These feature

statements were fairly unobtrusive. We do not identify the brands or products in-
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volved to preserve anonymity.

The baby-related product coupons were not the primary focus for this field study.

They were slotted in less prominent positions on the page; P2 and P3 coupon offers

were “below the fold” for the typical consumer meaning that many consumers had to

scroll down in their browser to view the coupons. This was an important difference in

prominence from the first experiment, in which they were displayed in the top three

positions on the page. Critically, the conceptual replication manipulated the same ben-

eficiary framing statement used in the previous experiment, as shown in Figure 3.

A sizeable amount of traffic to the coupon website was generated through earned

media. Specifically, a brand in the test’s focal non-baby-related product category sent

promotional emails to contacts in its Customer Relationship Management (CRM) sys-

tem identified as interested in the products targeted toward older adults. Promotional

emails generated about two-thirds of the traffic in the sample period, yielding con-

sumers who were far less likely to print baby-related product coupons, as will be

shown below. We refer to these consumers as “CRM-generated traffic,” to distinguish

them from the regular organic visitors, which accounted for the remaining one-third

of the sample.

Finally, the baby-related coupon values were set at the V1 level, at the low end

of the historical range, and executives at the coupon website believe there are large

seasonal factors that have historically led to less organic website traffic in the win-

ter (season during this experiment) than in the summer (season during the previous

experiment). As a result of all four factors—reduced prominence, lower print rates

among CRM-generated traffic, lower coupon value and negative seasonal effects—far

fewer people printed and redeemed baby-related product coupons during the concep-

tual replication. Therefore, average treatment effects are not directly comparable to the
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first experiment and are estimated with substantially less precision.11

2.4.2 Results

Figure 7 reports the average treatment effects of savings beneficiary framing in the

full sample. Beneficiary framing led to a higher average print rate for the P1 coupon

offer (χ2(1) = 5.96, p = 0.015). This demonstrates that the beneficiary framing result is

replicable. The average effects were positive for P2 and P3 coupons, the below the fold

products, but not large enough to rule out random noise as an alternate explanation

(P2: χ2(1) = 1.30, p = 0.254; P3: χ2(1) = 0.39, p = 0.532).12

Figure 2.7: Replication Printing Results

† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Figure 8 breaks out the average treatment effects by traffic source: CRM-generated

11It is important to note that none of these factors influenced the random assignment of consumers
between treatment and control cells, so the experimental manipulation remains valid. Of the four factors
referenced, we can directly test whether the treatment assignment differed for CRM-generated versus
organic traffic and do not find evidence to suggest it does (χ22(1) = 1.15, p = 0.283). Additionally, we
used the Baby and Newborn available user characteristics and found that both were balanced across
treatments (Baby: χ2(1) = 0.26, p = 0.613; Newborn: χ2(1) = 0.30, p = 0.584).

12Perhaps due to the substantially lower print rates, redemption data showed no meaningful differ-
ences between treatment and control cells (P1: χ2(1) = 0.36, p = 0.549; P2: χ2(1) = 0.01, p = 0.935; P3:
χ2(1) = 0.51, p = 0.477).
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vs. organic. Although CRM-generated traffic printed fewer baby-related product

coupons overall, the larger sample size for this subsample allowed increased pre-

cision when estimating a treatment effect. The average treatment effect of sav-

ings beneficiary framing was positive and statistically significant for P1 in the CRM

sample (χ2(1) = 4.84, p = 0.028), but not significant in the organic traffic sample

(χ2(1) = 1.19, p = 0.276). Additionally, the below the fold products did not have

significant effects when split by traffic source (CRM P2: χ2(1) = 2.36, p = 0.124;

CRM P3: χ2(1) = 1.18, p = 0.277; Organic P2: χ2(1) = 0.00, p = 0.955; Organic P3:

χ2(1) = 0.04, p = 0.851). This suggests that users who are sent to the website through

promotional emails are also susceptible to beneficiary framing effects.

Figure 2.8: Savings Beneficiary Results by Product and Traffic Type

† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Finally, we test the long-run effects of beneficiary framing to partially address

whether the previous results could be due to a novelty of stimulus effect. For con-

sumers who visited the website during both experiments, we can examine the treat-

ment effect in the conceptual replication within each of the first experiment’s treatment

cells. Although this self-selected subsample of consumers is small—just 6.7% of total

sample size received savings beneficiary treatments in the prior field experiment—the
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results suggest beneficiary framing can increase coupon prints even with repeated ex-

posure to the framing stimulus. Figure 9 shows the effects of the beneficiary framing

treatment on printing in the conceptual replication among the 1,210 consumers who

previously received beneficiary framing in the first experiment. The figure pools data

across P1, P2, and P3, showing the average tendency to print at least one coupon of

the focal baby-related brand. We find that, among consumers treated in the first ex-

periment, CRM-Generated traffic (N=348) was more than twice as likely to print a

coupon when they received the same framing treatment in the conceptual replication

(χ2(1) = 5.76, p = 0.016). Among organic traffic (N = 858), the conceptual replication

framing treatment had no significant effect (χ2(1) = 0.02, p = 0.885) and pooling across

traffic sources washes out the effect from the CRM subset (χ2(1) = 1.91, p = 0.167).

Figure A4 shows that the treatment in the conceptual replication did not have any sta-

tistically significant effects among the 1,243 consumers who received the control in the

first experiment.

Figure 2.9: Savings Beneficiary Results by Traffic Type

† p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
Notes: Effect of savings beneficiary on coupon printing rate by traffic source in the A/B test among
those consumers who previously received the beneficiary framing treatment.

Overall, the conceptual replication showed that the positive beneficiary framing
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effect on printing can be replicated in the field and is not driven by the novelty of the

framing treatment. Given the positive results, the increased statistical noise involved in

the replication, the evidence reported so far suggests that the main beneficiary framing

result is robust.

2.5 Mechanisms

Although the above two field studies suggest beneficiary framing can increase offer

printing and redemptions, they do not address why this occurs. In the following

two sections, we investigate two potential mechanisms that could drive the benefi-

ciary framing effect: (1) mental accounting: beneficiary framing influences the budget

category to which a coupon is classified and (2) affect transfer: consumers project their

positive affect for the beneficiary to the coupon. As there were no ex ante reasons to

favor one explanation over the other, it is plausible that multiple mechanisms could be

at work in generating the field result.

2.5.1 Mental Accounting

In consumer decision-making, mental accounting has addressed how individuals or-

ganize, track, and evaluate their financial activities (Thaler, 1999; Zhang and Sussman,

2018). One important component of mental accounting involves the propensity to

group funds into different categories or accounts. For instance, expenses one incurs at

the movies or a concert could be grouped together in a single category that is specific

to entertainment. Previous work has found that expenses can be assigned to an ac-

count based on their judgments of similarity and categorization (Heath and Soll, 1996).
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Moreover, one common method to categorize funds is by their intended use. For ex-

ample, households can set budgets for various expenses and treat funds within each

budget as distinct and imperfectly substitutable (Hastings and Shapiro, 2013; Heath

and Soll, 1996; Thaler, 1985). An additional component of mental accounting involves

unpacking how individuals segregate and track the allocation and use of funds against

different accounts with spending limits, or budgets. For example, survey research has

found that approximately half of individuals have a household budget (Lin et al., 2016).

These budgets, in turn, can shape demand for various products and services.

In order for mental accounting to be implicated in the beneficiary framing effect

from the field studies, three factors must be at work. First, consumers should have bud-

gets that constrain their spending and, in particular, parents should have some budget

targeted for their children. Given that properly budgeting for one’s baby is common

advice for parents who are expecting or currently have young children (Ghoudhri,

2015; Farmer, 1990; Jones, 2009), parents who use the coupon website and who have

an interest in baby products are likely to act as if they have a mental account specific

to their child’s expenses.

Second, people who have a baby-related mental account will perceive baby-related

coupons as more valuable than those without a baby-related mental account, all else

equal. A direct prediction of mental accounting is that budgets can shape the perceived

value of coupons and other price promotions. In this context, a baby-related mental

account increases the value of baby-related funds. Since the creation of the budget cat-

egory introduces a monetary constraint, the marginal value of a dollar spent in that

budget category is larger than an uncategorized dollar. To test this link, we conducted

an experiment where we varied participants’ budgets such that they explicitly had a

categorized budget that contained a baby-related budget category or had an uncatego-
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rized budget. We then asked participants to rate the desirability of various coupons to

test how budget assignment influenced coupon desirability.

Third, people with baby-related mental accounts will categorize beneficiary framed

baby-related coupons as more likely to affect the beneficiary related budget category

than non-beneficiary framed baby-related coupons. In other words, the likelihood a

coupon is categorized as belonging to a budget category is altered by beneficiary fram-

ing. The presence of a beneficiary savings statement (e.g., “for your baby”) on an offer

should increase the probability that a consumer classifies a coupon as belonging to a

budget category relating to that beneficiary (e.g., their baby). Relatively little work in

mental accounting has focused on how external forces can alter the categorization of

funds (Zhang and Sussman, 2018), although some work has found that savings can

be increased when affected by sealed envelopes and visual reminders (Soman and

Cheema, 2011) or earmarked for responsible uses (Sussman and O’brien, 2016). We

propose that beneficiary framing is one technique that affects the formation and cate-

gorization of funds. To test this link, we conducted an experiment where we manipu-

lated a coupon’s beneficiary framing and asked participants to classify the coupon into

a budget category.

Together, these three links suggest that the beneficiary framing from the field stud-

ies increases coupon desirability by increasing the likelihood that a consumer with

a baby-specific mental account classifies a baby-related promotion as relevant to her

baby-specific account. We draw on previous literature suggesting the first link holds

and explicitly test the second and third links in the remainder of this section.
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Mental Accounting: Budgeting

This study was designed to test whether the presence of a budget category for children

increases the desirability of baby coupons. To do this, we asked online participants to

rate the desirability of coupons for different products (i.e., baby versus other products)

while the categories that composed their household budgets were varied (i.e., baby

budget category versus no baby budget category).

Method

300 participants were recruited from Amazon’s Mechanical Turk platform and paid

$0.75 for their participation.13 After providing consent, participants were asked to

imagine that they were in charge of their family’s finances. They were informed that

their family consisted of themselves, their partner, their 3-year-old child, and their 1-

year-old child. Additionally, participants were told they recently met with a financial

advisor and based on their advice and income/spending patterns, they were given a

budget of $2000 per month for their personal expenses, excluding rent or mortgage.

Critically, we manipulated the construction of the monthly budget the participant

was given by their hypothetical financial advisor. Participants were randomly assigned

to one of two budget conditions that each had a total spending amount of $2000 (Fig-

ure 11). One budget, the control, showed no budget categories and only displayed the

total monthly recommended spending amount (Figure 10a). The other budget (Fig-

13As the mechanism tests require additional process data that would be infeasible to collect in a field
setting with the partner firm, we opted to test the mechanisms using data collected through Mechanical
Turk. Although the participant pool in the mechanism experiments differs from the field experiment
setting, we believe there are two important similarities between the populations that make Mechanical
Turk a useful test environment. First, Mechanical Turk participants, like participants from the field
experiment setting, are likely to be income constrained and may positively respond to price promotions.
Second, while Mechanical Turk participants are also a self-selected sample, they did not select into a
coupon website which permits testing in a potentially more generalizable population.
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ure 10b), the mental account framing treatment, had two mental accounts: one for

Baby/Kids and one for any other expenditures. In the mental accounting budget, par-

ticipants were additionally told that they decided to target $500 to their Baby/Kids

expenses and the remainder of their budget to other expenses. Participants were fur-

ther informed that while these budget categories were a convenient way to divide their

total budget, it would be natural for their amounts to vary from month to month and

that funds could be reallocated between budget categories as needed. Note that this

information allowed fungibility between mental accounts, consistent with how real

consumers adhere to their household budgets.

Figure 2.10: Budget Treatments

Notes: Possible budget treatments for the mental accounting budget study. Participants were random-
ized into either (A) the control budget condition or (B) the mental account budget condition.

Next, participants faced a series of ten coupons, displayed one at a time, and were

asked to provide a rating for each coupon’s desirability on an integer scale from 0 (as

undesirable as possible) to 100 (as desirable as possible) with a rating of 50 as the de-

fault. Participants were informed that there were no “right or wrong answers, and

whatever decision you make is a matter of personal preference.” Of the ten offers par-

ticipants viewed, six were for products that applied to babies or young children and

included products such as diapers, baby wipes, children’s clothes, or children’s books.

We refer to these as “baby coupons.” The remaining four offers were for products that
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did not primarily apply to children, such as cellphone plans or gasoline discounts and

we refer to these as “non-baby coupons.” Furthermore, participants were informed that

all offers they would view were for products and services that they and their family

regularly used.

At the end of the survey, participants in the mental accounting treatment were

asked whether they believed funds could be reallocated across categories, as was men-

tioned in the instructions. Finally, all participants completed a brief demographic ques-

tionnaire.

Results. We first analyzed how the two budget conditions impacted participants’

baby coupon ratings. Overall, those in the mental accounting frame budgets valued

the baby coupons more than those in the control budgets (MMA = 60.3, SDMA =

22.3;Mcontrol = 54.1, SDcontrol = 24.0; t(298) = 2.32; p = 0.021). This is consistent with

a mental accounting frame increasing the desirability of baby coupons. Furthermore,

there was no difference in the desirability of non-baby coupons across budget treat-

ments (Mcontrol = 39.7, SDcontrol = 20.0;MMA = 43.5, SDMA = 22.4; t(287) = 1.55; p =

0.123).

Next, given that the effect of the budget treatment might be altered by repeated

exposure, we checked whether the above results were robust to examining the first

or last baby and non-baby coupon presented to participants. Indeed, we found the re-

sults were robust to these alternative specifications. When analyzing only the first baby

coupon, those with a mental accounting budget valued it more than those in the con-

trol budget frame (MMA = 55.2, SDMA = 28.4;Mcontrol = 46.8, SDcontrol = 30.2; t(298) =

2.47; p = 0.014). We found similar results when examining only the last baby coupon

(MMA = 54.5, SDMA = 28.3;Mcontrol = 46.7, SDcontrol = 28.6; t(297) = 2.35; p = 0.019).

Moreover, there was no difference in valuations of non-baby coupons for the both
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the first (MMA = 28.8, SDMA = 29.5;Mcontrol = 24.8, SDcontrol = 26.0; t(286) =

1.23; p = 0.221) and last non-baby coupons rated (MMA = 52.2, SDMA = 27.8;Mcontrol =

50.8, SDcontrol = 26.7; t(294) = 0.45; p = 0.651).

Finally, an important component of mental accounting is that consumers should

recognize that allocations across budget categories are fungible so that funds can be

reallocated across budget categories as needed. We asked consumers in the mental

accounting frame about this belief and found that 82.6% believed the budgets were

fungible, suggesting participants correctly recognized that funds could be reallocated

across budget categories.

2.5.2 Mental Accounting: Categorization

While the above study finds that having a mental account for a baby increases the de-

sirability of baby coupons, the next study addresses how beneficiary framing can alter

the account to which a coupon is classified. To do this, we asked online participants to

choose which budget category a coupon applies to. Critically, the coupons were pre-

sented either in a treatment group with beneficiary framing or in a control group with

no beneficiary framing. If beneficiary framing affects coupon choice through a mental

accounting mechanism, then the likelihood of a coupon being categorized in a baby

related budget category should increase with the beneficiary framing compared to the

no beneficiary framing condition.
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Method

198 participants were recruited from Amazon’s Mechanical Turk platform and paid

$0.75 for their participation. After providing consent, participants were asked to imag-

ine a scenario in which they were in charge of how much their family spent on goods

and services, and there were a total of four people in their family: themselves, their

partner, their 3-year-old child, and their 1-year-old child. They were then told that

they recently met with a financial adviser to help with their financial planning. Based

on the meeting, their financial advisor created a budget with six budget categories:

(1) Household or Personal Goods, (2) Utilities, (3) Baby/Kids, (4) Food/Dining, (5)

Auto/Transportation, and (6) Entertainment.

Next, participants were presented with ten coupon offers, displayed one at a time,

and asked to categorize each offer into a budget category from the six-category list.

Participants were informed that there were no “right or wrong answers, and whatever

decision you make is a matter of personal preference.” Of the ten offers participants

viewed, six were for products that applied to babies or young children and the re-

maining four offers were for products that did not primarily apply to children, as in

the previous online study.

Importantly, before viewing any offers participants were randomly assigned to a

beneficiary framing or no beneficiary framing condition. In the beneficiary framing

condition, all offers for baby coupons contained the phrase “for your baby” while those

in the no beneficiary framing condition omitted this framing, as depicted in Figure 11.

Participants remained in the same treatment when facing all ten coupon decisions.

The four non-baby coupons were displayed identically across treatments without any

framing differences.
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Note that given the budget categories and offer types, it is possible that an offer can

apply to more than one category. For example, an offer for baby wipes can apply to

the Baby/Kids or the Household or Personal Goods category. We asked participants

to select only one category for each coupon in order to understand how the beneficiary

framing alters the primary classification of coupons.

Results. In the beneficiary framing condition, participants classified 5.04 (SD =

1.27) of the applicable baby offers as belonging to the Baby/Kids budget category

while participants in the no framing condition only classified 3.89 (SD = 1.05) of-

fers as belonging to the Baby/Kids budget category (t(186.4) = 6.95, p ≤ 0.001). This

is consistent with the categorization component of the mental accounting mechanism:

beneficiary framing increased the likelihood of a coupon applying to a baby account.

Moreover, there was no significant difference in the propensity to classify non-baby

coupons: participants only classified 0.05 (SD = 0.30) in the beneficiary framing condi-

tion as belonging to the Baby/Kids budget category and participants in the no framing

condition classified 0.07 (SD = 0.32) as belonging to the Baby/Kids budget category

(t(195.8) = 0.40, p = 0.690).

Overall, these results are consistent with the final link in the mental account-

ing mechanism. Evidence shows that beneficiary framing increases the likelihood a

coupon is classified as applying to a consumer’s constrained budget for their child.

2.5.3 Affect Transfer

Affect transfer hypothesizes that consumers project their positive emotions for the ben-

eficiary onto their subjective valuation for a coupon. Essentially, when evaluating the
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coupon, the beneficiary framing amplifies coupon desirability due to one’s affect to-

wards the beneficiary being projected to the coupon. When the affect towards the

beneficiary is positive, as is likely the case when a young child is the beneficiary, this

increases the coupon’s value compared to not specifying a beneficiary. Evidence for

this mechanism is consistent with previous work that has found brand attitudes and

ad evaluations can be influenced by affect transfer (Sweldens et al., 2010; MacKenzie

et al., 1986; Goldberg and Gorn, 1987; Dunn and Hoegg, 2014; Mitchell and Olson,

1981).

To test this mechanism, we asked participants to write about what came to mind as

they viewed coupons with or without beneficiary framing. We then used natural lan-

guage processing to quantify the affect of the words that participants used to describe

each coupon. If beneficiary framing increases the desirability of coupons by projecting

positive affect for the beneficiary to the coupon, then the words used to describe ben-

eficiary framed coupons should be more positive compared to control coupons. The

below study was designed to test this hypothesis.

Method. 296 participants were recruited from Amazon’s Mechanical Turk platform

and paid $0.75 for their participation. After providing consent, participants were asked

to imagine a similar scenario to the previously described mental accounting experi-

ments. Specifically, participants were asked to imagine they were in charge of their

family’s expenses and that there were a total of four people in their family: themselves,

their partner, their 3-year-old child, and their 1-year-old child. Next, participants were

informed that they would be presented with a sequence of three coupons and would

be asked about each coupon. All the coupons they would see were for opportunities

to save money on different products and services that their family uses. Participants

then viewed the three coupons, each on a different page, and were asked to list five
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words that come to mind when thinking about the coupon. Critically, participants saw

coupons in a between-subjects beneficiary framing or control condition, similar to Fig-

ure 11. All three coupons were for baby products and included diapers, wipes, and

children’s clothing. Finally, participants completed a brief questionnaire that collected

demographic information.

To examine whether participants project their positive affect for the beneficiary to

the coupon, we used natural language processing on the words each participant listed

for each coupon in order to extract any feelings from it. Specifically, we mapped the

words provided to a sentiment score that ranged from -1 to +1 using SentiWords,

a database that contains sentiment scores for approximately 155,000 English words

(Gatti et al., 2015). The numerical score is such that positive scores are associated

with positive affect, negative scores are associated with negative affect, and a rating

of zero is associated with neutral affect. The magnitude of a score is associated with

a word’s affect extremity such that more positive (negative) words as associated with

a higher (lower) affect. To exemplify the mapping of words to sentiment scores, the

five most commonly listed words with their associated sentiment scores were “baby”

(0.42), “useful” (0.00), “savings” (0.00), “good” (0.74), and “cheap” (0.05). Responses

that participants listed in the survey that were absent from the SentiWords database

(12.2% of responses) were excluded from the analysis. Results. To examine whether

beneficiary framing alters the affect one has for the coupon, we averaged sentiment

scores across all words and coupons for each participant, and then compared across

treatments. We did not find that beneficiary framing altered the sentiment of words

used to describe the coupon (MFY B = 0.21, SDFY B = 0.15,Mcontrol = 0.20, SDcontrol =

0.14; t(287) = 0.66, p = 0.510), which does not provide evidence in favor of an affect

transfer mechanism.
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Additionally, we performed several restrictions of the above analysis to test

whether an affect transfer effect was present in certain subsets of the data. First, we

reasoned that an effect might vary with repeated exposure to the stimulus, so we ana-

lyzed only the words from the first coupon. However, we found a similar null effect of

the treatment (MFY B = 0.24, SDFY B = 0.17,Mcontrol = 0.26, SDcontrol = 0.17; t(281) =

0.62, p = 0.539). Second, although we designed a family scenario that we hoped would

induce positive affect for the beneficiary, we reasoned that the treatment might be more

effective for those participants who are parents in real life. In the demographic portion

of the survey, we collected this data. To test the hypothesis, we analyzed differences

between treatment and control for only those participants who claimed they were par-

ents, which was 44.3% of the sample. Again, we found a null effect of the treatment

(MFY B = 0.21, SDFY B = 0.14,Mcontrol = 0.20, SDcontrol = 0.13; t(125) = 0.58, p = 0.564).

Overall, the results of this study do not find evidence in favor of the affect transfer

mechanism.

2.6 Discussion

Overall, we found strong, replicable evidence of beneficiary framing effects in the con-

text of two print-at-home coupon field experiments. We designed a novel field ex-

periment to investigate how behavioral treatments impact consumer couponing be-

haviors and how such treatment effects compare to more traditional economic coupon

elements. We found the beneficiary framing treatment increased the proportion of

consumers printing experimental coupons by about 3.2% relative to the no framing

condition. Regression estimates found that the beneficiary framing effect size was

slightly larger than a traditional call to action and comparable to an incremental $0.05
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of coupon value. Moreover, we replicated this result in an additional field experiment.

Process evidence from online experiments supports a mental accounting explanation:

beneficiary framing increases the probability that an offer is coded as affecting a budget

earmarked for child expenses which, in turn, increases a coupon’s desirability.

Naturally, it can be challenging to generalize the beneficiary framing effect here to

other contexts. Still, the results of these studies shed light on several types of inex-

pensive activities that may influence consumer choices, each of which presents many

opportunities for further research. Additionally, by identifying mental accounting as

the primary driver of the effect, we can make more informed hypotheses regarding

when the beneficiary framing effect is likely to hold in different contexts.

First, because the individuals who self-select into print-at-home coupon portals

are likely to be more economically motivated than the typical consumer, and because

coupon printing and redemption actions serve their economic self-interest, it is striking

that a non-economic attribute (beneficiary framing) has a strong and replicable influ-

ence on behavior. We suspect that the effects of beneficiary framing would be even

stronger in a more representative consumer population, an idea consistent with Gui-

mond et al. (2001). This result may suggest that savings beneficiary framing should be

tested within other coupon delivery contexts, such as direct mail, email, apps, or Free-

Standing Inserts. Beneficiary framing effects may also obtain in other baby-related

categories. Additionally, the framing effect might suggest that marketers could more

explicitly communicate how expenditure savings in baby-related product categories

free up money for additional baby-related needs.

Second, identifying mental accounting as an underlying mechanism for the effect

allows a more informed speculation of when beneficiary framing can act as a promising

managerial tool. Specifically, framing offers as benefitting particular existing consumer
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budget categories could be a promising step to increase promotion uptake. These can

include decision contexts such as medicine, finance, education, pets, and senior hous-

ing. Through this lens, this work contributes to an important open question in mental

accounting regarding better understanding how external forces alter the categorization

of funds (Zhang and Sussman, 2018).

More generally, the framing results speak to different ways that marketers could ex-

plain product benefits to consumers. Consumers make many consequential decisions

on partly or entirely on behalf of other people, such as financial investments, medical

care, education and gifts. It would be interesting to understand when, whether, and

how reminders of decision-makers’ mental accounts might influence the quality and

frequency of particular consumer choices.

In conclusion, this paper has uncovered and explained a new result in how con-

sumers respond to price promotion beneficiary framing. We are confident that mar-

keters’ increasing interest in behavioral economics, combined with the increasing inci-

dence of testing and analytics, will generate more such insights in the coming years.
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Abstract

Instant access to social media, news, and work has raised the opportunity
cost of engaging with TV ads, and the result may be a significant differ-
ence between traditional engagement measures, e.g., TV tuning, and mea-
sures which can capture more nuanced behaviors. This chapter asks two
questions relating to viewer behavior in the context of TV advertising. First,
how do traditional TV audience measurement metrics relate to a novel set of
viewer measures that may be more aligned with broadcasters’ and advertis-
ers’ interests? Second, what is the relationship between these new measures
and advertising content? To answer these questions, we leverage novel, in-
situ, audience measurement data that use facial- and body-recognition tech-
nology to track tuning, presence (in room behavior), and attention (eyes-
on-screen behavior) for a panel of several thousand viewers and millions
of ad impressions. We consider four different classifications of advertising
content based on human and machine-coded features. We find meaning-
ful differences in the absolute levels and dynamics of these behaviors and
can identify ad content for which viewers are systematically more likely to
change the channel, leave the room, and stop paying attention. Such ads re-
duce the pool of attention to subsequent advertisers as well as the platform
itself, creating a negative externality. We quantify these spillover effects for
the publisher by conducting a series of counterfactual simulations and find
that requiring advertisers to improve their content can result in significant
increases in the cumulative levels of viewer tuning, in-room presence, and
attention.
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3.1 Introduction

Advertising-supported TV, which in the US commanded $70 billion in advertising

in 2017, operates on the basis that consumers “pay” attention to ads in exchange

for discounted media. In this industry, regularly scheduled programming (a utility-

increasing good) and advertising (a potentially utility-decreasing bad) are dynamically

arranged to maximize total dollar-weighted viewer engagement with ads. At the same

time, this barter exchange of attention to advertising for attention to content is not sub-

ject to an explicit agreement; that is, consumers can stop paying attention to ads, leave

the room, or change the channel. An important dimension of this problem is that for

broadcasters and advertisers to estimate the worth of a particular show’s audience,

they need a way of monitoring and measuring viewer attention.

A new challenge in measuring attention is that instant access to social media, news,

or work has raised the opportunity cost of engaging with TV ads. The result may be

a significant difference between traditional engagement measures, e.g. tuning1, and

measures which can capture more nuanced avoidance behaviors, but may be more

invasive to collect. This paper asks two questions relating to viewer attention in the

context of TV advertising: First, how do traditional TV tuning metrics relate to a novel

set of engagement measures - measures that may be more aligned with broadcasters’

and advertisers’ interests? Second, what is the relationship between ad avoidance be-

haviors and ad content?

To answer the first question we leverage a novel data set of viewer engagement

measures that are passively collected from a panel of several thousand viewers by

devices that use facial and body recognition technology to quantify in situ in-room

1“Tuning” or to “tune in” comes from the historical process of having adjust, i.e. tune, a radio or
television set so that it can receive particular stations.
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and eyes-on-screen television viewing behavior, which we label “presence” and “at-

tention”, respectively. These viewer-level measures provide a more complete picture

of how viewers interact with TV advertising. In comparing these measures, we find

that tuning, presence, and attention often move in the same direction, but not always.

For example, we observe a lower propensity for viewers to stay on the same channel

(higher tune out rate) during prime time compared to non-prime time, but the propen-

sity to pay attention during prime-time is higher. While this specific result may be

intuitive to some, it highlights the important fact that our data allow us to objectively

measure relationships that broadcasters and advertisers previously had to intuit. To

investigate the second question of whether there is a predictable relationship between

the new measures and advertising content, we combine our viewer behavior data with

data on TV ad insertion as well as four novel data sets that describe advertising con-

tent.

The primary challenge in estimating effects of ad content on viewer engagement is

that many non-content-related factors such as time of day, day of the week, show genre,

and viewer characteristics may also play a role. To combat this challenge, we devise a

robust control strategy which takes into account the targeting of different types of ads

to specific audiences. Our estimates suggest that using a naive model which does not

include the full set of controls inflates the effects of advertising content. We find sig-

nificant effects of ad content on tuning, presence, and attention, with a common theme

across the worst performing, low viewability ads being their connection to challenging,

uncomfortable, and emotionally-charged subjects such as animal cruelty prevention

and prescription drugs.

As TV ads are often presented in a sequence, such low viewability ads reduce the

pool of attention to subsequent advertisers as well as the platform itself, a negative
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externality. The severity of this externality depends on whether the broadcaster cares

about tuning, presence, or attention. In counterfactual simulations, we find that by

requiring advertisers to replace low viewability ads with higher viewability ads (e.g.

more appealing or relevant content), broadcasters can increase the numbers of tuned

in viewers by 2%, the number of viewers present by 6%, and total attention by as much

as 9%. In addition to these short-term improvements, high standards for advertising

content may lead to to a better platform experience in the long run. Better advertising

content leads to more engaged consumers, who are arguably more valuable to adver-

tisers.

3.2 Background and Relevant Literature

TV broadcasters sell viewer attention to advertisers. However, there are no explicit

contracts requiring TV viewers to watch ads; viewers can stop paying attention to ads,

leave the room, or change the channel whenever they want. For broadcasters and

advertisers to gauge the worth of a show’s audience, they therefore need a way of

measuring viewer attention.

This monitoring problem dates back to the beginning of radio advertising when

advertisers and radio stations wanted to know how many households were tuned into

a particular station. The solution, pioneered by the Nielsen Company, was to recruit

a representative panel of listeners and have them record which stations and programs

they listened to in paper diaries. Nielsen implemented similar solutions for tracking

TV audiences in the 1950s. These solutions have undergone a series of incremental

improvements: labor-intensive paper diaries evolved into people meters that passively

measured what programs households watch, but still required viewers to actively log
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in and log out whenever they started and stopped watching TV. People meters are still

used today, and are the primary data source for evaluating program popularity and

viewer demographic composition (Nielsen, 2019).

There is a rich literature that studies the effects of various factors on TV audience

attrition using the Nielsen data (or similar set-top-box data), for example ad breaks

(Danaher, 1995; Wilbur et al., 2013), ad placement within a break (Kent and Schwei-

del, 2011; Swaminathan and Kent, 2013), and different program types (Schweidel and

Kent, 2010). Additional important studies include Van Meurs (1998), Siddarth and

Chattopadhyay (1998), Teixeira et al. (2010) and Wilbur (2016), which each character-

ize different elements of ad avoidance.

A related body of work explores consumer program choices and switching deci-

sions within a framework in which TV ratings and channel-switching behaviors are the

result of viewers’ search and utility maximization (Rust and Alpert, 1984; Kamakura

and Srivastava, 1984; Shachar and Emerson, 2000; Goettler and Shachar, 2001; Deng

and Mela, 2018). This research has explored aspects such as the role of uncertainty and

state dependence in program choices (Moshkin and Shachar, 2002); the evolution of

the two-sided market consisting of advertising and viewing (Wilbur, 2008); multiple-

agent joint-consumption models of TV viewing behaviors (Yang et al., 2010); and the

implications of lower search costs during ad breaks (Yao et al., 2017).

A limitation of using Nielsen measurements or other similar set-top-box data is

that these data neither reveal the full extent of viewers’ ad avoidance behaviors, nor

the changing role TVs play in the household more broadly (Jayasinghe and Ritson,

2012; Voorveld and Viswanathan, 2015). This paper contributes to these literatures by

utilizing a novel data set that allows us to observe not only channel switching behavior,

but also whether viewers leave the room or shift their visual attention away from the
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TV. This more granular picture of viewing behavior is arguably better suited to capture

the audience metrics of interest to broadcasters and advertisers.

Advertisers design ad content to persuade viewers to buy or engage with the ad-

vertised product or brand. Consumers generally experience ad content as a “bad” - an

implicit price to pay for an otherwise free or discounted good or service - with more

engaging (higher viewability) ads imposing a lower price. As a result, publishers care

about ad content as an important factor of viewer attention, both to their content and

the ad space they sell. For example, many of today’s Web 2.0 content platforms such

as YouTube and Facebook offer explicit advertising creative guidelines.

This research contributes to the emerging empirical literature studying the effects of

ad content on consumer behavior. Resnik and Stern (1977) were the first to operational-

ize and investigate the informational content of advertisements. More recently, the idea

of codifying ad content has gained traction thanks to increased scalability of content

coding using modern technology. For example, Tucker (2014) crowdsources measures

of video ad persuasiveness and explores the relationship between viral video ads and

their perceived persuasiveness; Liaukonyte et al. (2015) content-code TV advertise-

ments and show that TV ad content such as emotion-focused advertising can affect

traffic to the brand’s website and online sales; Anderson et al. (2013, 2016) look at the

effects of comparative informational cues in TV advertisements; Tsai and Honka (2018)

provide evidence that non-informational content can lead to better ad recall; and Lee

et al. (2018) use human and natural language processing algorithms to content-code

over 100,000 Facebook ads, and find that content significantly affects engagement.

In this research, we define ad content as anything the viewer can see or hear, in-

cluding the images, videos, and dialogue from advertisements, as well as higher level

constructs (i.e. themes, mood, and sentiment). We explore four classifications of ad
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content from specific ad creative-level effects to more general feature-level analysis.

Lastly, this paper extends a growing literature on position externalities. Position

externalities arise when sellers offer a set of goods whose consumption is not indepen-

dent.2 Recently, this idea has been extended to online search advertising where mul-

tiple advertising spots are sold on one page, and the value of different spots depends

on the final allocation across advertisers (Ghosh and Mahdian, 2008).3 In the case of

TV advertising, positional externalities arise because an early ad that causes viewers to

change the channel or leave the room reduces the audience for subsequent advertisers

(Wilbur et al., 2013). To correct this externality, advertisers could be forced to com-

pensate downstream advertisers for any attributable audience loss. Alternatively, the

market could be restructured to allow for differential pricing across ad spots. We ex-

pand on this literature by quantifying the extent of negative externalities from different

types of advertising content and across different measures of viewer behavior.

3.3 Data

Our analysis integrates three different data sources: (i) in-situ viewer engagement mea-

sures including viewer tuning, presence, and attention data, (ii) TV advertising inser-

tion data, and (iii) advertising content data.

2The most well-known application occurs in spectrum space auctions. Spectrum space auctions
allocate licenses to transmit signals over specific bands of the electromagnetic spectrum. In this context,
there are technical synergies from owning adjacent bands of spectrum.

3For example, consider a webpage with two potential ad slots and three potential ad buyers (adver-
tisers): advertisers A, B, and C. Advertisers A and B are competitors and C is for an unrelated service.
A should value an ad spot differently depending on whether the other advertiser is B or C.
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In-Situ Viewer Engagement

Viewer tuning, presence, and attention data are provided by TVision, an audience mea-

surement company which currently operates in three major US metropolitan areas:

Boston, Chicago, and Dallas. Within each metro area, the company recruits a repre-

sentative sample of households, compensating them for their participation. Next, the

company installs its hardware and trains its software to detect each household mem-

ber. Unlike other audience measurement technologies that are only able to identify

which channel a household is watching, this company leverages a piece of technology

that can detect who is present and whether each detected viewer is paying attention

to the TV. A camera that “watches people watch tv” tracks these behaviors. Video

data are not stored; they are processed in real-time to produce a vector describing an

anonymized viewer in the room. Our final panel consists of 6,291 individuals and 1,129

households over one year (July 2016 - June 2017).45

We aggregate our viewer data to viewer-break-ad slot level observations. Thus,

for each viewer (i), break (b), and ad slot (s), we define the following three viewer

measures: yji,b,s is the ratio of seconds engaged in behavior j relative to the length

of the ad, where j is either tuning (T), presence (P), or attention (A). Note that yPi,b,s is

conditional on yTi,b,s (a person can only be in the room for an ad if the ad is still on the

TV), and that yAi,b,s is conditional on yPi,b,s (a viewer can only have their eyes on the TV if

they are in the room). To illustrate, if a viewer stayed in the room for an entire ad, but

turned to her phone half way through, this behavior would appear in our data set as a

yTi,b,s = 1, yPi,b,s = 1, but yAi,b,s = 0.5.

These data allow us to follow individual viewing behavior over time, as well as to

4Some households enter after the start of the panel, making it an unbalanced panel.
5Viewers who are not members of a household (e.g. friends coming over to watch a football game)

are assigned a unique guest id, leading to a large number of average viewers per household.
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determine how many unique viewers are in the room. For each viewer, we have a set

of viewer characteristics, including the metropolitan area, education, ethnicity, income,

and political affiliation. We also know the channel, program, program genre, and time

of viewing.

Ad Insertion

TV ad timing and insertion data are provided by iSpot. These data describe the exact

channel and time an ad airs, as well as meta-data about the ad such as creative name,

product name, brand name, brand industry, and ad length.67 In total, we observe

36,062 unique ads in the data which constitute 8,465,513 million unique ad exposures

across our panel.8

Figure 3.1 Panel A shows histograms of the raw variation in the three viewer behav-

iors throughout ad breaks. There are a few surprising features to highlight. First, while

the TV is tuned in to around 95% of ad seconds, viewers are present for only 70% of

ad seconds, suggesting viewers frequently leave the room. We also see relatively low

average attention, with viewers paying attention to about 10% of ad seconds.9

6We spot check the ad timing and insertion data against the more commonly used Kantar ad data.
7More information can be found at https://www.ispot.tv/media-measurement.
8iSpot does not track information about the specific ad creatives used in local TV ads.
9It is possible that imperfect measurement contributes to the low attention measure. However, since

we are most interested in relative changes in attention as a function of ad content, this type of measure-
ment error should only affect the precision of our estimates.
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Figure 3.1: Descriptive Variation in Engagement Measures

(A) Raw variation in the full sample

(B) Variation in estimation sample

Notes: The figure above depicts raw variation in three viewer engagement measures: tuning, presence,
and attention, for (A) the full sample of data and (B) the sample of observations for which the viewer
was tuned into and present for the previous ad, i.e. can be visually exposed to the ad. The red vertical
lines depict means. When a viewer tunes away, their tuning, presence and attention go to zero; and
when a viewer leaves the room, their presence and attention mechanically go to zero.

These behaviors also have different dynamics over ad breaks. Figure 3.2 describes

tuning, presence, and attention behavior for a typical length break (8 ads). The number

of households tuned in decreases 7% over the first 30 seconds and 22% over the entirety

of the break, similar to audience loss measures in the literature (Danaher, 1995; Kent

and Schweidel, 2011; Schweidel and Kent, 2010). Contrarily, average presence and

attention decrease by 33% and 34% throughout a break. Both of these suggest that
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the presence and attention measures contain information about viewer behavior not

contained in the coarser, tuning, measure. Table 3.1 presents the correlation matrix

between these measures, and the highest correlation coefficient is less than 0.4.

Figure 3.2: Average Viewer Behavior Over All 8-Ad Breaks

Notes: The graph describes the average tuning (solid), presence (dashed), and attention (dotted) over 8-
ad breaks. The sample used to generate this graph conditions on users that were tuned in and present
for the first ad. Each line can be interpreted as the probability of demonstrating that behavior over the
course of the ad break.

Table 3.1: Descriptive Covariation in Engagement Measures

Tuning Presence Attention

Tuning 1 0.24 0.08

Presence 1 0.34

Attention 1

Notes: The table shows the upper triangle of the correlation matrix for the three viewer measures.

Table C.1 illustrates how viewer behavior varies with basic ad and program charac-

teristics: ad length, channel, genre, daytime, as well as different household attributes.

Tuning, presence, and attention move in the same direction across many dimensions

in the data, but not all dimensions. For example, we observe a greater propensity to

tune away during prime time compared to non-prime time, but attention among those

tuned in is higher. The data indicate that live programming such as sports, news,
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and talk shows garner higher attention than more passively consumed genres such as

sitcoms and documentaries. Again, while some of these relationships are not novel

or surprising, the variation in the data align with our priors while at the same time

allowing us to objectively measure relationships that broadcasters and advertisers pre-

viously had to intuit.

Ad Content

We also collect four separate sets of ad content data. The first set of ad content data are

ad creative names (i.e., unique videos). An ad creative identifier contains all possible

information about ad content and provides a natural upper bound on the amount of

variation ad content can explain. In total, we consider 7,643 unique creatives that have

at least 50 impressions. Ads that have been seen fewer than 50 times assigned to an

“other” category. This restriction reduces the number of unique ads from 15,366 to

7,643 .10

The second set of ad content variables we consider are ad categories. Picture a fast

food ad, a prescription drug ad, a mobile carrier ad, or a pickup truck ad. Categories

are a simple but general definition of ad content that captures stylistic and thematic

similarities in advertising within a category. The 7,643 unique ad creatives map into

173 ad categories, with an ad’s category defined by iSpot.

Third, we consider a new set of ad content features derived from iSpot metadata.

These data are collected directly from iSpot for each unique video ad creative.11 These

data include number of (identifiable) actors in the video, whether the advertisement
10We choose this threshold to reduce sampling variance in the creative fixed effects, which limits the

likelihood of us finding strong positive or negative effects by chance alone.
11To collect these data, first we located and downloaded the video files on iSpot’s website. Next, we

scraped the advertisements’ metadata, as well as all fields relating to ad content.
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contains a promotional message or tagline, whether the ad includes a (recognizable)

song, a sentiment score for the ad, and the mood of the ad (classified as either action,

emotional, funny, informative, or sexy).

Table 3.2: iSpot Summary Statistics

iSpot Variable Mean
actors = 1 0.563
promo = 1 0.197
tagline = 1 0.666
movie = 1 0.024
music = 1 0.020
mood = act 0.644
mood = emo 0.02
mood = fny 0.237
mood = inf 0.065
mood = sexy 0.005

Notes: Summary statistics for the iSpot variables. Actors takes the value of 1 if there are any recogniz-
able actors in the ad; promo indicates whether an ad contained a promotional message (mainly calls
to action like "buy now"); tagline is a dummy for whether the ad contained the brands tagline; movie
and music identify whether the ad contained a recognizable trailer to song; and the variables act, emo,
fny, inf, and sexy correspond to the following respective exclusive categories: active, emotional, funny,
informative, and sexy.

Lastly, we consider ad content collected from video analytics. For each of the 7,643

unique videos that show up at least 50 times in our data, we process the videos using

Google Cloud’s video recognition services which identifies over 1,000 common image

tags across 70 different image categories. We focus on the 500 most popular feature

tags identified in our videos.12 For each creative, we construct a 500 × 1 vector that

describes the number of seconds each image tag is visible. Table 3.3 presents the top

50 features.
12See Appendix A for an example of this feature extraction. Additional details can be found in the

Visoin AI documentation: https://cloud.google.com/vision/
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Table 3.3: Top 50 Feature Tags

advertising driving happiness motor.vehicle smile
animal emotion human nature social.group
brand facial.expression individual.sports people song
car fashion interaction performance speech
community food land.vehicle performing.arts sports
conversation fun logo play student
cooking gadget long.hair presentation technology
crowd graphic.design mobile.device singing text
display.device graphics mobile.phone sitting tree
drink hand mode.of.transport smartphone vehicle

Notes: Top 50 Google feature tags in alphabetical order.

To investigate how well ad content explains variation in different viewer behaviors,

we conduct a variance decomposition with the ad content variables as well as program

characteristics (Table 3.4). Similar to Deng and Mela (2018), we find that individual-

level effects explain considerably more variation in our outcomes of interest than ad

content effects – some households are more likely to tune away from ads. The analysis

also suggests that the predictive power of many variables decreases as we move from

tuning and presence to our attention measure, suggesting that variation in the latter is

harder to explain in the data.
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Table 3.4: Variance Decomposition of Covariates

Measure Variable set Levels R2 F-value
Tuning Ad length 8 0.014 17 277.780

Ad title 36062 0.025 6.021
Channel 112 0.010 760.216
Google Features 246 0.003 97.530
Category Name 173 0.006 306.532
iSpot Features 13 0.004 2 999.495
Pod Position 18 0.003 1 334.595
Program 12658 0.019 12.771
Unique Pod 826762 0.230 2.757
Viewer ID 6291 0.007 9.934

Presence Ad length 8 0.018 21 644.730
Ad title 36062 0.043 10.618
Channel 112 0.005 374.062
Google Features 246 0.003 112.320
Category Name 173 0.011 541.851
iSpot Features 13 0.002 1 357.998
Pod Position 18 0.141 81 648.180
Program 12658 0.014 9.287
Unique Pod 826762 0.252 3.112
Viewer ID 6291 0.052 73.707

Attention Ad length 8 0.001 800.917
Ad title 36062 0.008 1.963
Channel 112 0.004 274.271
Google Features 246 0.000 9.416
Category Name 173 0.001 28.136
iSpot Features 13 0.000 127.860
Pod Position 18 0.004 2 059.832
Program 12658 0.020 13.469
Unique Pod 826762 0.333 4.613
Viewer ID 6291 0.141 220.470

Notes: Data are for all ads in our sample.

3.4 Empirical Model

We develop an empirical model of viewer engagement drawn from the reduced-form,

causal effects paradigm described by Chintagunta and Nair (2011). While there is se-
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lection of viewers into specific ad breaks, i.e programs and different channels, we can

leverage the quasi-random placement of ads within breaks to identify ad content ef-

fects.

Let yi,b,s be viewer behavior such as tuning, presence, or attention for viewer i,

watching the sth advertisement in ad break b (where an ad break is specific to a partic-

ular channel and time, e.g. CBS @ 8:05:31 EST on January 1st 2017), while xb,s describes

advertisement content features of said ad. We model the evolution of viewer engage-

ment over time as follows:

yi,b,s = x′b,sβ + λs + δi,b + g(tb,s, lb,s) + εi,b,s (3.1)

where β is the parameter vector of interest describing the effects of ad content,

xb,s. This setup therefore assumes that the conditional ad content effects are constant

across viewers, breaks, and ad slots. λs is an ad-slot specific effect that captures the

differences in average engagement for different ad slots in an ad break, and δi,b is a

viewer-break-level fixed effect that captures unobserved heterogeneity across viewer-

breaks. Note, this setup also accounts for a level shit in ad avoidance that may result

time-shifted viewing. As a joint fixed effect, δi,b inherently nests viewer-specific effects;

break-specific effects such as program-related shocks, e.g. how long it has been since

the last break, or whether there is a natural break in the programming such as the half

time of a basketball game; as well as program-unrelated shocks, e.g. breaking news or

viewers being called away from the TV. Finally, since specific ads in our sample range

from 15 to 120 seconds, and ad breaks can range from a single advertisement to as

many as 15 ads, we include the starting second of an ad withing a break (tb,s) as well as

the length of the ad (lb,s) as additional controls. The function g(·) allows for potentially
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non-linear effects of ad-timing variables on attention. The error term, εi,b,s, captures

all omitted factors, such as measurement error (relating to the viewer-detection and

attention-measurement equipment and algorithms).13

Our choice of fixed effects plays an important role in ensuring identification of ad

content effects. By explicitly controlling for viewer-break-level effects, we are able to

avoid concerns of omitted variable bias in case ad characteristics are correlated with

break or viewer characteristics (e.g. due to different types of ads being targeted to

specific audiences by airing them on certain channels at certain times). For example,

targeting an ad to a relatively more engaged prime time audience may increase atten-

tion in a way that is not explained by ad content. Similarly, targeting ads to appear in

earlier ad breaks within a given program may lead to higher average attention levels

irrespective of the ad’s design. While TV advertisers currently cannot target ads within

specific viewer-breaks, they can aim to target audiences based on the differential view-

ing behavior of viewers with different characteristics (e.g targeting younger viewers

by purchasing ad slots during children shows).

Another challenge to our identification strategy would be the potential for adver-

tisers to target specific slots within an ad break, i.e. a breakdown of the random place-

ment assumption we leverage in order to circumvent selection problems. A critical

features of the TV advertising market is that the sequence of ads within a break is ran-

dom, i.e., advertisers cannot control when their ad appears during an ad break (Wilbur

13The model in Equation 1 deliberately does not include break-ad slot (b× s) or viewer-ad slot (i× s)
fixed effects. Including the former would allow for each break-ad slot to have a different effect on en-
gagement. However, this level of granularity exactly overlaps with the level of granularity in our ad
content measure which is also at the break-ad slot level, and would therefore soak up all relevant vari-
ation in attention, making it impossible to identify ad content effects. The only case in which excluding
this type of fixed effect could be a concern for our estimation strategy would be if advertisers could target
specific break-ad slots, which we have empirically provided evidence against in our sample. Including
viewer-ad slot effects would imply that there are important viewer-specific engagement patterns across
ad slots that need to be accounted for, and thereby add a large number of coefficients (N × S). While
plausible, it is unlikely that these types of effects would play a large enough role to warrant inclusion in
practice. We therefore do not include them for the sake of parsimony.
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et al., 2013). We find empirical evidence of this practice in our data by looking at the

average actual versus average expected ad position for specific ads (ad creatives) un-

der the assumption of random allocation. If ads are indeed placed randomly within

breaks, then we would expect these two distribution to align. If, instead, some ads

are able to consistently show up in specific spots, then these distributions would not

look the same. Panel A of Figure 3.3 shows the average position of a specific creative

in a break of a given length. While some ads have somewhat favorable or unfavor-

able average placements, the data are normally distributed, and we do not observe the

clumping that would indicate systematic preferential treatment for some ads. We can

explicitly test the randomization of ad placement by conducting a Shapiro-Wilk test.

In doing so, we fail to reject the null hypothesis (p = 0.95) that the average placement

of a creative is normally distributed.

Figure 3.3: Random Allocation of Ads within Breaks

(A) (B)

Notes: Panel A shows the probability density function (PDF) of average ad placement, which looks
approximately normal. This is in line with what we would expect if ads are placed randomly into
breaks. Panel B shows a QQ plot of the theoretical versus actual (sample) quantiles of average ad
placement. To construct this measure, we look at the average ad placement in breaks of a certain
length. If certain companies targeted their ads to the beginning of breaks, this would result in the
empirical (sample) probability being greater than the theoretical probability. The sample data lie along
a straight line, which provides evidence for ads being randomly allocated to slots within a break.

An arguable stronger assumption underlying the model described by Equation 1 is

the linear separability of effects across ad slots, viewers, and show, which runs counter
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to the dynamics of intra-break attention described in the literature. However, this as-

sumption does not threaten identification of our effect of interest thanks to the quasi-

random placements of ads with breaks.14

To assess the importance of the included viewer-break fixed effects (δi,b) in our

model, we compare estimation results from a naive “base” pooled model without the

fixed effects to a “full” model that includes viewer-break fixed effects. We compare

results across these two models for each of our four different classifications of ad con-

tent. Since advertising content is correlated with specific shows and times (b) and with

viewer characteristics (i), differences between the two specifications emphasize the bi-

ases due to effects of targeting. If an ad content estimate significantly changes between

the base and full model, that means that much of the base “effect” of the ad is the re-

sult of the ad being targeted to a specific show or viewer group, rather than of the ad

content itself. If, on the other hand, the ad content effect changes very little between

the base and full model, this suggests that targeting plays a limited role in driving the

effectiveness of an ad.

We include all day-parts15 and all household-viewers. The only sample selection

criterion we apply is that individuals need to be tuned in to the channel and present

for the previous ad, i.e. we only consider observations yji,b,s where yTi,b,s−1 = yPi,b,s−1 = 1.

Said another way, we filter out all ads where the TV is on but no one is in the room.

The observations we retain therefore reflect the ads that viewers could have seen. Since

we are interested in the effects of advertising content on viewer behavior, we require

that viewers be exposed to the ads - something that we can observe with our data.

Figure 3.1 Panel B shows histograms of tuning, presence, and attention for this subset

14Estimating a model that investigates this intersection would be relevant for viewer-level ad target-
ing policies, e.g. Deng and Mela (2018).

15In broadcast programming, dayparting is the practice of dividing the broadcast day into several
parts and airing different types of radio or television programs across time periods.
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of observations.

3.5 Results

In this section, we present results from the base and full models for each of the four

ad content classifications we consider: ad creative, ad category, ad features derived

from iSpot metadata, as well as our Google-coded ad features. The three outcomes of

interest are the three viewing measures - tuning, presence, and attention - which each

lie between 0 and 1. As a result, the marginal effects can be roughly interpreted as

changes in the probability of engaging in the outcome of interest. Both models control

for pod position, starting second of the ad within the break, and ad length; the full

model also controls for viewer-break specific fixed effects.

Ad creative

We first consider ad content classified as individual ad creatives. The results in this

section effectively serve as an upper bound for the amount of variance that our three

other ad content classifications can capture. Figure 3.4 shows the distribution of ad

creative fixed effect (FE) estimates across the three outcome variables of interest: tun-

ing, presence, and attention. Ads have different probabilities of occurring in a given

break and, as a result, the distribution of coefficients in our full model is different than

the distribution in the base model. Specifically, we see a reduction in dispersion of es-

timated effects between the base and full models. Intuitively, this is the case because

there is less residual variation in the full model – the viewer-break fixed effects absorb

a significant amount of variation. In the case of our attention measure, the distribution
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of ad creative coefficients is very tight under the full model, suggesting sizable attenu-

ation in ad content after controlling for viewer-break fixed effects. The distribution of

ad content coefficients is less narrow under the base model. Note that we do not report

standard errors for these estimates since this analysis is under-powered.

We select the top and bottom twenty coefficients from our full model and present

the coefficients in more detail in Figure 3.5. The magnitude and direction of these

ad content coefficients are comparable across our three engagement measures. Some

of the most negative effects of ad create on engagement occur in advertisements for

casinos, the ASPCA (American Society for the Prevention of Cruelty to Animals),

Wounded Warrior (a program that assists and advocates for severely wounded, ill or

injured soldiers), and prescription drugs. A common theme across these “worst per-

formers” therefore seems to be their connection to challenging, uncomfortable, or emo-

tionally charged subjects. At the other positive side of the spectrum, we find mostly

advertisements for upcoming TV shows. This is not surprising since these ads may be

less distinguishable from the channel’s regular programming.

Figure 3.4: Distribution of Ad Content Effects (Creative)

Notes: Each panel depicts the density of ad content effects for a given viewer engagement measure.
The red distribution illustrates the effects for the base model, whereas the blue distribution illustrates
the full model including viewer and break fixed effects. Each distribution is centered on zero.
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Figure 3.5: High and Low Ad Content Point Estimates (Creative)

Notes: This coefficient plot shows the 10 largest and smallest tuning point estimates for the Full model.
The respective presence and tuning point estimates are shown in the adjacent panels (note that these
are not necessarily in the same rank or correspond to the 10 largest and smallest estimates within their
category). The red line depicts zero.

Ad category

Next, we consider ad categories. Given the one-to-many relationship these classifica-

tions have with the ad creative level effects just presented, the resulting estimates are

weighted averages of the ad creative effects shown above. It is therefore not surprising

that we find similar patterns in our coefficient estimates under this approach.

Figures 3.6 and 3.7 show the distributions of the 173 category fixed effects across

the different outcome measures and models. The overall findings parallel those in
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the creative-level model. These results suggest that there are stylistic and thematic

similarities in advertising content within an industry, which partially validates these

measures as relevant encapsulations of advertising content.

Table 3.5 presents the number of significant ad industry coefficients under the base

and full models, respectively. In the case of tuning, 105 of the 172 (61%) coefficients

are significant under the base model at the 5% level, while only 64 (37%) coefficients

remain significant in the full model. Interestingly, in the more nuanced case of atten-

tion as the dependent variable, we only find 16 (9%) significant coefficients in the full

model, which is only marginally more than the 9 (0.05 × 172) significant effects we

would expect to find as false positives in this type of analysis.

We find the most negative effects of ad content on engagement for various topics

related to animals and the environment - mainly driven by ASPCA advertisements -

as well as various prescription drug industries. DTCA ad categories occupy six of the

bottom ten estimates. Our results suggest that viewers tune away during prescription

drug ads 1-4% more frequently than during the average ad. The effects are similar

for the case of in-room presence as the outcome measure of interest, although the esti-

mates are noisier. The attention results are primarily attributed to noise since viewer-

break-level fixed effects seem to be able to explain most of the relevant variation in this

dependent measure.

The most positive results are for technology-related industries, e.g., “enterprise

and cloud”, and “speakers and headphones”. It is interesting that tech companies

perform well, as these companies have large advertising budgets and they are better

equipped (from a technology standpoint) to understand what makes effective adver-

tising. Sports, apparel, and fast casual industries also perform favorably in this model.
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Figure 3.6: Distribution of Ad Content Effects (Category)

Notes: Each panel depicts the density of ad content effects for the given viewer engagement measures.
The red distribution illustrates the effects for the Base model, where as the blue distribution illustrates
the Full (with viewer and break fixed effects). Each distribution is centered on zero, by construction.

Figure 3.7: Highest and Lowest Ad Content Point Estimates (Category)

Notes: This coefficient plot shows the 10 largest and smallest tuning point estimates and 95% confi-
dence intervals for the Full models. The respective presence and tuning point estimates are shown in
the adjacent panels (though these are not necessarily in the same rank or the 10 largest and smallest
estimates). The red line depicts zero. Coefficients whose 95% CI do not overlap zero are significantly
different than zero.
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Table 3.5: Ad Content Estimates Summary (Category)

Controls Tuning Presence Attention

Base Full Base Full Base Full

Coefficients 172 172 172 172 172 172

Sig. p < 0.05 105 64 72 60 66 16

Notes: The table above shows the number of significant (p < 0.05) coefficients across the Base and Full
models for the three viewer engagement variables of interest.

iSpot

We now turn to results for ad content features defined by iSpot. The variables include

the number of actors in the video, whether or not the video contained a promotion (e.g.

“Save big!”), whether or not the video included a tagline, a dummy for a movie trailer,

a dummy for whether the video contained a recognizable song, a sentiment score, and

five mood variables: active, emotional, funny, informative, and sexy.

The regression results indicate that advertisements containing promotional mes-

sages cause people to tune away more often than ads without such content. Mood

variables have the strongest effects, with funny and sexy ads leading to a 0.2% and 0.5%

increase in ads watched respectively. Viewers tune away to roughly 5% of ads, so these

effects represent a 4-10% reduction in the number of number of ads tuned-away.While

content classified as sexy has the largest positive impact on tuning behavior and in-

room presence, funny content has the most consistent effect, driving up engagement

as measured by all three of our outcome measures. This finding is in line with prior

research that shows humor in advertisements can increase viewer attention (Eisend,

2009).
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Table 3.6: iSpot Ad Content Effects

Tuning Presence Attention
actors -0.0002 -0.0007 * -0.0001

(.000) (.000) (.000)
promo -0.0035 *** -0.0045 *** -0.0012 ***

(.000) (.000) (.000)
tagline 0.0004 * -0.0003 -0.0001

(.000) (.000) (.000)
movie -0.0001 0.0009 0.0015 *

(.001) (.001) (.001)
music -0.0009 0.0014 0.0003

(.001) (.001) (.001)
sentiment 0.0000 *** 0.0000 *** 0.0000

(.000) (.000) (.000)
mood (Active) 0.0031 *** 0.0062 *** 0.0012

(.001) (.001) (.001)
mood (Emotional) 0.0005 0.0014 0.0015

(.001) (.002) (.001)
mood (Funny) 0.0021 *** 0.0049 *** 0.0026 ***

(.001) (.001) (.001)
mood (Info) 0.0017 * 0.0039 *** 0.0006

(.001) (.001) (.001)
mood (Sex) 0.0051 *** 0.0081 *** 0.0006

(.001) (.002) (.002)
Viewer FE Y Y Y
Break FE Y Y Y

Notes: † p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
This table presents regression results for the full model with iSpot defined ad content features.

Given the conditional relationships between tuning, presence, and attention, we

would expect cascading effects from the unconditional tuning to the conditional pres-

ence and attention measures: if an ad leads a viewer to tune away, it also automatically

forces the presence and attention measures to zero. If we find opposite effects across

dependent measures, this suggests robust counteracting forces at the more granular

attention measures. The one feature that stands out in this regard is the "movie" cate-

gory: we find that movie trailers and movie ads can generate increased attention even

118



in the absence of changes in tuning or in-room presence.16)

Google Features

Our final classification of advertising content strives to provide a more granular defini-

tion of ad content by using API-coded video features. For parsimony, we only consider

the top 250 most frequent video features in our sample. We use the same two regres-

sion models as before. Figure 3.8 presents the distribution of coefficients and Figure 3.9

summarizes the best and worst performers in terms of their impact on engagement.

Again, the ad content variables can help explain tuning and presence but fail to ex-

plain additional meaningful variation in attention above and beyond the variation ex-

plained by the viewer-break fixed effects. This finding reinforces the value of targeted

advertising, an idea that is becoming increasingly commonplace in other advertising

markets.17

16This finding makes sense in light of the broad general appeal of movie trailers:
the recent Avengers Endgame trailer generated 289 million Youtube views in 24 hours.
https://www.indiewire.com/2018/12/avengers-endgame-trailer-breaks-record-289-million-views-
24-hours-1202026624/

17One possibility is that viewer-content interactions are important in the model and that current TV
advertising practices are in an equilibrium where content is towards an appropriate audience, i.e. ads
featuring cats are targeted towards cat lovers and likewise ads targeting dogs are targeting at dog lovers.
If instead some features were targeted towards the appropriate audience and others were not, then we
might see stronger feature results.
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Figure 3.8: Distribution of Ad Content Effects (Features)

Notes: Each panel depicts the density of ad content effects for the given viewer engagement measures.
The red distribution illustrates the effects for the Base model, where as the blue distribution illustrates
the Full (with viewer and break fixed effects). Each distribution is centered on zero, by construction.
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Figure 3.9: Highest and Lowest Ad Content Point Estimates (Features)

Notes: This coefficient plot shows the 10 largest and smallest tuning point estimates and 95% confi-
dence intervals for the Full models. The respective presence and tuning point estimates are shown in
the adjacent panels (note that these are not necessarily in the same rank or represent the 10 largest and
smallest estimates within their respective categories). The red line depicts zero. Coefficients whose
95% CI do not overlap zero are significantly different than zero.

3.6 Negative Externalities

Our results, and the results on ad category effects in particular, show that not all ads

are created equal. In the dynamic context of viewing behavior across an ad break, ad

avoidance affects not only the avoided ad, but also all subsequent ads in the break or

program. That is, “bad”, low viewability ads impose negative externalities on subse-

quent ads in the break. To understand the magnitude of these spillover effects from the

broadcaster’s perspective, we will impose some additional structure to the problem.
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The broadcaster chooses the advertising schedule (A = {A1, ..., AT}) that maximizes

profits, where At = 1(Ads on).

Π[A] =
T∑
t=0

At︸︷︷︸
Ads on

×Dt[At]︸ ︷︷ ︸
Viewers

× Kt︸︷︷︸
$/Viewer

Profits are increasing in the number of viewers (Dt), as well as the value per viewer

(Kt). On the other side of the market, the viewer maximizes her utility by choosing

how much ad-supported TV to watch.

U [A] =

T1∑
t=0

u[At]︸ ︷︷ ︸
Utility from watching TV

+
T∑

t=T1+1

vt︸ ︷︷ ︸
Utility from outside activities

The viewer is assumed to have an outside opportunity, vt at time t, and they continue

watching TV from t = 0 to t = T1 iff:

u[Aτ ] > vτ ∀ τ ∈ [0, T1]

For simplicity, we will assume that once the viewer has switched away from the TV,

they cannot switch back.18 To increase realism, we will allow firms to consider blocks

of ads, b, that can be separated into distinct ad slots s, rather than relying on the more

simplistic framework of a firm considering t distinct time periods.

Π[A] =
B∑
b=1

Sb∑
s=1

Ab,sDb,s[Ab,s]Kb

18As some viewers will return to the channel, this puts us on the upper bound.
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where

Db,s[Ab,s] =

Nb∑
i=1

1 {ui[Ab,τ ] > vi,b,τ ∀ τ ∈ [0, s]}

= Nb

s∏
τ=1

Pr (ui[Ab,τ ] > vi,b,τ )

= Nb

s−1∏
τ=1

Pr (ui[Ab,τ ] > vi,b,τ )︸ ︷︷ ︸
Pr(making it to the s-th ad)

× Pr (ui[Ab,s] > vi,b,s)︸ ︷︷ ︸
Pr(watching the s-th ad)

In this scenario, the firm chooses a sequence of advertisements that maximizes the

dollar-weighted number of viewer-seconds watched. Another important considera-

tion for the broadcaster is whether to impose content constraints on advertisers. As

illustrated in the previous section, ad content can have a significant effect on viewer

engagement. If a broadcaster does not actively manage the content on their platform,

the low viewability content can cause viewers to become less engaged with the plat-

form, resulting in fewer viewer seconds watched for subsequent advertisers (which

may eventually lead to a reduction in Kb, which we considered fixed in this short-term

analysis). Figure 3.10 highlights this negative externality.
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Figure 3.10: Negative Externalities from Bad Ads at the Beginning and End of a Break

(A) (B)

Notes: Panel A shows actual (red) and counterfactual (dotted black) attention for a “bad”, low viewa-
bility, ad that airs during the second slot of an ad break. All other ads have the same effect. The red
line, being below the dotted black line, illustrates the decrease in average engagement as the result of
the low viewability ad. The grey shaded region captures the size of the negative externality from hav-
ing a bad ad at the beginning of a break. Specifically, it represents the number of viewer-seconds lost
as a result of having a bad ad compared to airing an average ad. Panel B shows the same relationship
but for a bad ad that airs later in the break.

The red line represents a hypothetical audience whose engagement drops sharply

in response to the low viewability ad content featured in the second ad in the ad break.

The black line represents an ad break in which the broadcaster forces the advertiser

to replace their original ad creative with a more appealing one. We hold other ads in

the break fixed, meaning that they have the same predicted probability of a viewer

remaining engaged throughout the ad. The red shaded area represents the audience

loss due to the “bad” ad in the second ad slot on engagement during the second ad

slot itself. The grey shaded area represents the number of viewer-seconds lost on all

subsequent ads, i.e. the negative externality of the “bad” ad. Panel A showcases the

effect of having a bad ad early in the break, whereas Panel B showcases the effect of

having a bad ad later in the break, with the negative spillover effect being larger the
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earlier the “bad” ad appears.

3.6.1 Improving Ad Content Simulations

We consider a policy that would involve requiring advertisers to submit replacement

creatives with improved ad viewability. Specifically, we rank-order advertising by

category-defined ad content effects and then impose minimum quality constraints at

the 10th percentile. All ads at or below the cutoff have to submit new creatives that

should be of average viewability. For each scenario, we identify the relevant breaks,

calculate the baseline number of viewer-seconds for each viewer engagement metric,

then calculate the alternative number of viewer-seconds under the proposed policy.19

Table 3.7: Counterfactual Results

Tuning Presence Attention
All 1.11 % 3.45 % 4.41%
First 1.56 % 5.95 % 8.97%

Notes: The table above shows results for two sets of counterfactuals. The first row, labeled “All”,
describes the percent increase in the number of tuned-in viewer seconds (Column 1), present viewer-
seconds (Column 2), and attentive viewer seconds (Column 3), in breaks that contain a low-viewability
ad. The second row, labeled “First”, also shows the percent increase in the number of engaged seconds,
but only for breaks where a low-viewability ad starts off the break.

Each cell in Table 3.7 represents a percent increase in the number of engaged sec-

onds for one of the three different engagement measures. Starting at the leftmost

column, we see relatively modest effects from increasing ad viewability, with pres-

ence and attention showing incrementally larger percent increases. Comparing results

across rows indicates that the externality severity depends on whether the broadcaster

cares about tuning, presence, or attention. If we focus on the cases where a bad ad

occurs first in the break, we find that broadcasters can increase the numbers of viewers
19These calculations assume that all viewer seconds are valued equally by the broadcaster, which

may not be the case. While we can merge in ad pricing data, pricing data may not be accurate for our
given sample.
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tuned into the TV by 2%, the number of viewers present by 6%, and total attention by

9%.

3.7 Conclusion

This research investigates the relationship between a traditionally observable viewer

behavior - tuning - and a pair of new viewer behaviors - in-room presence and visual

attention. We find that tuning, presence, and attention often move in the same direc-

tion, but not always and that there are meaningful differences in the absolute levels as

well as dynamics of these behaviors.

Secondly, this research investigates the effects of ad content on four different ap-

proaches to content-coding TV advertisements. We find significant effects of ad content

on tuning, presence, and attention, with a common theme across the worst performing

ads being their connection to challenging, uncomfortable, and emotionally-charged

subjects such as animal cruelty prevention and prescription drugs. Lastly, we demon-

strate that ad content effects have significant implications for publishing platforms.

We find economically significant negative externalities from poorly performing ads

that reduce the audience available to subsequent advertisers.

Our findings suggest that publishing platforms have strong incentives to regulate

the advertising content on their platform. Depending on which of our three engage-

ment measures broadcasters are most concerned with, the number of engaged viewer-

seconds can increase by as much as 9% in response to replacing low viewability ads

with average viewability ads. By exercising control over the advertising content on

their platform, a platform can reduce or eliminate these negative short-run audience

externalities. Ad content management may also have long-run considerations which

126



we abstract away from in this partial equilibrium framework: high standards for ad

content may lead to a better overall platform experience, thereby increasing the size,

attention, and value of the audience available to advertisers.

The negative attention spillovers we highlight in this research generalize beyond

the context of TV advertising. Any platform that sells a sequence of advertising should

consider position-differentiated pricing, or allow prices to vary as a function of the

viewability of an advertisement. Newspapers, news websites, and online video plat-

forms, in particular, may be subject to similar dynamics.

Our results are subject to two important limitations. First, since we rely on audience

measurements collected in three large metropolitan areas, the data are not representa-

tive of the average American consumer. Second, due to concerns of statistical power

given our sample size, we do not allow for heterogeneity in ad content effects across

consumers.

Our research question and design lend themselves to several natural extensions and

applications beyond the scope of the current paper: First, it would be informative to

complement our analysis by studying a setting in which the researcher controls both

ad content and ad targeting. This could take the form of a field experiment with a

major broadcaster. Such a setup might shed light on trends in consumer behavior

across demographics, programming genre, and time. Second, combining our measures

with aggregate sales data (or, ideally, household-level sales data) may provide valuable

insights regarding the relationship between attention to advertising and sales, which is

notoriously hard to identify. Third, if attention is a better predictor of sales than tuning,

our data could be used to identify overpriced and underpriced ad slots. Technology

is rapidly increasing our ability to collect relevant consumer attention measures. We

believe these and other extensions will lead to more efficient advertising marketplaces.
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APPENDIX A

CHAPTER 1 APPENDIX

Figure A.1: Example of Printed “Print-at-Home” Coupon.

Notes: Printed coupons showed product images and text, barcodes and QR codes, legal text, an expi-
ration date, and the value of the coupon, here depicted as “SAVE $V2”. The product category show in
the picture is related to, but not the same as, the lead offer product in the first field experiment.
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Figure A.2: Online Experiment 1 (Search Motivation) Design

Lead Offer 1 Lead Offer 2 Lead Offer 3

x

x

Subsequent

Offer 4

*click*

Notes: White boxes indicate offers that are visible to the participant; gray boxes indicate offers that are
hidden. To reveal a hidden offer, the participant had to click on it. The offer was visible so long as their
mouse was hovering over it. Participants indicated they were interested in receiving a particular offer
by clicking the checkbox beneath the respective offer.
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Figure A.3: Online Experiment 2 (Valuation Spillover) Design

Lead Offer 1

0 100

Lead Offer 2

0 100

Lead Offer 3

0 100

Subsequent Offer 1

0 100

>>

Notes: Participants were shown six pages with four offers per page. Across the six pages, two pages
had one treated coupon, two had two treated offers, and two had three treated offers. The above exam-
ple shows a page with 3 treated (lead offers) and 1 subsequent offer. Paralleling the treated offers, there
were one, two, or three subsequent offers (4 - # treated offers) on each page. Lead offers always pre-
ceded subsequent offers. In between each page, there was a fifteen-second “cleansing task” in which
participants were asked to play a “Find the Differences” game. For each of the offers, participants
were asked to evaluate the coupon on a scale from 0 (horrible) to 100 (excellent). Participants could
not proceed to the next page unless all slider bars had been touched.
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Table A.1: Coupons Used in Online Experiments
Company Name Product Value Off (High/Low)
Applebee’s Any appetizer $3.00/$0.75
Bed Bath and Beyond Any large bath towel $4.00/$1.00
CVS Any brand pain reliever (24ct or more) $2.00/$0.50
Dominos Any large pizza $3.00/$0.75
Lowes Any gardening department item $4.00/$1.00
Starbucks Any Grande (16oz) beverage $2.00/$0.50
Subway Any foot long sandwich $3.00/$0.75
Target Any hair care product $3.00/$0.75
Walmart Any dish soap $3.00/$0.75
7-Eleven Any size coffee $0.50
7-Eleven Any size slurpee $0.50
Ace Hardware LED bulbs (4pk or more) $2.00
Ace Hardware Bird feeders and bird food $2.00
Amazon Music A digital music album $1.00
Amazon Video Any digital movie rental $1.00
AMC Theatres Any large popcorn $1.00
AutoZone Any new car battery $9.00
AutoZone Replacement wiper blades $3.00
Barnes & Noble Any fiction book $2.50
Barnes & Noble Any non-fiction book $2.50
Bass Pro Shops Camping gear $2.00
Bass Pro Shops Fishing rods or reels $3.00
Best Buy Printer Cartridges $2.00
Best Buy Any small kitchen appliance $5.00
Burger King Any whopper meal $1.00
Burger King Any breakfast sandwich $1.00
Chili’s Any entrée $2.00
Chili’s Any appetizer $1.50
Chipotle Any burrito $1.50
Chipotle Chips and salsa $0.50
Dick’s Sporting Goods Any dozen golf balls $2.50
Dick’s Sporting Goods Camping gear $2.50
Dollar General Any 12pk cans of coke $1.00
Dollar General Any brand coffee (20oz or more) $1.00
Dunkin’ Donuts Any breakfast sandwich $1.00
Dunkin’ Donuts Any size coffee $1.00
Exxon Gas Any 6+ gallon purchase $2.00
Family Dollar Any cleaning product $1.00
Family Dollar Any brand toilet tissue (6ct or more) $1.00
Fandango Movie tickets $2.00
Home Depot Any power tool $5.00
Home Depot Any smart thermostat $5.00
iTunes Any digital movie rental $1.00
iTunes Any digital music album $1.00
Kohl’s Any bedding set $4.00
Kohl’s Any 3-pack of socks $2.00
Kroger Any brand paper towels (2ct or more) $1.00
Kroger Any men’s or women’s deodorant $2.00
Macy’s Any cosmetics item $2.00
Macy’s Any men’s or women’s fragrance $2.00
McDonalds Any combo meal $1.00
McDonalds Any breakfast sandwich $1.00
Old Navy Classic flip flops $1.00
Old Navy Any graphic t-shirt $1.50
Panera Bread Any soup or salad $1.00
Panera Bread Any You-Pick-2 deal $2.00
Papa Johns Any style wings or bread sticks $1.00
Papa Johns Any large pizza $2.00
Petsmart 40+ lb pag of dog food $3.00
Petsmart 20+ lb bag of cat food $2.00
Pizza Hut Any pasta dish $2.00
Pizza hut Any large pizza $2.00
Red Lobster Any entrée $3.00
Red Lobster Any appetizer $1.50
Rite Aid Any brand toothpaste $0.75
Rite Aid Any first aid kit $2.00
Shell Gas Any 6+ gallon purchase $2.00
Staples Envelopes or stationary $2.00
Staples Pens $1.00
Taco Bell Any combo meal $2.00
Taco Bell Any dollar cravings item $0.50
TJMaxx Any pair of Levis jeans $3.00
TJMaxx Any pair of Under Armour athletic shoes $4.00
Toys R Us Any board game $2.00
Toys R Us Any video game $3.00
Trader Joe’s Any frozen entrée $1.00
Trader Joe’s Any breakfast cereal $1.00
Walgreens Any first aid kit $1.50
Wealgreens Any candy $1.00
Wendy’s Any size frosty $0.50
Wendy’s Any combo meal deal $1.00
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APPENDIX B

CHAPTER 2 APPENDIX

Figure B.1: Example Printed Coupon

Figure B.2: Call-to-Action Printing Results
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Figure B.3: Image Printing and Redemption Results

Figure B.4: Traffic Printing Results for Return Users
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APPENDIX C

CHAPTER 3 APPENDIX

Table C.1: Average Viewer Engagement Across Targeting Variables

Variable Level Avg Tuning Avg Presence Avg Attention
Ad Length 15 0.967 0.562 0.074

30 0.933 0.547 0.074

45 0.930 0.515 0.069

60 0.900 0.517 0.067

75 0.891 0.504 0.065

90 0.875 0.506 0.065

105 0.846 0.478 0.060

120 0.876 0.501 0.061

Channel ABC 0.962 0.556 0.077

CBS 0.960 0.595 0.084

FOX 0.964 0.582 0.080

NBC 0.961 0.582 0.081

Other 0.939 0.533 0.067

Daytime Prime 0.944 0.584 0.081

Non-Prime 0.951 0.543 0.071

HH Edu. HS 0.947 0.549 0.065

Assoc. Degree 0.948 0.578 0.070

College Grad 0.948 0.538 0.074

Grad Degree 0.947 0.593 0.090

N/A 0.955 0.541 0.074

HH Eth. White 0.950 0.569 0.076

Black or African American 0.944 0.560 0.070

N/A & Other 0.951 0.472 0.065

HH Inc. <50K 0.946 0.574 0.066

50-75K 0.950 0.540 0.077

75-100K 0.950 0.549 0.079

100K+ 0.949 0.566 0.071

N/A 0.954 0.530 0.072

HH Party Ind. 0.950 0.566 0.072

Democrat 0.950 0.543 0.072

Republican 0.949 0.564 0.080

N/A 0.945 0.540 0.069

Program Genre News 0.958 0.572 0.075

Reality 0.942 0.554 0.073

Sports 0.963 0.580 0.083

Sitcom 0.942 0.548 0.067

Drama 0.938 0.569 0.074

Talk 0.958 0.538 0.071

Documentary 0.935 0.536 0.067

Comedy 0.943 0.463 0.057

Other 0.941 0.523 0.069

Viewers 1 0.940 0.684 0.099

2 0.949 0.553 0.070

3 0.957 0.444 0.052

4 0.963 0.376 0.044

5 0.969 0.319 0.040

Notes: The table above shows average tuning, presence, and attention across different targeting covari-
ates. All three measures are bound by 0 and 1. Lower levels of average tuning indicate viewers tune
away (change the channel or turn off the TV) for a greater portion of ads. Lower levels of average pres-
ence suggest viewers are less likely to be present in the room during ads, and lower levels of average
attention imply viewers are spending less time with their eyes facing the TV.
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Table C.2: Google Features Summary Table

# Features Pr(Feature)
Min 0 0.028
1st Qu. 10 0.036
Median 17 0.052
Mean 20 0.081
3rd Qu. 27 0.093
Max 109 0.487

Notes: Summary statistics for google feature tags. The first column summarizes the number of fea-
tures detected per ad (e..g the average number of features detected per ad is 20); the second column
summarizes the probability of a given feature being detected in an ad, e.g. (e.g. the average empirical
probability of a feature showing up in a given ad is 0.081).
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