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Abstract

Insights from psychology suggest competitive interference: when a firm advertises, consumers
are less likely to think of its competitor, benefiting the advertiser by keeping it top of mind and
suppressing competitor recall. We empirically investigate this phenomenon in the context of auto
insurance, a sector featuring some of the most advertised brands in the US. Using a large-scale
randomized field experiment, we examine the dynamic effect of advertising on an individual’s con-
sideration of the advertised insurer. Despite our advertiser being well-known and one of the largest
spenders on advertising, the magnitude of our observed effect surpasses those documented in prior
literature. The immediate and carry-over effects of advertising depend heavily on competitive ac-
tions, consistent with psychological predictions; the advertising impact increases when competitors
advertise. Together with other findings, our data support interference as a driver of the marginal
effects of ads. We build and estimate a cognitive psychology-based consumer decision-making
model, demonstrating that it predicts both in- and out-of-sample data better than the flexible

standard advertising stock model.
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1 Introduction

Consumers’ decisions crucially depend on what they know. Hence, researchers have extensively studied
how exposure to information affects consumer choices (e.g., Stigler, 1961). However, the impact of
information hinges on its recall during the decision-making process, which is not guaranteed. The
prevalent view in psychology suggests information recall is subject to interference, which implies that
exposure to information can hinder the recall of previously known information. Overlooking this
can lead to an incomplete understanding of consumer decision-making. This paper examines this
understudied phenomenon by analyzing the impact of exposure to advertising on consumer online
shopping decisions using a unique randomized field experiment.

While advertising’s effects have been extensively studied, traditional theories fail to fully explain
how advertising influences consumer decisions. A primary view is that ads disseminate information
about the advertised product (Nelson, 1974). However, this perspective does not address how long
the information is retained, making it insufficient to explain the widespread practice of repetitive
advertising by well-known brands. An alternative perspective suggests that advertising enhances the
perceived utility of the advertised product (Bagwell, 2007). However, this view is overly broad and
does not specify the conditions under which advertising will impact consumer behavior or the duration
of this impact. To address these limitations and comprehensively analyze the impact of advertising,
we focus on its influence on the information recall process.

In this paper, we first build a consumer decision-making model that incorporates memory interfer-
ence and is inspired by the computational cognitive psychology literature (Anderson, 1996; Kahana,
2012). We draw testable implications of the model. We then gather individual-level data from a
field experiment randomizing auto insurance advertising exposures and consumer behavior to test our
model’s implications. Overall, we find significant interference, which is important to explain the preva-
lent advertising: one firm’s advertising diminishes the recall of competitors’ offerings during consumer
decision-making, thus motivating competitive advertising.

The consumer in our model stores product options in a memory network in which the product
options are linked to the product category. When the consumer considers a purchase in the category,
she draws the associated product options from memory, and different options compete to be drawn.
This conceptualization of memories being organized in a network and competing for salience is well-
established in the literature on memory models (Kahana, 2012). Recalling a product strengthens its
association with the category thereby increasing the likelihood of its future recall and decreasing the
likelihood of a competitor becoming salient. Over time, the strength of the association decays unless
another recall occurs. Advertising exposure strengthens the association of the advertiser and the
category, decreasing the likelihood that the consumer will consider a competitor. Hence, advertising
by well-known firms may make competing brands less likely to come to mind — effectively causing
consumers to “forget” about them — thereby incentivizing competitive advertising.

To empirically investigate this effect, we focus on auto insurance advertising. This is an appealing



context for our study because it is characterized by well-known and recognized brands that have existed
for generations but are also among the most heavily advertised. Annually, the most prominent brands
spend over a billion dollars each on advertising, equivalent to over a thousand impressions of premium
digital ads per adult in the US, on average. Notably, their advertising campaigns are characterized by
repetition of the same message, often calling for individuals to “get a quote” and feature mascots that
have achieved near-ubiquitous recognition (Advertising Age, 2022).

To empirically examine our model’s implications we need to estimate the effects of advertising
which is known to be challenging because, in practice, ads are highly targeted based on many factors
that remain unobserved to researchers. Hence, researchers have to overcome a significant selection
problem. Moreover, our objective of studying memory interference requires us to go beyond typical
ad effects measurement and estimate the effects of ads across competitors, which necessitates linking
a brand’s ad exposure at the individual level with behavior concerning competing brands. This is
hard to do, given the data typically available to advertisers. The need to estimate time-varying effects
adds to the challenge because it requires stable long-term individual identifiers that are challenging to
obtain.

We overcome these challenges by partnering with a large media platform. We analyze a field
experiment conducted on the platform in which exposure to ad banners of one of the largest U.S.
auto insurance companies was randomized across individuals, enabling us to overcome the potential
selection problems caused by ad targeting. We focus on three hundred thousand individuals who
also had installed a browser plugin owned by the same platform, which enables us to directly link
randomized experimental assignment with online consumer behavior over time, both in relation to
the advertiser and its competitors. This setup also enables us to identify the individual’s geographic
location, which we use to isolate additional exogenous variation in competitive advertising.

As the main outcome, we focus on whether consumers visit a firm’s website which signifies them
recalling and wanting to consider the firm. In our data we do not observe consumer recalls about a
product option, which would be closer to our model’s predictions but is generally hard to measure in
a natural setting at scale. In addition to the focal outcome, we consider customers switching their
insurance providers to assess the economic significance of the focal ad campaign.

We find that despite being a marginal campaign featuring our focal advertiser’s standard ads, it
significantly impacts consumer behavior. The likelihood of individuals visiting the advertiser’s website
increases from 0.2% to 0.8% on the day of experimental ad exposure, representing a substantial 300%
relative increase. Moreover, we detect a significant effect persisting for up to two months after the
campaign’s conclusion. Although smaller in magnitude per day compared to the effect during the
campaign, this long-lasting impact accumulates over time, resulting in a total effect comparable to
that observed during the campaign period.

The observed effect suggests that, although the advertiser had been extensively advertised previ-
ously, the experimental ad that contained little new information, was necessary for a significant portion

of the interested population to consider the advertiser. The ad effects we find are remarkably large;



our effects consistently rank high, at least in the top quartile, compared to similar effects analyzed in
recent meta-analyses (Johnson et al., 2017; Gordon et al., 2023).

Our model predicts that experimental ad exposure makes it less likely that consumers recall com-
petitors, and this negative effect on competitors may increase in magnitude after the experiment is
over: this is because ad exposure highlights the category which may benefit the competitor, but this
benefit vanishes when consumers recall options without the help of ads. Consistent with this prediction,
we find that the visits to competitors decreases more on the day after the experimental ad exposure,
when consumers are more likely to think of the auto insurance category on their own. This moment
directly contradicts the standard advertising paradigm that models ads as increasing preference for the
advertised product, which predicts the highest negative effects on competitors on the day of exposure.

We next examine how competitive actions change the experimental treatment effect, and find that
the treatment effect increases at times when competitors advertise in the future. We use the fact that
the Major League Baseball (MLB) season started three weeks after our experimental campaign and
our focal advertiser’s competitors prominently advertised in the MLB games.! We find that the effect
of our experimental treatment increased in the week after MLB season started relative to the week
before, and this effect is greater for individuals in DMAs where MLB is more popular. This finding is
at odds with the standard advertising models that assume advertising effect monotonically decreases
over time. However, this finding is aligned with our model: the treatment group individuals more
strongly associate our focal advertiser with auto insurance in their memory, relative to control, so they
are more likely to consider our focal company after competitive advertising occurs.

To examine this notion in a different cut of the data, we analyze how our experimental treatment
effect changes with our focal advertiser’s and its competitors’ pre-experimental TV advertising. Based
on the observed location of the individuals in the experiment we merge TV advertising conducted
by our focal advertiser and its competitors and study the interaction between past TV advertising
and the effect of experimental ads. We find that the effect of experimental advertising increases with
competitor TV advertising but decreases with our focal advertiser’s past TV advertising. A simple
extrapolation implies that if all competitor TV advertising was turned off, the experimental banners
would have no effect on the day of the experiment. Overall, these and other heterogeneous treatment
effects we report below support our memory based model.

We then specify an empirical version of a memory based model of consumer website visits. Esti-
mating this model we are able to predict several in- and out-of-sample moments in the data better
than the standard flexible ad stock model commonly used in the advertising literature. While the
standard model does not predict the interaction between own and competitive ads, ours does.

On the whole, we find evidence supporting a mechanism that suggests advertising interferes with
consumers’ information recall process which affects the options they consider while making decisions.

Advertising doesn’t just convey information and make consumer aware of the advertised message.

'n our sampling 16 of the 17 opening day games featured prominently visible auto insurance banners from our
advertiser’s competitors; our focal advertiser appeared once.



Instead, it deters competitors by making it less likely that they become salient in the consumer’s
mind. A competitor’s advertising can incentivize a firm to advertise repetitively. In our setting,
competitive advertising makes it less likely that the consumers will recall and consider our focal firm
without advertising, thereby increasing the effect of advertising.

Our work draws heavily from cognitive psychology where the consensus view is that forgetting
is driven not just by the passage of time, but rather by interference. This is a textbook view, with
experimental studies dating back to Miiller and Pilzecker (1900) (reviewed in Lechner et al., 1999). On
this, (Kahana, 2012, p. 9) notes “rather than reflecting the loss of information (forgetting) represents
the interference of later learning with earlier learning”.

Our model of recall of previously learned information is inspired by the literature on models of
human memory that operationalize recall as a process of making draws from memory in which in-
dividual memories compete for salience. This is a feature of the standard models (e.g., ACT model
Anderson, 1993; SAM model Raaijmakers and Shiffrin, 1980) that have been tested to predict re-
call in lab-based recall tasks. We extend these findings to model actual behavior and quantify their
implications in the real world.

Our work is related to the literature that has systematically analyzed the role of limited consumer
memory in economic outcomes (Mullainathan, 2002). Relatively recent research incorporates memory
interference in the formation of consumer beliefs and explicitly models it via memory sampling, as
we do in our model (Bordalo et al., 2020; Sial et al., 2023). This literature explains consumer stated
intentions and beliefs in several domains including financial decision making (Bordalo et al., 2023). We
contribute to it by demonstrating the real-world behavioral significance of the interference phenomenon
in the context of advertising. Additionally, memory associations in our model are strengthened with
rehearsals, which is essential for accounting for repetitive advertising.

Research in marketing views advertising effects as being driven by memory mechanisms (Keller,
1987). Several studies have examined interference in the lab. Alba and Chattopadhyay (1986) show
that making one brand salient decreases the likelihood of consumers thinking about competing brands.
Consistent with the notion that cues interfere in the recall process, Burke and Srull (1988) show that
advertising of a brand interferes with the other brand’s advertising and changes its effect. Danaher
et al. (2008) show evidence of positive competitive advertising interactions in a grocery setting, con-
sistent with our findings. Our work extends this literature by showing the significance of interference
phenomenon using a field experiment, and provides a model to assess its impact on dynamic consumer
behavior. The mechanism we focus on complements other work that has built psychology-based mod-
els of advertising (Sahni, 2015; Naik et al., 1998; Xiang Chiong et al., 2024) but has not incorporated
interference.

Our research sheds light on when advertising can be combative (Bagwell, 2007). Researchers an-
alyzing the consequences of advertising on various market outcomes have assumed various consumer
decision making models. The most common approach is based on Nerlove and Arrow (1962) conceptu-

alizes advertising exposure builds an advertising “stock”, sometimes referred to as goodwill stock. An



increase in this advertising stock increases the expected utility the consumer gets from the advertised
option, which then implies an increase in the consumer choosing the advertised option (e.g., Dubé
et al., 2005; Doraszelski and Markovich, 2007). Although variations of this model can be flexible, they
do not fully comply with our data. For example, these models predict that a firm’s advertising makes
the consumers substitute away from the competitors and, hence, competitors suffer the most when the
advertiser’s gains are the highest. This prediction does not hold in our data, which shows patterns
consistent with our memory-based model. These utility increasing models also do not say much about
the role of competition in the decay of the advertising stock. In section 8 we estimate these models
for detailed comparison.

Another stream of research theoretically studies the effects of advertising using models that in-
corporate features of interference (e.g., Haan and Moraga-Gonzdlez, 2011; Anderson and De Palma,
2013; Chen et al., 2009). These models allow competitors to displace each other in the consumer’s
consideration but preclude the potential for positive memory spillovers, effects that are both observed
in our findings and noted in other studies on advertising (Sahni, 2016; Shapiro, 2018). Our model
provides a psychology based approach to extend these models to allow for such spillovers.

Finally, our paper is related to the empirical work in area of advertising that has documented
its effects and highlighted the difficulty in obtaining credible effects due to selection on unobservable
characteristics (Gordon et al., 2023) and low statistical power (Lewis and Rao, 2015). Consistent with
the recommendations of this literature, we use randomization to estimate the effect of advertising and
extend it by examining long-term and cross-channel impact, which are rare, and showing evidence for
a mechanism driving ad effects.?

The rest of the paper is organized as follows. Section 2 presents our model in a simple two product
setting and derives empirical predictions to guide the empirical analysis. Section 3 provides background
on the setting of auto insurance advertising and 4 describes our experiment design. We describe our
data in Section 5 and discuss our estimated advertising effects in 6. Section 7 shows competitive
interactions and 8 estimates the our memory based models to compare its predictions with those of a

standard advertising stock model. Finally, Section 9 concludes the paper.

2 Model

We present a model to precisely describe interference and its effects, and use it to guide our empirical
analysis in the following sections. Our model is inspired by the literature in cognitive psychology that
has developed models of information retrieval from human memory. We incorporate the basic ideas

that have made their way into textbook versions of the standard models, for example, Anderson (2000)

2Focusing on auto insurance, Tsai and Honka (2021) use survey data from JD Power to show that people recall 30% of
the auto insurance brands they are aware of, on average, and TV advertising increases advertisers’ recall. Their estimate
of TV advertising elasticity implies a smaller effect than ours. This could be due to differences in research designs
— we observe individual-level ad exposure while they use aggregate metrics — or the fact that, unlike TV advertising,
consumers are able to click and act at the time of exposure to online ads.



Auto insurance purchase

Progressive

Figure 1: Memory network

and Kahana (2012).3

Our model is close in its form to the Search of Associative Memory (SAM) model in Raaijmakers
and Shiffrin (1981). Essentially, the consumer in our model stores information in his memory, which
is an associative network of memory images. During recall, he draws a subset of this information from
memory, and different pieces of information compete to be drawn. The recalled information influences
his decision-making. Below, we specify our model for the context of auto insurance shopping. We
first describe the memory structure, then the process that drives salience and the role of advertising,
followed by implications for consumer decision-making. Appendix A discusses the parallels with the

SAM model in more detail.

2.1 Information stored in an associative network of images

Consider an individual browsing the internet. He stores memories related to auto insurance in the
form of a linked network of images, which may not be salient at any given time. For our context,
one memory image is the “Auto Insurance Purchase Context,” and others linked to it are about auto
insurance options. For simplicity of exposition in this section, we assume just two auto insurance
options, Geico and Progressive, shown in Figure 1. There could be other associations and images, for
example, related to past experiences which we assume away for simplicity. This star-like structure
of the network is similar to how consumer psychologists have conceived the organization of brand

memories (e.g., Nedungadi, 1990).

2.2 Strength of association

The existence of a link between memory images implies their association in the consumer’s memory.
The links are characterized by a strength that signifies the degree of association. The association
strengths are time-specific. We denote the strengths of association at the beginning of day t between

“Auto Insurance Purchase Context” and “Progressive” and “Geico” by P, and Gy, respectively.

3These models are built to explain patterns of associations formed in the lab. In a typical experiment demonstrating
interference, participants are asked to memorize a list of words, then given a second list of words, and finally asked to
recall the first list. The second list of words can be either related or unrelated to the first. Participants’ accuracy in
recalling the first list decreases when the second list is related to it compared to when it is unrelated, suggesting the
presence of interference.



The association strength increases when the images are recalled together. So, if “Auto Insurance
Purchase Context” and “Progressive” are drawn together their association becomes stronger. Oth-
erwise, it decays over time with a survival rate of J per day. Hence, P, = ¢ (rps—1 + P;—1) where
0 < § < 1, r is the increase in memory strength due to a recall, and p;_; is the number of times

Progressive was recalled with the purchase context on day ¢t — 1. Similarly, Gy = 6 (rgi—1 + Gi—1).

2.3 Drawing information in the absence of advertising

The consumer may not recall the auto insurance purchase context and forgets it with probability ¢
on any given day. With probability 1 — ¢, the purchase context recall gets triggered, possibly due to
various events such as a conversation about auto insurance.

On recalling the context, the consumer sequentially draws options from memory with replacement.
The likelihood of drawing Progressive when the consumer first queries his memory on day t is given
by

P,
h(Pt,Gt) = RETtC;t

This functional form aligns with textbook models of recall from memory (c.f., Kahana, 2012, chapter
7). Since h(P;, G;) decreases with Gy, Progressive is less likely to be drawn if Geico is more strongly
associated with the purchase context, which happens if it has been recalled more often previously.

Once an option is drawn, its strength of association increases by r which makes it more likely to
be drawn in the next attempt.

The consumer continues drawing options from memory and stops when he discovers no new infor-
mation from the last draw. This aspect of our model, along with the fact that the consumer draws
with replacement, aligns with foundational principles in psychological models (e.g., Rundus, 1973).*
In our analysis below, we assume that the individual ceases to draw when a retrieval yields no new
information. Employing an alternative stopping criterion, such as a fixed number of draws, does not

alter the fundamental implications of the interference phenomenon we study.

2.4 From Recall to Behavior

Before making a purchase, the consumer may consider a recalled option by visiting its website and
evaluating the relevant information. The decision to visit a website results from a tradeoff between
the cost of processing the information on the website and the benefit of potentially buying better auto
insurance. The purchase itself is an outcome of a comparison of the considered options.

We focus on website visits as the primary outcome of interest because it is the closest observable
behavior to the recall process, which is our focus. However, besides recall, a website visit indicates a
preference above a certain threshold. Additionally, recalls may not lead to website visits if they occur

on inconvenient occasions, such as when the consumer is preoccupied.

4Describing this model, Alba and Chattopadhyay (1985) state “The cessation rule states that attempts to recall new
items may end once a criterion number of consecutive samples is made from which no new items are obtained.”



Overall, the consumer visits Progressive’s website with probability

Visitp+(No Ad¢) = Pr(Recalling context) x Pr(Drawing P | Recalling context) x Pr(Visit P|Drawing P)

=(1—-¢) (1 — h(Gy, P)h(Gt + r, P;)) x Pr(Visit P|Drawing P).

Pr(Drawing P at t|No Ad;)

2.5 Effect of advertising

Advertising causes the consumer to simultaneously think of the purchase context and the advertised
brand. Since the auto insurance purchase context is salient in the consumer’s mind, he considers
shopping for it. At this time, the advertiser’s salience makes it a primary option for consideration.
The simultaneous recall of both the advertiser and the purchase context reinforces their association
within the consumer’s memory, leading to a stronger future likelihood of the consumer recalling the

advertiser and overshadowing other options.

2.5.1 Contemporaneous effect

Since Progressive’s advertising at time ¢ makes it salient in the consumer’s mind, the consumer visits
its website with probability Visitp.(Ad;) = Pr(Visit P|Draw P). Therefore, the effect of advertising

is
Visitp(Ad;) — Visitp(No Ad;) = Pr(Visit P | Draw P) x [1 — Pr(Draw P at ¢ | No Ad;)], (1)

which says that the impact of advertising depends on the likelihood of the consumer thinking of
Progressive in the absence of the ad. In a world where the consumers always recall the options they
would consider and only fail to recall options they would not consider, advertising would not affect
visits because Pr(Draw P at t | No Ad;) = 1 when Pr(Visit P | Draw P) # 0.

If conditional on recalling the purchase context, consumers certainly recall options they would
consider, advertising of any brand will impact P similarly. The advertiser’s identity would not matter
because any advertiser makes the purchase context salient.

However, advertising will distinctly affect the advertiser’s visits if the consumer does not recall the

advertiser even though he would consider it if he did.?

Role of past advertising Since 2Pr(Praw apcit tiNo Ad) 0, our model and equation (1) predict

that Progressive’s advertising will have an unambiguously larger contemporaneous effect on its visits if

G is higher; which could be a consequence of past exposure to Geico ads that increases G;. Similarly,

9 Pr(Draw P at t|No Ad,

since 5P, ) > 0, Progressive’s advertising will have a smaller impact on its visits at ¢

if the consumer has seen more Progressive ads previously.

5 Additionally, an ad may have a larger effect on visits if it is displayed when information processing is more convenient,
such as when a consumer is browsing the internet with time on hand compared to when he is busy watching a TV show.



2.5.2 Dynamic effects over time

The ad’s effect persists over time through its impact on the memory association strengths that persist.
At t + 1, the consumer may recall the purchase context due to exogenous factors. Since Progressive’s
advertising at ¢ increases P;. 1, it increases Progressive’s likelihood of being drawn and considered for
purchase at t 4 1, holding other factors constant. However, this carryover effect also depends on Gy 1,
which may get updated due to factors such as competitive advertising. Further, this carryover effect
of advertising will depend on the salience of the auto insurance purchase context, which may vary due
to unrelated reasons. Finally, since the advertiser’s association with the purchase context decays over
time, the effect of advertising will decrease over time, holding everything else the same. Appendix E

elaborates on the pattern of dynamic advertising effects over time.

2.5.3 Effects on competitors

At time ¢, the effect on competitors occurs through two channels. Firstly, the ad makes the purchase
context salient, which could benefit the competitor because it might get recalled via its association
with the purchase context. Secondly, since advertising strengthens the advertiser’s association with
the purchase context, it reduces the likelihood of the competitor being drawn, conditional on the
purchase context being salient. The overall effect of advertising on competitors at time ¢ is the net
effect through both these channels. We show in Appendix E.3 that Geico may experience a positive
impact of Progressive’s advertising, especially when the likelihood of the consumer shopping for auto
insurance in the absence of ads, ¢, is low.

While the contemporaneous effect on competitors can be positive, the future effect is not. After ¢,
the consumer exogenously recalls the purchase context, and the competitor must compete for salience
with an opponent whose association with the purchase context is relatively strengthened due to ad
exposure at t. Thus, relative to contemporaneous effect at ¢, a negative effect of advertising on
competitors is more likely at ¢ + 1. Appendix E.2 illustrates in detail the future effect of advertising

on competitors.

2.6 Discussion

Overall, we show the implications of two well-researched features of human memory: first, memory
comprises associations that weaken over time and get stronger as they are rehearsed; second, memories
compete with each other for salience. Together, these features predict a “fixation” — by recalling an
option, the consumer gets drawn into it and becomes less likely to think of other options.

The above description shows the key role of competitive actions. Even if an ad provides no new
information to consumers, showing it benefits the firm by reducing the likelihood of consumers con-
sidering competitors, which may, in turn, prompt competitors to advertise. One can draw additional
implications, such as the effects of multiple firms advertising simultaneously, an area we do not explore

here as our focus is on explaining the specific setting below.
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2.6.1 Comparison with the Ad stock based model

A common way to incorporate the effect of advertising into consumer choice is to assume that the
consumer obtains utility from a stock of “goodwill” towards the advertiser that accumulates with
advertising exposure. This increase in utility due to the ad stock makes it more likely that the
consumer will consider and purchase the advertised option. The stock decays over time, often assumed
as an exponential decay similar to a capital stock (Nerlove and Arrow, 1962). This workhorse model
has also been used in non-advertising information retention contexts (e.g., Bronnenberg et al., 2012).

This model predicts a monotonic decay of the advertising stock, which leads to a decaying effect
over time if the product utility remains the same. Contrary to the predictions of the memory-based
model, the standard ad-stock model predicts that competitive advertising decreases advertising effects,
as detailed in Appendix C. Further, since the advertiser’s gain comes at the competitor’s expense, this
model also predicts the competitor’s loss is the highest at the time when ad exposure occurs when the
advertiser’s gains are the highest. These predictions contradict ours.

Empirical applications of the ad-stock model have estimated flexible extensions of it, allowing
consumer behavior to depend on the stocks of both the advertiser and its competitors without imposing
restrictions on the sign of the effects (e.g., Slade, 1995). In section 8 we estimate these versions of the
model and show that they still get the predictions off, even when they have more free parameters than

our model.

3 Auto insurance advertising

In the US, auto insurance is mandatory for every driver to buy. Many consumers shop for insurance
each year, and when they do, most consumers search for information online (comScore, 2015; Insurance
Research Council, 2015). Our analysis of browsing data from comScore, detailed in Appendix B, shows
that many buyers navigate to websites by directly typing the company’s name into their browser. This
behavior indicates some buyers remember the company from memory, which is also supported by
publicly available aggregated search data from Google.

There are several auto insurance sellers in the market, with the top four sellers — StateFarm, Geico,
Progressive and Allstate — accounting for more than 50% of the share of premiums (MarketWatch,
2024). These companies, having been established in the first half of the twentieth century, demonstrate
a long-standing presence. Progressive, as the newest among the top four, has been in operation for
over eighty years, indicating that even the most recent of these industry leaders has been around for
generations.

At the same time, these companies are some of the highest spenders on advertising. According
to Advertising Age, Geico spent $1.5 billion on advertising in 2022 and has consistently been one of
the most advertised brands in the US since 2009 (Advertising Age, 2020, 2023). Progressive, which is
the second most advertised auto insurance brand spent $1.4 billion, and the top ten auto insurance

companies together spent $6.5 billion on advertising in 2022. Other sources report even higher spending
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Figure 2: Ad spending for Geico and Progressive

Notes: This figure presents the total monthly TV advertis-
ing spending for Geico and Progressive over time, measured
in millions of dollars. The data spans from February 1995
to January 2022 and highlights an increasing trend in ad-
vertising spending. The dataset was obtained from Kantar
Media.

(e.g., S&P Global Market Intelligence, 2020).

This spending implies substantial consumer exposure to auto-insurance ads. To put these numbers
into perspective in terms of the intensity of ad impressions, Geico’s spending of $1.5 billion in a year is
equivalent to more than a thousand impressions of social media banner ads to every adult in the US,
assuming an average cost of half a cent per impression which is the average cost according to Statista
(2024).

To analyze the evolution of ad spending in this industry, we obtained monthly TV ad spending
data for Geico and Progressive from Kantar Media.® Figure 2 plots this data and shows that while TV
advertising spend for both Geico and Progressive was low in the 1990s, both these companies increased
their spending several fold to a level where, in some months we observe them spending close to $100
million in 2022.

While auto insurance is a complex product and the intensity of its advertising is high, it is widely
noted that auto insurance ads tend to be repetitive and superficial mostly feature a funny character
(e.g., NPR, 2022; Policygenius, 2024). At the time of our study Geico’s ads for years had been featuring
a gecko urging customers to shop at Geico which could lower their price. Progressive did the same
through a character named Flo. These and other mascots in auto insurance ads have near universal

recognition in the US (Advertising Age, 2022).

4 Setting and Experiment Design

We study the impact of advertising by a major auto insurance company on consumer online search
behavior for auto insurance. Our analysis centers on a campaign that was run on the homepage of one

of the top five most visited websites worldwide, which publishes general content across multiple topics

6This dataset is provided by Vivvix, formerly AdSpender (https://www.vivvix.com/mediaradar-acquires-vivvix).
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such as finance, entertainment, and sports. Our partner platform manages this site and operates a
widely adopted internet browser plugin extension designed to enhance user experience by facilitating
easier access to platform services, including website navigation, bookmark management, blocking pop-
ups, etc. Our investigation focuses on individuals who have installed this extension and who visited
the platform’s website on the day of our focal advertising campaign was launched, with the campaign
itself being active for a single day in March 2015.

Our focal ad campaign displays the advertiser’s standard, long-standing character along with the
brand name. The message conveyed to the viewers that they could save money and invited them to
“get a quote”. Clicking on this banner would take the individual to the advertiser’s website where she
could get a quote after filling in a form.

Among the users who visited the website on the day of the campaign, 75% were assigned to a
“treatment” group, and were displayed our focal advertiser’s auto-insurance banner ad each time they
visited the website on that day. The remaining 25% were assigned to a control group and shown a

Public Service Announcement unrelated to auto-insurance.

5 Data

We analyze data on 326,952 individuals who have the browser extension installed, and visited the
platform’s website on the day of the experimental campaign. We compile several pieces of information

in our dataset.

Internet browsing data Each individual is identified by a unique identifier which is specific to
the browser. This identifier is likely to be more persistent than browser cookies which are frequently
deleted. We observe the click-stream data of individuals from February 2015 to June 2015, capturing
both the websites they visit and the times when these visits occurred. We do not observe the full
web page addresses; instead, most web visits in our data are identified with the sub-domain level. For

example, blog.example.com where blog is the sub-domain.

Other individual characteristics data Additionally, we observe the individual’s location at the
Designated Market Area (DMA) level. This allows us to merge census-based average characteristics
of the individual’s location. For a subset of 230,709 individuals we also observe their self-reported age
which we use for analyzing heterogeneity in effects below. Self-reported age is likely to be noisy but
Weber and Castillo (2010) provide evidence of statistical validity of such data. Supporting this notion,
we find a significant correlation between the average reported age across DMAs and average DMA

ages in the Nielsen data (F(1,207)=68.63; p-value<.001).

Advertising exposure data We track whether and when each individual was exposed to the banner
ads of the experimental campaign. Additionally, by using each individual’s DMA location, we integrate

our individual-level data with market-level TV advertising information from Nielsen AdIntel, accessed
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) @ ®
Avg. in Control Avg. in p-value testing
Treatment (1) and (2) are
equal
Focal advertiser visits 0.4274 0.4184 0.6245
Competitor visits’ 2.7020 2.6544 0.8766
Any Auto-insurance Brands Visited 0.1611 0.1627 0.3198
Number of Auto-insurance Brands Visited | 0.1974 0.1981 0.7303
Focal advertiser’s identified customer!T 0.0178 0.0182 0.4270
Competitor’s identified customer!? 0.0547 0.0549 0.8440
Total TV ad GRPs pre-experiment Month | 125.9588 125.9406 0.4730
Observations 81,881 245,071

Table 1: Individual behavior and exposure to TV ads for auto insurance during pre-experiment time
(Feb 1st 2015 - Mar 10th 2015)

Notes: The table reports individual behavior and exposure to TV ads for auto insurance during the pre-
experiment period (Feb 1st 2015 - Mar 10th 2015). It includes averages in columns (1) and (2), and p-value
from a t-test with Ho: averages in columns (1) and (2) are equal.

t We pulled data for ten major auto insurance companies, including our focal advertiser. Here, competitor
means all competitor companies combined. For consistency with the analysis below, we exclude USAA,
which does not serve the general public.

t We are able to identify a subset of customers using the browsing data. See Appendix D for more details.

Treatment Exposure

o
. IIIII.III-

20
Times Exposed To Treatment

Percentage of The Treated Individuals

Figure 3: Number of impressions to the experimental banner

Notes: This figure shows the distribution of the number of impressions to the experimental banner for the treatment
group. The median individual in the treatment group was exposed to the banner three times.

through the Kilts Center at the University of Chicago. This integration enables us to link each
individual to the TV advertising impressions — both in volume and timing — delivered by auto insurance
companies in their specific location.

Table 1 shows average statistics related to our sample’s browsing behavior and TV ad exposure
prior to the experiment. It also shows that these behaviors are similar across the experimental groups,

which is expected due to randomization.

5.1 Ad impressions

The median treatment group individual got exposed to our experimental banner three times. However,
there is variation across individuals as can be seen in Figure 3 which shows the distribution.

Turning to TV advertising, we pulled data for ten auto insurance companies including our focal
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advertiser. Our data shows that, in the month prior to our experiment, these companies together
delivered 125 GRPs, which is the average number of TV ad impressions per household. Our exper-
imental advertiser delivered 14 GRPs, while the competitors together delivered 101 GRPs. Overall,
20% of impressions are delivered through local advertising, which varies across DMAs while the rest
is through national advertising.

To examine the variation in the intensity of local advertising in our sample, we plot a histogram of
local advertising in each individual’s DMA in Figure 4. We observe significant variation; individuals
range from being in areas with almost none, to significant advertising from both our focal advertiser
and its competitors. TV ad impressions in a given DMA are highly correlated over weeks, making it
hard to assess their impact using temporal variation. For example, within a DMA, the coefficient of

correlation between TV GRPs in two successive weeks is 0.48.

Local TV ad impressions by focal advertiser Local TV ad impressions by competitors

154 154
2 104 a 109
E E
& &
5 %
g B
° e
5 5
o 5 o 5

0- 04

0 2 4 6 8 0 10 20 30 40
Ad impressions in the pi month in the 's DMA Ad impressions in the p il month in the idual's DMA
(a) Focal advertiser’s local TV ad impressions (b) Competitors’ local TV ad impressions

Figure 4: Distributions of local TV ad impressions in the month before the experiment
015+

.01+

—— Control

—— Treatment

.005

Proportion of of individuals visiting
the advertiser in the week

-5 0 5 10 15
Week since the experiment began

Figure 5: Visits to the advertiser’s website.
Notes: Weekly visits to the advertiser’s website from February to June 2015; for each week we plot the proportion of

individuals who visit the advertiser in that week. Week 0 starts on the experimental day. The shaded areas represent
95% confidence intervals around the estimated number of visits.
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6 Effect of the experimental campaign

Figure 5 plots the proportion of individuals in our sample visiting the advertiser’s website at least
once in different weekly time intervals, split by the experimental group assignment. It shows that
individuals in the treatment group visit the advertiser at a higher rate in the week of the experimental
campaign, and in the subsequent two months. Figure 6a does the same at a daily level focusing on
the two months post experiment, and Figure 6b shows the corresponding differences along with their
95% confidence intervals.

These figures show that, while the fraction of individuals visiting the advertiser’s website and the
trend in visits are similar across the two experimental groups up to the day of the experiment, there
is a 300% increase in the treatment group on the day of the experiment.” There is a smaller visible
effect on the day after, and the effect is visibly smaller after that. At the same time, we see significant
differences appearing in later days. For example, on March 27" we observe an effect which is smaller
relative to the first day, but statistically significant even after Bonferroni adjustment for multiple
hypotheses testing.

To estimate the overall effect, Table 2 regresses the number of days individuals visited the adver-
tiser’s website at least once during various time intervals on the experimental treatment assignment.
The analysis shows that the treatment increases website visits up to two months after the campaign
ends. Beyond that, the treatment effect is undetectable. Comparing the size of the coefficients across
the columns, we note that the incremental visits on the experiment day are almost equal to the incre-
mental visits made in the next two months. This shows that almost 50% of the ad’s effect occurs on
the day when it is shown.®

While our primary behavior of interest is website visits, which represent consideration, we also
examine the significance of our experimental campaign in terms of whether it causes individuals to
switch to the advertiser. We identify whether individuals in our sample are the advertiser’s customers
based on their browsing urls as detailed in Appendix D. Table 3 shows evidence that is consistent with

individuals switching to the advertiser from its competitors.

6.1 Discussion

The effect of advertising we show is high compared to similar effects documented in the literature.
We compare our numbers with others documented in the online advertising literature. Johnson et al.
(2017) analyze the distribution of effects of 432 advertising campaigns on Google Display Network
in terms of site-visit “lift” which is the treatment effect on advertiser website visits divided by the
average visits in the control group and report a median lift of 0.17. Gordon et al. (2023) present a

similar distribution for 601 upper funnel advertising campaigns on Facebook with median lift of 0.29

7All visits to the website within the same day are consolidated and treated as a single visit throughout the analysis.
8 An analogous Table 16 in the appendix shows that visits to any insurance website significantly increase only on the
day of the experiment, which is also consistent with our model.
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(b) Treatment Effect on daily Visits
Figure 6: Trend in visits and treatment effects

Notes: In 6 (a), we plot the daily proportion of individuals visiting the advertiser’s website for each experimental group
starting from March 1, 2015, to two months post-experiment, which is May 11, 2015. In 6 (b), we plot the difference in
visit proportions between the treatment and control groups, along with the 95% confidence interval, assuming each day
is independent.
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Table 2: Effect of treatment on visits to advertiser’s website at different times.

(1) (2) (3) (4) (5)

(6)

Before Day of Experiment Month after Month 2 after Month 3 after Month 4 after!

Treatment -0.0006 0.0057 0.0034 0.0021 -0.0001 0.0010
(0.0014) (0.0002) (0.0011) (0.0010) (0.0010) (0.0006)

Intercept 0.0596 0.0019 0.0376 0.0306 0.0315 0.0139
(0.0012) (0.0002) (0.0009) (0.0008) (0.0009) (0.0005)

Observations 326,952 326,952 326,952 326,952 326,952 326,952

Notes: Each column represents a regression of the dependent variable — the count of unique days an individual visited the
advertiser’s website during the specified time interval — on an indicator variable for assignment to the treatment group.
Multiple visits by an individual on the same day are counted as a single visit. Robust standard errors are shown in

parentheses. Coefficients are bolded to indicate statistical significance at the 5% level.
T Month 4 after the experiment is partially observed in the data window.

Table 3: Effect of treatment on individual being a customer.

(1) Advertiser’s customer (2) Competitor’s customer

Treatment 0.0017 (0.0006) -0.0019 (0.0012)
Intercept 0.0260 (0.0006) 0.0899 (0.0010)
Observations 326,952 326,952

Notes: Each column presents results from a regression on an indicator of assign-
ment to the treatment group. In column (1), the dependent variable is a binary
indicator for whether the individual is identified as the focal advertiser’s cus-
tomer during the post-experiment period. In column (2), the dependent variable
indicates whether the individual is identified as a competitor’s customer during
the same period. Robust standard errors are shown in parentheses. Coefficients
are bolded to indicate statistical significance at the 5% level.

(and 75" percentile of 0.9). Lewis and Nguyen (2015) report similar effect sizes in advertising format
similar to ours. All these numbers are smaller than our estimated lift during the campaign.’
Overall, we conclude that our estimated effects are on the higher side of the distribution, even

though our focal advertiser is one of the highest spenders on advertising in the US.

Our Interpretation We view the significant effect of experimental advertising as a consequence of

many consumers not recalling the focal firm without seeing its ad, despite wanting to consider it.

6.2 Direct effect of ads on future visits

Our model suggests that advertising exposure shifts consumer associations between brands and the
auto-insurance purchase context, which favors the advertiser and makes it more likely that consumers
will think of and visit the advertiser in the future. This is a direct effect on future visits, as opposed to
indirect effects that could occur through short-term visits; for example, exposure to ads makes people
visit the advertiser’s website, where they might get exposed to new information, which causes them to

come back in the future.

9Note is that Gordon et al. (2023)’s lift estimates vary across campaigns of different durations and lift may include
days after the end of the campaign. If we estimate our lift including 14 days after the campaign, our lift is 58%, which
is also higher than their median.
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To establish the memory-based mechanism, we investigate the data to check for evidence of this
direct effect of exposure to the experimental campaign on post-experimental visits. In general, direct
effects are hard to isolate because typical mediation analysis requires conditioning on endogenous
intermediate outcomes. However, we can test the existence of direct effects under the (monotonicity)
assumption that exposure to advertising does not deter any individual from visiting the advertiser’s
website on the experiment day.

The idea is to focus on individuals who did not visit the advertiser during the experiment, and
contrast the future visits among the treatment and control group individuals. Conditioning on no
visit during the experiment creates the possibility that the two comparison groups inherently differ
in their future visit propensities. However, we show below that, relative to the control group, the
treatment group individuals who did not visit during the experiment have more future visits than
possible without direct effects.

To see this formally, let the set of treatment and control group individuals that did not visit the
advertiser’s website on the experiment day be denoted by Ty and Cj, respectively. Assuming advertising
did not deter anyone from visiting on the experiment day, we can split Cy into two subsets Cp and
Ty, where T, represents individuals who would not have visited the advertiser on the experiment day
if they were in the treatment group; Co = Cp \ Ty. Let Y;Fst denote the number of visits by 7 in the

two months post experiment day. Then

I e i
B(Y P Co) = (e BV To) + (BT Co)

To| v Post i
> E(Y 7T,
= ‘CO| ( ‘ 0)

— ||§0||E<YPost|CO> > E(YPOSt|TO).
0

Therefore, the direct effect of advertising on post-experimental visits for treatment group individuals

who did not visit the advertiser on the experimental day is

E(yPost|TO) _ E(YPOSt‘To) > E(yPost|TO) _ ||;O|E(YPOStO())~ (2)
0

The RHS of (2) is a lower bound on the direct effect, and can be estimated from the data. E(Y 2%|Cy)

and E(YP°%|T}) can be estimated as sample averages in Cy and Ty. Given the experimental random-

|Col |Col
" |Tol [Tol *

Table 4 shows that among the individuals who did not visit the advertiser on the experiment day,

ization

can be estimated by

the treatment group individuals have 7.4% more visits in the two months post-experiment, relative
to control, which is higher than what is possible in the absence of direct effects. The lower bound in
(2) is positive and comparable to the total post-experiment two-month impact in Table 2, indicating

significant direct effects of advertising.
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Table 4: Examining the direct effect of treatment on post experiment behavior.

Estimate Standard error

Avg. post-experiment visits from those who did not visit on the experiment day

(A) Control group: E(YFost|Cy) .0661 .0013
(B) Treatment group: E(YF°s!|T,) .0710 .0008
Difference (B) - (A) .0049 .0016
B(YPost|Ty) — {2l B(y Post|Cy) .0043 00177

Notes: The table estimates the quantities required to assess the direct effect using the bound derived in
inequality (2). It shows that the direct effect of the experimental advertising is significantly positive for the
individuals Tp: the treatment group individuals who did not visit the advertiser’s website on the experiment
day.

t Bootstrapped standard errors.

6.3 Dynamic effect on competitors

As discussed in section 2.5.3, a unique prediction of our model is that competitors are likely to expe-
rience a larger negative effect of the ad not at the time of exposure but later when consumers think of
the category on their own unaided by the ad.

To empirically examine this implication, we compare the treatment effect of the experiment on
advertiser and competitor visits on the day of the experiment and the day after.'® We chose these
two days for this comparison because these are the two days when the experimental treatment effect is
the highest, and the day after the experiment gives little time for the competitors to interfere through
their own advertising.

Columns (1) and (2) in Table 5 show that going from the experiment day to the next, the experi-
mental ad’s effect on competitors increases in magnitude. On the day of the experiment, competitors
do not experience any significant effects. This suggests that the advertiser’s gain in consumer attention
was not at the competitor’s expense on the experimental day. However, competitors experience a 10%
decrease in visits the day after the experiment, which is similar in magnitude to the positive effect
experienced by the advertiser on that day (from Figure 6b). Column (3) shows that the estimated
next-day effect on competitors is not sensitive to adding experiment-day outcomes.'! These findings
are consistent with our model but contradict models predicting that advertising solely transfers con-
sumers from competitors, as the experiment day effect in Column (1) is much smaller in magnitude
than the visit increase experienced by the advertiser on that day. They also contradict models pre-
dicting no competitor impact, given the next-day effects on competitors are significant and similar to

the advertiser’s effect in magnitude.

10We exclude USAA from the analysis because it is unavailable to the general public.

11 For example, if the negative next-day competitor effects are due to consumers clicking on the advertiser and getting
enrolled in a different ad campaign being run by the advertiser, we expect to weaken the estimated negative effect by
including experiment day outcomes in the regression, which does not happen in Table 5.
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Table 5: Examining the dynamic effect on competitors.

D (2) (3)

Experiment day  Next day Next day
Num. Num. Num.
competitor competitor competitor
visits visits visits
Treatment -0.0001 -0.0009 -0.0009
(0.0004) (0.0004) (0.0004)
Experiment day: Num. competitor visits 0.1057
(0.0081)
Experiment day: Advertiser visit 0.0045
(0.0031)
Intercept 0.0078 0.0085 0.0076
(0.0003) (0.0003) (0.0003)
Observations 326,952 326,952 326,952

Notes: Table presents regressions: (1) the number of competitors visited on the experiment day, regressed
on assignment to the Treatment group; (2) the dependent variable changed to the number of competitors
visited on the day after the experiment campaign; (3) a specification that includes controls for experiment day
behavior for robustness check. Robust standard errors are shown in parentheses. Coeflicients are bolded to
indicate statistical significance at the 5% level.

7 Interaction with competitive actions

We examine how changes in competitive advertising impacts our treatment effect. Since our experiment
varies impressions to one advertiser, we look for sources of natural variation in competitive advertising
to examine its interaction with experimental treatment effects. To delve into this interaction we present

below analysis of two sources of competitive advertising variation.

7.1 Interaction with pre-experimental competitive TV advertising

We analyze how the experimental treatment effect varies with the degree of TV advertising that
took place in the month before the experiment. In this analysis, we aim to test the implications
drawn in section 2.5.1, which is about the impact of past advertising on the contemporaneous effect
of experimental advertising. Hence, we focus on experiment day visits as the outcome of interest.

As noted in section 5, we do not observe exposure to TV advertising at the individual level, which is
typically unobserved to researchers. Instead, we use variation in brand-DMA level local TV advertising
GRPs as a proxy for variation of intensity of exposure to pre-experimental local advertising on top of
national advertising.

Table 6 shows estimates from the following regression:

yi =P1T; + 8215 x pre-experiment TV Ads,, + 37 X competitors’ pre-experiment TV Ads,,

+ Ym + €, (3)

where T; is and indicator of whether the individual ¢ is in the treatment group; pre-experiment TV
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Ads,, is standardized local TV ad GRPs delivered in the month before the experiment in i’s DMA m;
competitors’ pre-experiment TV Ads,, is the same for the focal advertiser’s competitors; v, are DMA
specific intercepts; y; is an indicator of whether the individual visited the advertiser’s website on the
experiment day.

Estimates in column (1) of Table 6 show that while the effect of our experimental campaign ads on
visits to the advertiser is lower in regions where our focal advertiser recently advertised, it increases
with competitors’ advertising.

Column (2) adds controls for DMA size and DM A-specific spending by the advertiser and com-
petitors in the previous year, to ensure the coefficients S and (3 are not capturing across-DMA
heterogeneity in advertising effects which the advertiser might use to target TV ads. It also controls
for individual-level pre-experimental behavior regarding auto insurance.

Importantly, adding these controls does not change the estimates for the coefficients By and (3
significantly. Note that the treatment effect on individuals who had been to the advertiser’s website
pre-experiment is not significantly lower than average. The effect is larger for individuals who had

previously been to competitors.

7.1.1 Discussion

These findings are consistent with our model’s predictions. Increase in competitor advertising makes
less likely that the advertiser is recalled without ads, which increases the effect of the experimental
advertising. This effect is quantitatively significant. The variables in the regression in Table 6 are
standardized. The standard deviation of competitor’s pre-month local GRP is 5.7. Extrapolating
based on this model, removing all competitor advertising including national ads which amounts to 122
GRPs, would negate the experimental treatment effect.

If individuals have seen the focal advertiser’s TV ad in the previous month, the incremental effect
of the experimental campaign is lower because the recent replenishment of the advertiser’s association
with the auto insurance category makes the control group’s recall more likely.

The interaction effects with pre-experimental visits are also consistent with the notion that an
individual who had previously been to the competitor did not recall our focal advertiser and needed a
reminder in the form of an ad. For this reason, the pre-experiment competitor visitors respond more

to the experimental ad.

7.2 Post experiment competitive activity

To investigate how competitor activity post experiment impacted the longer-term effect of the exper-
imental ad, we focus on a specific shock in exposure to auto insurance that occurred with the start of
the Major League Baseball (MLB) season in the US, which began three weeks after our experimental
campaign.

MLB is the second most watched sports league in the US, and is one of the most viewed local
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Table 6: Examining the effect of pre-experiment competitive advertising.

(1) (2)

Experiment day Experiment day

visit visit
Treatment 0.0057 0.0055
(0.0002) (0.0002)
Treatment x Advertiser’s last months local TV Ads* -0.0004 -0.0004
(0.0002) (0.0002)
Treatment x Competitors’ last months local TV Ads* 0.0004 0.0006
(0.0002) (0.0002)
Treatment x Visited advertiser previously -0.0018
(0.0067)
Treatment x Visited competitor previously 0.0037
(0.0014)
Treatment X previous customer 0.0059
(0.0057)
Treatment x previous competitors’ customer -0.0008
(0.0013)
Visited advertiser previously 0.0258
(0.0058)
Visited competitor previously 0.0006
(0.0010)
Previous customer 0.0138
(0.0046)
Previous competitors’ customer -0.0003
(0.0007)
Intercept 0.0019 0.0012
(0.0002) (0.0002)
DMA fixed effects included? Yes Yes
Interaction of Treatment and DMA characteristics included? Yes
Observations 326,952 326,952

* TV advertising is included as standardized GRPs delivered in the individual’s DMA in the month prior to
the experiment. A GRP is the total number of ad impressions per household.

Notes: Table presents regression results with the outcome variable being whether individuals visited the
advertiser’s website on the day of the experiment. Column (1) regresses the outcome variable on the treatment
assignment and its interaction with local TV advertising by the focal advertiser and its competitors. Column
(2) includes other interactions to control for other systematic heterogeneity in effects. DMA characteristics
included are its size in terms of the number of households; spending in the previous year by the focal advertiser
and its competitors. Robust standard errors are shown in parentheses. Coefficients are bolded to indicate
statistical significance at the 5% level.

TV program (Nielsen, 2023; MLB.com, 2024). Its viewership is particularly high during the season’s
opening week, which is supported by a spike in Google trends for MLB. Auto insurance companies are
known to be major MLB advertisers (Sports Business Journal, 2021, 2022) and did so in 2015 when
Esurance and Hartford were among the official sponsors. Auto insurance companies are commonly
featured, either in the form of banners on the field, behind the batter, or in the form of visible
permanent fixtures such as dugouts / pavilions covered with auto insurance brand names.

Figure 7 shows example screenshots from the 2015 opening week, that were dominated by adver-

tising from our focal company’s competitors.'?

2Tn our quick viewing of the 17 games that occurred during the first two days of the season, 16 of the 17 games
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Figure 8a shows the average visits to our focal advertiser’s website by treatment and control group
individuals in our sample in the week before, versus the week after the start of the MLB season, which
happened on April 5" 2015. The figure shows that while the treatment effect is small and insignificant

in the week before the season starts, it is significant in the week after. The difference in the treatment

effects is significant at the 10% significance level.

(a) Atlanta Braves vs Miami Marlins April 6, 2015 (b) Chicago White Sox vs KC Royals April 6, 2015

(c) Wash Nationals vs NY Mets April 6, 2015 (d) San Diego Padres vs LA Dodgers April 6, 2015

Figure 7: Screenshots from MLB season opening day games
Note: Figure shows examples of auto insurance companies advertising during four opening weekend games of the 2015
MLB season. Out of the 17 opening games we found our focal advertiser’s competitor auto insurance companies
advertising in 16.

We next use the fact that there is significant variation in MLB’s popularity across the US. Some
cities (e.g., San Antonio, Austin, TX ) do not have local MLB teams, while other similar-sized cities
(e.g., Milwaukee, WI) do, and the MLB’s popularity varies accordingly. We expect the MLB game
viewership to be correlated with this. Hence, we obtain data from Google Trends on the popularity
of the search term MLB across the 210 US DMAs and correlate the change in treatment effects over
time with MLB popularity.

The bottom two rows in Figure 8 split the sample based on whether, or not the individual is in
a DMA with above median popularity of MLB. They show that in areas where MLB is popular the
control group visits to our focal advertiser decreased over time, while the treatment group held on to
its level. Overall, the treatment effect increases in the week after MLB starts, and this effect is larger
and more significant in DMAs with higher MLB popularity. These findings are consistent with our

model’s prediction that the effect of advertising may increase over time due to competitor’s advertising.

prominently displayed auto-insurance brands that were our focal advertiser’s competitors. Our focal advertiser appeared
once.
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(a) Across the full sample
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(c) Below median MLB markets

Figure 8: Visits to the advertiser before (left) and after (right) MLB season began.

Note: The above figures show the proportion of individuals who visit the focal advertiser’s website in the week before
(left column) and after (right column) the beginning of the 2015 MLB season, separately for the treatment and control
groups. Figure (a) plots the numbers for the overall sample, and figures (b) and (c) show the same for markets above and
below the median in MLB popularity, respectively. The plots show that while the treatment effect is insignificant the
week before the MLB start, it becomes significant in the week after. The difference is mainly occurring in the markets
where MLB is more popular.

7.3 Interaction with age

Memory researchers have long studied the variation in the functioning of memory with age (Light,
1991). One relevant and widely recognized implication occurring within the age range of our sample is
that an individual’s ability to form associations between bits of information declines with age, which
leads to a decline in episodic memory (e.g., Old and Naveh-Benjamin, 2008).13 In our context, age
might affect the impact of advertising in strengthening the association between the advertiser and the
auto insurance category. If this association is less likely to be remembered, the long term effects of
advertising could be lower for older individuals. We examine this implication in our data.

We have age information for 232,750 individuals, and we split our sample at the median.'*

Table 7 shows the immediate and longer term effects of our experimental advertising across younger
and older individuals. We first note that in the control group, both younger and older individuals visit
the website with similar likelihoods on the experiment day. However, the pattern of advertising effects

is strikingly different. On the day of the experiment, the treatment effect is significantly higher for

the older sample, while the longer term effect is higher for the younger sample. This variation in the

130n this point, Old and Naveh-Benjamin (2008) note that “a major contributor to older adults’ deficiencies in episodic
memory is their relative inability to form and retrieve links among single bits of information.”

14The average ages of sub-samples below and above the median are 43 and 67 respectively. The psychology literature
on aging effects, for example, Old and Naveh-Benjamin (2008), consider a sample of younger and older individuals to
have average ages of 35 and 60, respectively. Hence, the variation in age in our sample is comparable to theirs.
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treatment effect over time is consistent with the notion that association between the advertiser and the
auto insurance category is stronger for the younger sample, which leads to higher longer term effects.

Overall, our data patterns are consistent with the predictions of a memory-based mechanism.

Table 7: Examining the effect of pre-experiment competitive advertising.

(1) (2) (3) (4)
Visit on experiment day Visits in two months after the experiment
Age below median Age above median Age below median  Age above median

Treatment 0.0044 0.0081 0.0088 0.0030
(0.0004) (0.0004) (0.0031) (0.0028)

Constant 0.0024 0.0020 0.0810 0.0703
(0.0003) (0.0003) (0.0027) (0.0024)

Observations 118,932 113,818 118,932 113,818

Notes: We split the sample into individuals who are above or below the median age. The table presents
regressions of visits to the focal advertiser on the treatment assignment: columns (1) and (2) use as dependent
variable visits on the experiment day while columns (3) and (4) do so for the two months post experiment day.
The table shows that while younger and older cohorts have similar visits in the control group, their visits differ
in the treatment group. The older group has a larger effect on the day of the experiment but their longer-term
effect is undetectable. Robust standard errors are shown in parentheses. Coefficients are bolded to indicate
statistical significance at the 5% level.

8 Model estimation and its implications

Researchers often analyze the impact of information exposure through the lens of a consumer demand
model. In this section, we do so with our model. We specify an empirical version of the memory-
based model presented in section 2 and calibrate it using our experiment dataset. We then compare
its in- and out-of-sample predictions with our empirical findings, as well as the predictions of flexible
specifications of the standard ad stock model to assess the predictive gains from incorporating the
psychology theory of memory. Overall, this comparison below shows that the memory-based model
uniquely predicts the directions of important effects and fits the data better despite being relatively

parsimonious.

8.1 Model Setup

We include data from the day of the experiment and the day after for the purpose of this calibration.
Also, we include two firms, our experimental advertiser, denoted as P, and a similar-sized competitor,
denoted as G. Our goal is to predict the probability of each consumer in our sample visiting P’s and
G’s websites on the experiment day (¢ = 0) and on the next day (¢ = 1). Each individual ¢ has a
treatment status D;, which is 1 if 7 is assigned to the experiment’s treatment group, and 0 otherwise.
Following the notation from section 2, P;; and G;; represent the strengths of association between the
auto insurance purchase context and P and G, respectively, in i’s memory at the start of day ¢. For

simplicity, we assume P;y = G;o = 1 for all ¢, which is consistent with P and G being similar in their
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traffic in the pre-experimental data. The Pr(Visit J | Drawing J) = « for J € {P, G}.
We assume our experimental banner is the only ad available in these two periods. Every treatment

group individual is exposed to the banner, and none of the control group individuals are.

8.1.1 Likelihood of the observed data

Given our model’s memory draw process, memory recalls are correlated across brands, so we consider
their joint probability. The detailed working of the model estimation is presented in Appendix F. We
present a summary here.

The distribution of recalls and website visits for P and G on day 0 depend on the treatment
assignment, and the parameters represented by 6, which includes the following: the increase in memory
strength from each draw (r), the survival rate of memory strength (J, with 1—¢ as the daily depreciation
rate), the probability of forgetting the auto insurance category when a consumer did not see any ads
(¢), the probability of visiting a brand after recalling it is assumed to be a constant, denoted by «.

Recalls on day 1 are a function of the parameters, along with the outcomes of day 0. The choices
of website visits are, in turn, a function of recalls. Hence, the likelihood of observing visits to websites

is given by:

=

L(0) = | | Pr (Predicted visits = Observed visits | D;, Pio, Gio; 0)

1

.
Il

o

&
Il
-

[Pr (Predicted visitsyg = Observed visitsg | D;, Pio, Gio; 0)

x Pr (Predicted visits; = Observed visits; | D;, Pio, Gio, Day 0 visits; 0)]
We estimate the parameter values, éML, that maximize this likelihood. The precision of our
estimates is given by:

Var(6) = [~H (1)) !

where H(0y1) is the Hessian of the likelihood evaluated at .

8.2 Estimation Results and Implications

Table 8 shows our estimates and confidence intervals. As expected, the model estimates suggest
that recalling a brand significantly increases its association with the auto insurance purchase context,
relative to the baseline strength of one. About 45% of the strength of association survives to the next
day. The estimates also indicate that fewer than 1% of the individuals who recall the brand actually
visit its website, which is consistent with the data presented earlier.

Based on these estimates, we predict six important moments to assess the alignment of our model
predictions with the empirical findings. This includes four in-sample moments: 71 to 74, representing

the experimental assignment’s treatment effects on advertiser and competitor visits on the experimental
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Table 8: Estimation Result of Memory Interference model, Advertiser and A Top Competitor

Parameter Description Estimate
[95% Confidence Interval]
r The increase in memory strength from each draw 1.9113
[1.5627,2.3375]
) The survival rate of memory strength 0.4580
[0.2500, 0.6817]
10} The probability of forgetting the auto insurance category 0.6444
[0.6206, 0.6675]
@ The probability of visiting a brand conditional on recalling it 0.0076

0.0073, 0.0080]

Note: This table presents the point estimates and confidence intervals for the parameters of the memory interference
model. Our estimation used relevant data of two firms: the advertiser in our experiment and a top competitor. To ensure
that the parameters satisfy the boundary conditions (r > 0, § € [0,1], ¢ € [0,1], a € [0,1]), we estimate a transformed
version of these parameters (e.g. we estimate the free parameter 7 where r = exp (7)). We transformed the estimated 7
and its confidence interval back to the original parameters.

and the next day. They also include two out-of-sample moments that capture the interaction between
the treatment effect and past advertising: 75 represents the impact of an increase in past exposure to
the focal advertiser’s ads on the treatment effect observed on the same day; 7¢ measures the impact
of past exposure to competitor’s ads on the treatment effect for the advertiser on the experiment day.

We denote model M’s prediction of the effect of the experimental assignment on visits to j’s website

on day t as:

AM(P,G) = Visit), (D = 1, P,G) — Visit, (D = 0, P, G), (4)

~ M
where Visit;, is the average of the predicted likelihood of visit to j at time ¢ across our sample, given
the arguments. Based on this, the four in-sample moments mentioned above can be calculated as

follows:

= AY(1,1

(
= Ay (1,1

(

(

73t =AY (1,1
,f.i\/[ = A%{l 171

To predict the interaction with past advertising, 75, we assume that the consumer viewed a focal
advertiser’s ad on a randomly chosen day in the week prior to the experiment.'® We predict 7¢ in a
similar manner, except that it involves a competitor’s ad instead of the focal advertiser’s.

The results of the predictions are shown in column (2) in Table 9 and compared with the empir-
ical findings in Section 6. For all statistically significant moments, the memory interference model

successfully predicts the signs, and the magnitudes of the effects are similar.

151f the pre-experiment ad exposure occurred at day s, we assume that the memory strengths P and G equal to 1 prior
to s. The memory strengths update on s as per the model parameters and carry over to the experiment day. Hence,
AM ST AY 0 (PAd on s:GAd on s)—A¥ o (1,1)
5 = 7

an ad impression at s.

, where Paqg on s, GAd on s represent the memory strengths on day 0 given
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Table 9: Comparing Empirical Findings and Predictions of The Memory Interference Model

(1) (2)

Prediction of

Moment Description Empirical Finding Memory Interference
Model

In-sample Moments

T day 0 treatment effect on advertiser visits 0.0057 0.0059

T2 day 0 treatment effect on competitor visits ~1.9x 1074 2.46 x 1074

T3 day 1 treatment effect on advertiser visits 6.97 x 1074 6.95 x 1074

T4 day 1 treatment effect on competitor visits —-8.62 x 1074 —6.81 x 1074

Out-of-sample Moments
Ts Past advertiser ads effect on 71 —4.4x104 —1.45 x 1074
Te Past competitor ads effect on 7 3.8 x10°% 1.38 x 10~

Note: This table compares the empirical findings and our model’s predictions of six important moments: 71 through 7¢.
The empirical estimates for 71 through 74 are obtained by regressing whether an individual visited the firm j or not on
day t on the treatment status, controlling for DMA fixed effects.

The empirical estimates for 75 and 7¢ are obtained by regressing whether an individual visited the advertiser P or not
on the day ¢ on the treatment status, the treatment status interacted with P’s TV advertising in the month before the
experiment, and the treatment status interacted with G’s TV advertising in the month before the experiment. The
coefficient on the first interaction gives the empirical estimate of 75, and the coefficient on the second interaction gives
the empirical estimate of 7. We show the estimates from the interaction of treatment with TV ads in the past month
to match the previously shown estimates; our analysis shows that the effect is mainly driven by TV ads received in the
previous week.

This table shows that the memory interference model correctly predicts the signs and magnitudes of all five statistically
significant moments in our data. Coefficients are bolded to indicate statistical significance at the 5% level.

8.3 Predictive Gains Relative to Alternative Models

We consider alternative models to assess the predictive gains from using our model. As a benchmark,
we focus on flexible specifications of the standard ad stock model. We estimate each of these models
using the same data, and assess their fit in terms of log-likelihood and their predictions for the six

moments mentioned above.

8.3.1 Ad stock models

The main idea here is that advertising exposure builds an advertising “stock” for each product option.

Individual 4’s utility from visiting j’s (j € {P, G}) website is given by:

Uijt = a + b1Sije + baSi— sy + €ijt (6)

where a is the baseline utility, b; is the marginal contribution of a firm’s ad stock on consumer
utility, by is the marginal contribution of competitor’s ad stock on consumer utility, €;;; is individual-
brand-day utility shock which is i.i.d., following the Extreme Value Type-I distribution. Individual ¢
visits j’s website at ¢ if and only if u;;; > 0. This allows for the possibility of a consumer visiting
multiple brands’ websites.

Stock Sij¢ is updated as follows:

Sijt1) = d - Sijp + Di - {t =0, j = P}, (7)
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meaning that the ad stock is built by the experimental ad exposure captured by D;. The initial
memory strengths are set to Sijo = So.

Using the same data as above in section 8.2, we apply a maximum likelihood method detailed in
Appendix F to estimate the five parameters: the baseline utility a, the marginal utilities from ad stock
b1, ba, the ad stock survival rate d, and initial stock Sp.

We also consider a constrained version of this model by restricting So = 1 to keep the number of

model parameters the same as the memory-based model.

8.3.2 Results of Model Estimates

Table 10: A Comparison with Predictions of Alternative Models

(1) Empirical ~ (2) Ad Stock Model (3) Ad Stock Model (4) Memory Model

Finding (4-parameters) (5-parameters) (4-parameters)
Log likelihood -24837 -24837 -24811
In-sample Moments
Ty 0.0057 0.0056 0.0057 0.0059
Ty -1.9x 1074 —7.89 x 107° 4.70 x 106 2.46 x 1074
T3 6.97 x 10~ 7.05 x 107 7.23 x 1074 6.95 x 1074
7 —~8.62x 107% —1.59 x 1075 9.60 x 1077 —6.81 x 1074
Out-of-sample Moments
T —4.4x1074 8.52 x 1074 7.59 x 10~ —1.45 x 1074
T6 3.8x10°4 —2.09 x 107° 1.10 x 1076 1.38 x 10~%

Note: This table compares different models’ predictions of six important moments: 71 through 7¢ and examines how well
they match the empirical findings. We compare our memory model with 4 parameters in column (4) with the Ad Stock
model with 4 parameters in column (2) and the Ad Stock model with 5 parameters in column (3). The results show
that among these alternative models, our model is the only one that correctly predicts the signs of the five statistically
significant in- and out-of-sample moments in our data. Coeflicients are bolded to indicate statistical significance at the
5% level.

The results of the predictions from the considered models are shown in Table 10. In terms of the
log-likelihood, the advertising stock models are worse at fitting our data relative to the memory model,
even when the memory model has fewer parameters. This results from the inability of the ad stock
model to justify the ad’s “next-day effect” on competitors being lower than the “same-day effect”.
This is consistent with our discussion in section 6.3.

As for the out-of-sample moments, none of the alternative models can predict their signs correctly.
Unlike the memory based model, they predict that the past advertising by the advertiser would increase
the impact of the experimental campaign, which contradicts our empirical findings.

Overall, this analysis shows the predictive gains from using the memory-based model relative to

the standard estimation frameworks in empirical research.

9 Conclusion

A consumer’s decisions depend on the information recall during decision making. This aspect is non-

trivial but often overlooked. This paper suggests a method to incorporate this factor into frameworks
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for assessing consumer decisions. We build a model based on the fundamental principles of cognitive
psychology to explain how advertising influences consumer behavior. We evaluate this model’s implica-
tions in the context of auto insurance, an industry with some of the highest advertising spending in the
US, despite being regulated and comprising old, well-known brands. Using unique data from multiple
sources merged with a randomized field experiment we provide evidence for competitive interference
and other unique implications of our model. Overall, we demonstrate significant predictive gains from
adopting the psychology-based model. Our model offers a framework for understanding the impact
of repeated exposure to the same information on consumer decision-making. Future research can use

this framework to understand prevalent advertising patterns and evaluate their welfare effects.
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A Relation with SAM Model

We discuss the similarities between our model and the Search of Associated Memory model (Raaijmak-
ers and Shiffrin, 1980), from which it is inspired. The SAM model has been used to explain memory
recall in controlled lab environments, we extend it to consumer decision-making in the field. In brief,
the SAM model conceptualizes the memory as a system comprising a short- and long-term storage,
analogous to the architecture of computer memory. The salient memory images are in the short term
storage (STS) whereas the long-term storage (LTS) contains all the known memory images in the form
of a linked associative network.

Memories may get drawn into the STS through external contextual events, for example, someone
talking about auto insurance. If the external environment is the same, the likelihood of drawing
and, in our context, a person thinking about auto insurance remains the same. Our model reflects
this aspect through a parameter ¢ that reflects the individual’s likelihood of drawing auto insurance
related memories through external contextual changes. Recall to STS in SAM can also occur through
contagious recall based on what is already present in the STS: salience of the purchase occasion in
the STS may lead to draw of associated product options. This aspect is consistent with our memory
drawing process. The strengths of association between memories that are recalled to the STS at the
same time gets stronger, which is a manifestation of the classical rehearsal effect in psychology. Our
model incorporates this through an increase in association strength between a brand and the purchase

context when the brand gets recalled.

B Consumer’s path to the auto insurance websites

To assess the importance of brand recall in the context of auto insurance purchase, we conducted

multiple analyses.

Google Trends We use publicly available data on Google Trends (trends.google.com) to examine
the number of brand searches on Google, in which the user types in the name of the company relative
to other search keywords, which may signify consumers selecting from a list of options. Figure 9
shows that more people searched for “geico” relative to generic keywords such as “auto insurance” and
“car insurance”, supporting the notion that consumers do use their own recall for navigating to auto

insurance company websites.

comScore data analysis of buyers We also analyze the percentage of buyers who visit auto-
insurance websites by recalling the brand. Specifically, we analyze consumer shopping sessions - defined
as the days when consumers made a purchase from our focal advertiser - and explore the role that brand
recall plays on their arrival to the website. We distinguish consumers by whether they arrive at the
website directly, searching for the particular brand on Google, or generally searching for auto-insurance

and clicking through a result. The results are shown in Table 11.
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Figure 9: Google trends data: comparisons of searches for the term “Geico” vs. “auto insurance”.

For this purpose we use comScore data that reports all url visits and searches conducted by a
panel of millions of users. Based on the click-stream data, we obtain the days that consumers made
a purchase. We then determine the first visit the buyer made to the website, and see if this visit is
initiated by a search; and if so, we document the associated search keywords.

The tricky part is that even if consumers didn’t arrive through searches, they could be arriving from
other websites (e.g., aggregators). We assume consumers to be typing the brand’s website directly if
the first page is the website’s home page (e.g., www.geico.com).

Based on this exercise, around 29% of consumers who purchased an auto-insurance product from
our focal advertiser arrived either directly or by searching for the advertiser in a major search engine.

This indicates that brand recall plays a significant role in attracting auto-insurance customers.

Table 11: 2015 Traffic Sources for Our Focal Auto-Insurance Advertiser

\ # of observations % of observations

Focal Advertiser’s buyers 1,119

Arrived directly 221 19.75%
Arrived from searching the advertiser’s brand name 103 9.20%
Arrived from other search keywords 38 3.40%
Arrived from other sources 757 67.65%

One concern with the validity of these estimates is the potential inaccuracy in the number of
consumers who arrived directly. To validate our procedure, we compared the estimated results with
the actual numbers using the 2019 comScore data, which is the first year when information from
referring webpages was recorded by comScore. Therefore, for 2019 data we know the actual number
of individuals who arrived directly to the auto-insurance website.

Based on our comparison using 2019 data, we conclude that our estimate of the percentage of direct
arrivals is conservative. While our method estimates 10.98% of 2019 buyers being direct arrivals, the
actual number is 49.52%. This indicates that our estimate above is likely to be a lower bound on the

importance of brand recall in driving the traffic of online customers.
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C Predictions of the Ad-stock model

In most applications of the ad-stock model advertising is added to the utility up; = f(Sp:), where
Syt is firm J's ad stock at time ¢. The stock builds as Sj; = j; + dSj—1 where j; is the number
of ad impressions at time ¢t and 0 < d < 1 is the rate at which the stock decays. In the standard

implementation f takes a logit form and the likelihood of the consumer choosing P is

Pr(P) = f(p: + 0Spi—1,9: +9Sci—-1)

_ exp(a1 + B1Spt)
1+ exp(a1 + f1Spt) + exp(az + B25a1)’

where 51,ﬂ2 > 0.
Effect of P’s advertising at time ¢ is

af B1exp(ar + B1Sp) Bi (exp(a1 + B1Spe))’

Opr  1+exp(ar + B1Spt) + exp(as + BaSat) (1 +exp(ar + B1Spr) + exp(as + B2Sct))?
— B PH(P)(1 — Pr(P))

How does this effect of p; change with G’s past advertising?

0% f 9 f 5
aptaSGt,1 a 5‘pt55Gt
0
= 61 (1 = Px(P) — PH(P)) o

=01 (1 —2Pr(P)) ( —exp(ar + B15pt) B2 exp(az + B2Sat) >

(14 exp(ar + B1Sp:) + exp(ag + S25at))?
— 55 (1 — 2P(P)) Pr(P) Pr(@),

which is negative unless Pr(P) > 1/2. This is unlikely in a setting like auto insurance in which no
firm dominates, hence past competitor advertising would be predicted to decrease a firm’s advertising

effect.

D Identifying customers

In this section, we explain how we identify whether an individual in our sample is a customer of our
focal advertiser or one of its competitors. Since we only observe browsing URLs in the experimental
dataset, we infer customer status by examining keywords within the URLs of the web pages they
visit. For example, keywords such as “service”, “login”, or “my account”, suggest that the individual
is interacting with a customer portal rather than browsing as a non-customer. We identified these
keywords based on their frequent use in customer portals across multiple insurance providers, indicating

areas where users typically log in to access services.
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To verify our inference, we manually visit the most visited URLs to determine if they redirect to a
login page. This indicates that login credentials are required, supporting the notion that the individual
is an existing customer. For example, the URL “service.geico.com/insite/iEntry” is frequently visited
by participants for the brand Geico. Visiting this URL manually redirects us to a login page, suggesting
that it is a customer interaction portal for Geico users. When a URL does not direct us to a login
page, we do not consider its visitors as customers.

In addition to identifying existing customers, we classify visitors as potential new customers when
they visit pages associated with obtaining quotes. We consider a page to be associated with quotes
if the URL contains keywords such as “quote” or “sales”, which suggest interest in purchasing a new
policy rather than servicing an existing one. We manually visited these pages to check if they redirected
to obtaining quotes. If they did, we used the associated keywords for the brand to identify potential
customers.

In Table 12, we summarize the keywords that help identify individuals as existing or potential
customers based on their browsing URLs. Using this keyword mapping, we classify individuals in
our sample as existing or potential customers of top auto insurers. Our approach is deliberately
conservative to ensure higher precision in classification: we limit our analysis to keywords found within

the top ten most frequently visited URLs.

Table 12: Keywords and Webpages That Identify Existing and Potential Consumers

Brand Visited by the brand’s customer Visited by the brand’s potential customer
Progressive servicing, service, login, myaccess, claim progressivedirect.com
Geico service, login, policy quote, sales
Allstate policy, myaccount, myportal quote
Statefarm login, service, claim, login, renewal quote
Nationwide myaccount, login quote
Liberty Mutual service, login, home quote
Farmers service, login quote
Esurance policy, login, customer, payment quote
AAA home, login, service, payment quote

Notes: We use comScore data to examine the urls visited by customers of top auto insurance companies to find words
in the urls that identify customers using the procedure explained in Appendix section D.

E Advertising Carryover Effects

E.1 Advertiser’s Carryover

What is the effect of advertising on the following day visits for the advertiser?
On the next day, call it day 1, the consumer needs to invoke the auto insurance, which occurs due
to exogenous events, regardless of any day 0 advertising. To visit the advertiser, the consumer also

needs to draw it from memory.
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The likelihood of visiting P’s website on the next day is

Visit} = Pr(Recalling the context) x Pr(Drawing P|Context being salient)x Pr(Visiting P|Drawing P)

=a x (1 — ¢) x Pr(Drawing P at 1|P;, G1),

assuming the notation from section 2; the likelihood of visiting P given a draw is «; P, (G are the
strength of memory associations at the beginning of day 1. Assuming no advertising on day 1, P;
and G depend on the draws (pg, go) made on day 0. On day 0, the consumer may not think of auto
insurance, and if he does, he stops at getting two draws of a brand. So, the combination (pg, go) can

take five different values: (0,0);(0,2);(1,2);(2,0);(2,1). Hence, we can rewrite

Visitp = a x (1 — @) x Z Pr(po,go) x  Pr(Drawing P at 1|pg, go)

{po,g0} Weight Dependence of draw at ¢t on draws at t-1

So the effect of advertising at time 0 on visits at time 1 is

AVisitp = a(l — ¢) Z [Pr(po, go|P Ad at 0) — Pr(po, go|No ad at 0)] Pr(Drawing P at 1|po, go)
{po,g0}

Change in weight

In other words, advertising changes the weights taken by the five states of (pg, go) at time 1.

Since advertising at time 0 causes the consumer to draw P, it forces pg # 0. Hence, it decreases
the weights on the states (0,0) and (0, 2), where P was not drawn, and shifts it to other states (2,0),
(2,1) and (1,2) where there is at least one draw of P. Note that because Pr(Drawing P at 1|pg, go) is
lowest in (0,2) among all five states, a shift away from (0, 2) always benefits the advertiser at time 1.
However, a shift away from (0,0) does not necessarily do so (e.g., if P’s day 0 ad makes the consumer
draw G twice). A shift away from (0,0) is more harmful to the advertiser carryover effect as Gy
decreases. However, as Gy decreases, the weights on states (0, 2), (1,2), (2,1) do not change much due
to day 0 advertising which mitigates this effect. Overall, the advertiser benefits at time 1 from time 0
advertising.

In Figure 10, we illustrate this with specific parameter values from the structural estimation'®. For
Py = 10 and Gy from 1 to 50, we examine how advertising changes the weights of five states in (a),
and the probability of drawing P given each of these five states in (b). (a) shows that P’s advertising
at time 0 increases the probability of consumers recalling P at time 0, and decreases the probability
of consumers not recalling P: the weights on the states (0,0) and (0,2) decrease while the weights
on other states (2,0), (2,1) and (1,2) increase. (b) shows that (0,2) always leads to the smallest
probability of drawing P compared to other states, and (2,0) always leads to the highest probability
of drawing P. (0,0) can lead to a higher probability of drawing P compared to (1,2) and (2,1) as

Go decreases, but this is mitigated by the weight changes: we can see in (a) that as Go decreases, the

16We use a = 0.0076, ¢ = 0.64, § = 0.46, r = 1.91.
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weight of (0, 0) shifts more to (2,0) instead of (1,2) or (2,1).
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(c) Advertiser carryover effect

Figure 10: Decomposing the carryover effect on advertiser visits

To comprehensively examine the positivity of the carryover effects, we numerically check for the
lowest value taken by the carryover effects within a wide range of parameters. Since a > 0 is a common
multiplier, we set &« = 1 without loss of generality. We restrict ¢ and § to be between 0 and 1, and we
restrict Py, G, and r to be greater than 0.

To ensure a global minimum is reached, we randomly sample 100 starting points within these ranges
and find the minimum carryover effect for each using the quasi-newton method. This approach reduces
the risk of convergence to local minima. The carryover effect is globally minimized at —5+ 1077, which
is effectively 0 within the machine precision limits.!”

This analysis supports that the advertiser’s carryover from day 0 advertising is positive.

E.2 Dynamic effect on the competitor

What is the effect of advertising on the day 1 visits for the competitor?

17The parameter values that minimize the carryover effect are: ¢ = 0.4849, § = 0.6889, r = 0.0199, Py = 1.3122 % 104,
Go = 0.0272.
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Following the same line of thinking as above, on day 1, the consumer needs to invoke the auto
insurance category, draw competitor in their memory, and visit the competitor conditional on drawing.

The likelihood of visiting G’s website on the next day can be written as

Visitg, = a x (1 — ¢) x Z Pr(po, go) x Pr(Draw G at 1|pg, go)-
{Po,g0}

So the effect of advertising at time 0 on competitor visit at time 1 is

AVisity, = a x (1 — ¢) x Z [Pr(po, go|P Ad at 0) — Pr(pg, go|No ad at 0)] Pr(Draw G at 1|po, go)

{po,g0}

Advertising changes the weights taken by the five states of (po, go). It decreases the weights on the
states (0,0) and (0,2), where P was not drawn, and shifts them to other states (2,0), (2,1) and
(1,2). Note that the state (2,0) is the worst for the competitor, and the weight shift to this state is
zero when Gy is low, so the competitor faces a smaller negative effect when Gy is low. The negative
impact gets more intense as G increases from a low value. However, as Gy gets large, the difference
between the competitive outcomes at various states is small, so the negative carryover is small. Still,
the competitor loses on day 1 from day 0 advertising even though this loss varies depending on initial
memory strengths.

In Figure 11, we illustrate this with specific parameter values from the structural estimation'®.
For Py = 10 and Gg from 1 to 50, we examine how advertising changes the weights of five states in
(a), and the probability of drawing G given each of these five states in (b). (a) is the same as Figure
11 (a): treatment decreases the weights on the states (0,0) and (0,2) and increases the weights on
states (2,0), (2,1) and (1,2). (b) shows that as Gy decreases, a shift from (0,0) to (2,0) is always
harmful for the carryover effect, and the size of this is maximized at intermediate level of Gy. As
Go decreases, a shift from (0,0) to (2,1) or (1,2) becomes more harmful. This is mitigated by the
decreasing weight-shifting from (0, 0) to (2,1) or (1,2) as Gy decreases.

To comprehensively examine the negativity of the carryover effects, we numerically check for the
highest value taken by the carryover effects within a wide range of parameters. Since o > 0 is a
common multiplier, we set « = 1 without loss of generality. We restrict ¢ and J to be between 0
and 1, and we restrict Py, Gg, and r to be greater than 0. To ensure a global maximum is reached,
we randomly sample 100 starting points within these ranges and find the minimum carryover effect
for each. The carryover effect is globally maximized at 6 * 1078, which is effectively 0 within the
machine’s precision limits. '°

This analysis supports the notion that the carryover on the competitor is negative.

18We use a = 0.0076, ¢ = 0.64, § = 0.46, r = 1.91.
19The parameter values that minimize the carryover effect are: ¢ = 0.9970, § = 0.7830, » = 0.0000, Py = 0.0562,
Go = 1.6047 10,
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E.3 Competitor’s contemporaneous effect

Note that even though the competitor carryover is negative, the competitor effect on day 0 can be

positive. The likelihood of visiting G’s website on day 0 is

Visity, = Pr(Recalling context) x Pr(Drawing G | Recalling context) x Pr(Visit G|Drawing G).

So, the effect of advertising at time 0 on competitor visits at time 0 is

AVisit, = [Pr(Draw G at 0 | P Adg) — Pr(Draw G at 0 | No P Adg)] x Pr(Visit G | Draw G)
=a X [h(Go, Py + 7") — (1 — ¢) [h(Go, P()) + h(Po, Go)h(GQ,Po + ’I“)]] .

In a scenario where the consumer always forgets the category (¢ = 1) in the absence of ads, he
will not visit any auto-insurance brand without advertising. In this scenario, when the advertiser
advertises, the consumer will visit the competitor with a positive probability, resulting in a positive
day 0 effect on competitor visits. In contrast, in a scenario where the category is always salient to
the consumer (¢ = 0), advertising does not benefit the competitor and instead reduces the likelihood
of recalling it, leading to a negative day 0 effect on competitor visits. When ¢ = 0, AVisitOG =
—h(Go, Po)h(Py + 7,Go), which is always negative and decreases in magnitude as Gy increases. This

implies that the negative effect is small for a large competitor.

F Details on Model Working and Estimation

This section provides details to the model estimation presented in section 8.

F.1 Memory Model Setup
F.1.1 Drawing Brands From Memory

Here we discuss how consumers draw brands from their memory in our model depending on ad exposure.
Based on this analysis, we obtain the probability distribution of consumer memory strengths given
their ad exposure.

Each day ¢, consumer 7 updates his memory strengths based on the brands he draws. When exposed
to advertising, he recalls the auto-insurance purchase context; when not exposed to any ads, he forgets
about the purchase context with probability ¢. Once the consumer recalls the purchase context, he
draws brands from memory. Following the assumption in section 2, we assume consumers stop drawing
brands from their memory as soon as they retrieve a brand that has been drawn before.

If a consumer recalls one brand, the memory strength of that brand increases by r, which reduces

the probability that the consumer recalls others. Therefore, the probability of recalling one brand and
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the probability of recalling others are correlated, so we need to consider the joint probability.

Given our stopping rule, there are 5 possible combinations of recalls: we use (R;p:, Rigt) to denote
the combinations, where each element takes the value of 0, 1, or 2. One and only one out of these
values gets to take the value of 2, since the consumer stops retrieving more brands once he recalls the
same brand twice.

The matrix in Table 13 shows the probability distribution of (R;p:, Rigt) given each possible ad
exposure combination (A;p¢, A;gt). Each row of the matrix sums up to 1. In the context of our
experiment, each consumer’s ad exposure can be expressed by (A;pt, Aigt) = (D; - 1{t = 0},0), where

1{t = 0} indicates the day of the experiment.

Table 13: The Probability Distribution of Recalling P and G Conditional on Ad Exposure

Aipt, Aige {Rpt, Rt}
{2,1} {1,2} {2,0} {0,2} {0,0}
{1,1} h(P +7,Gi+1) WGy +1r, P +r) 0 0 0
{1,0} MG, Pe+r)h(Pr+7,Ge+71)  h(Ge, P+ 7)h(Gy + 1, P+ 1) WP +7,Gt) 0 0
{0,1} WP, Gy +1)W(P; +7,Gy+71)  h(Py, Gy +7r)h(Gy +1, P+ 1) 0 MGy + 1, Py) 0
(1 —@)h(P+r, Gy + 1) (1—)h(Gy+ 1, P+ 1) (1-9) (1—9¢)-
{0,0} (h( Py, Ge)M(Gy, P+ 1)+ (W(Gy, P)W(Py, Gy + 1)+ @
h(G1. PAB(P. Gy + 1) (W(Pe GGy Pt ry) PO COMPAT G MG PING )

Notes: For each possible ad exposure combination (A;p¢, Aige), the table shows the probability distribution of
(Ript, Rigt)-

Take Pr(2,1 | 1,0) for an example: since (R;pt, Rigt) = (2,1), (Aipt, Aige) = (1,0), the second
row, first column shows the probability of consumer 7 recalling P twice and recalling G once conditional
on consumer i being exposed to P’s advertising and not exposed to G’s advertising. As i is exposed to
ads from P but not G, he recalls P with certainty. After recalling P, his association between purchase
context and P increases by r, leading to memory strengths (G, P; + ). At this point, the stopping
rule is unsatisfied, so he draws a brand from memory. With probability h(P; + r, G;), he draws brand
P; with probability h(Gt, Py + r), he draws brand G. In the former case, he draws P for the second
time, which satisfies the stopping rule, so he stops drawing. In the latter case, he continues to draw
another brand from memory. His memory strength between the purchase context and G increases by
r, leading to memory strength (Gy + r, P, + r). In the next draw, the probability that he draws G is
h(G¢ + r, P, + 1), while the probability that he draws P is h(P; + r,G; + ). In either of these cases,
he is drawing a brand that he has drawn before, so he stops drawing. Based on this, we can calculate

the probability of drawing P twice and drawing G once conditional on seeing P’s ad but not G’s ad:

Pr ( (Ript, Rict) = (2,1) | (Aipe, Aice) = (1,0) ) = WGy, P, +7) - h(Py +1,Gy + 1) (8)

The path of recalls given (A;pt, Aigt) = (1,0) is shown in Figure 12. Based on the analysis above,

we obtain the conditional probability distribution of consumer recalls given their ad exposure.

45



Saw P’s Ad, but not G’s Ad
Memory Strength: (P, Gy)

Recall P
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Memory Strength: (P + 27, Gy)
(Ript, Rigt) = (2,0)

Recall G
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|
| |

Probability Probability
h(Pt+T,Gt+T) h(Gt—FT,Pt-i-T)
Recall P again, stops drawing Recall G again, stops drawing
Memory Strength: (P, +2r,Gy +r) Memory Strength: (G¢ +r, P, + 2r)
(Ript, Rict) = (2,1) (Ript, Rict) = (1,2)

Figure 12: The Path of Recalls for (A;p¢, Aigt) = (1,0)

Note: This figure shows the paths of consumer recalls when consumer is exposed to P’s advertising but not G’s advertising
on day t. Specifically, we illustrate consumer’s sequence of recalls, the probability associated with each path of recall,
and the resulting memory strengths and times of recalls.
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F.1.2 Visiting Brands Based on Recalls

After the consumer stops recalling brands from memory, he decides whether to visit them or not. He
can only visit the brands that he successfully recalls.

For simplicity, we assume 1) consumers visit a brand that they recall with a fixed probability «,
which is an outcome of the trade-off discussed in section 2; 2) the conditional probability of visiting
one brand given recalls is independent of the conditional probability of visiting another brand given
recalls. Specifically, using ¢;;; to represent the model’s prediction on whether ¢ visits brand j at day

t, we have:

Pr(Cije, Ci—jye Rijes Ri(—jye) =Pr(Cije| Rije, Ri(—jye) - Pr(Cs—j)el Rije, Ri—j)e) (9)

for j € P,G.
The probability that consumer 7 visits brand j or not at day ¢ only depends on whether he recalls

j. For j € P,G, the probability is given by:

o ife=1y>1

R l—a ifz=0y>1
Pr(éiji = z|Riji =y, Ri(—jye) = (10)

0 ife=1y=0

1 ifx=0,y=0

F.1.3 Updating Memory Strength

At the end of each period, each consumer’s memory strengths between the purchase category and the
brands change.

To ensure that the h(:,-) function is well-behaved (the sum of the two entries can’t be 0), we
assume that the memory strengths for each brand is at least 1 in the estimation version of the model.
A consumer’s memory strengths at the start of time ¢ depend on the number of recalls of this brand
in the past, how each retrieval increases the memory strengths (r) and how the effect of past retrievals

decay over time (with a survival rate of ¢):

1 ift=0
Py = -1
1+ Z(RipzT(St_Z) ift>1
2=0 (11)
1 ift=0
Git = i1
1+ (Rigerd'™) ift>1
z=0

The following equation gives how the next period’s memory strength is updated depends on the

current period’s memory strengths:
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(Pi(t—i-l)7 Gi(t+1)) =Py —1)+7r0-Ript + 1,6(Git — 1) + 15 - Rige + 1) (12)

F.2 Likelihood-based Estimation of the Memory Model

Based on the model above, we calculate the joint probability of consumers visiting P and G. We then
maximize the likelihood of our observed consumer visits based on the set of parameters 6, including the
following: the increase in memory strength from each draw (r), the survival rate of memory strength
(6, with 1 — § as the depreciation rate), the probability of forgetting the auto insurance category
when a consumer did not see any ads (¢), the probability of visiting a brand after recalling it ().
We use {¢ijt}i—{0,1},je{P,c} tO represent actual consumer visits we observe in the data, in contrast to

{€ijt}e={0,1},je{p,c} predicted by our model. The likelihood function is given by:

N

L(6) = HPr({éijt}te{O,l},jE{P,G} = {cijebreqonr.je(r.ay | Dis {Aiji}e={0,1},j=(p,c}> Pio; Gio; 0)
i=1

F.2.1 Decomposing The Likelihood Function

The likelihood function can be decomposed into the likelihood of experiment day visits and the con-

ditional likelihood of the next-day visits:

N
L(6) ZHPT({éijo}je{P,G} = {cijo}jeqp,ay | Dis{Aijo}j=1p,cy, Pio, Gio; 0) %

=1

N
HPY({éijl}je{P,G} = {ciji}jeqr.ay | {cijo}ierp.ays Dis {Aijt 1=10,1},j={P,c:}> Pio, Gio; 6)

i=1
F.2.2 Conditional Likelihood of Day 1 Visits

Calculating the likelihood of day 0 visits is straightforward. Calculating the likelihood of day 1 visits
is trickier since the likelihood is conditional on day 0 visits. To obtain day 1 likelihood, we need
consumers’ day 1 memory strengths, which depend on consumers’ day 0 recalls of brands. Although
we do not observe consumer recalls, we observe day 0 visits, which allows us to update the probability
distribution of day 0 recalls.

We can derive the conditional probability of day 0 recalls using the Bayes’ Rule.

Pr({Rijo}je(p,ay, {cijo}jera)

> Pr({{Rijo}je(r.cy-{cijo}jerc)
{{Rijo}jetr.ay}

Pr({RijO}je{P,G} | {cijO}jEP,G) =

where {{Rijo}je(p,c}} is the set of all possible combinations of R given in Table 13.

‘We now have all the elements we need to calculate the likelihood function.
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F.3 Estimates of the Alternative Models

We present here the estimates of the parameters for the alternative models discussed in section 8.
Tables 14 and 15 show the parameter estimates of the ad stock model specifications with four and five

parameters, respectively.

Table 14: Estimation Result of 4-Parameter Ad Stock Model, Advertiser and A Top Competitor

Parameter Description Estimate
[95% Confidence Interval]
a The Baseline Utility -1.8917
[—1.9119, —1.8714]
b1 The Marginal Utility of Own Brand’s Ad Stock 0.2458
[0.2344,0.2573]
b The Marginal Utility of Competitor Brand’s Ad Stock -0.0066
[—0.0216,0.0084]
d The Surviving Rate of Ad Stock Per Period 0.2534

[0.1839, 0.3382]

Note: This table presents the point estimates and confidence intervals for the parameters of the 4-parameter ad stock
model. Our estimation used relevant data of two firms: the advertiser in our experiment and a top competitor (same
as the data used for estimation in Table 8). To ensure that the parameters satisfy the boundary condition d € [0, 1],
exp (d)
exp (d)+1"
the estimates d and its confidence interval back to the original parameter d. The results show that advertising increases
consumer utility of the advertised brand. While there is no detectable effect of advertising on consumer utility of
competitors, the sign is overall negative. At each period, around 25% of the ad stock in the previous period is retained.

we estimate a transformed version of parameter d. We estimate parameter d such that d = We transformed

Table 15: Estimation Result of 5-Parameter Ad Stock Model, Advertiser and A Top Competitor

Parameter Description Estimate
[95% Confidence Interval]
a The Baseline Utility -1.8886
[—1.9092, —1.8681]
b1 The Marginal Utility of Own Brand’s Ad Stock 0.2526
[0.2327,0.2725]
ba The Marginal Utility of Competitor Brand’s Ad Stock 0.0004
[—0.0221, 0.0228]
d The Surviving Rate of Ad Stock Per Period 0.2511
[0.1839,0.3327]
So The Initial Ad Stock 0.8015

[0.4546,1.4128]

Note: This table presents the point estimates and confidence intervals for the parameters of the 5-parameter ad stock
model. Our estimation used relevant data of two firms: the advertiser in our experiment and a top competitor (same
as the data used for estimation in Table 8). To ensure that the parameters satisfy the boundary condition (d € [0, 1],
So > 0), we estimate a transformed version of these parameters. We then transformed the estimates and their confidence
interval back to the original parameters. The results show that advertising increases consumer utility of the advertised
brand, and there is no effect of advertising on consumer utility of competitors. At each period, around 25% of the ad
stock in the previous period is retained.
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Table 16: Effect of Treatment on visits to any auto insurance company’s website at different times.

(1) (2) 3) (4) (5) (6)
Before Day of Experiment Month after Month 2 after Month 3 after Month 4 afterf
Treatment  -0.0004598 0.006006 0.003627 -0.003538 -0.002499 0.0001245
(0.0041) (0.000467) (0.003328) (0.00301) (0.002944) (0.001737)
Intercept 0.2977 0.01025 0.2166 0.1765 0.1689 0.08133
(0.003536) (0.0003797) (0.002867)  (0.002622)  0.1689 (0.002562)  (0.001502)
N 326,952 326,952 326,952 326,952 326,952 326,952

Notes: Each column represents a regression of the dependent variable — the count of unique days an individual visited any auto
insurance company’s website during the specified time interval — on an indicator variable for assignment to the treatment group.
Multiple visits by an individual to a website on the same day are counted as a single visit. Robust standard errors are shown in
parentheses. Coefficients are bolded to indicate statistical significance at the 5% level.

T Month 4 after the experiment is partially observed in the data window.
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