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Abstract. We investigate the relationship between both advertising content and quantity
and several stages of consumers’ decision making, namely, unaided and aided awareness,
consideration, and purchase. Understanding how the amount and content of advertise-
ments affect consumers’ decisionmaking is crucial for companies to effectively and efficient-
ly use their advertising budgets. Spanning a time period from 2010 to 2016, we combine a
unique data set on TV advertising content and quantities with individual-level data contain-
ing information on purchases, consideration and awareness sets, demographic variables,
and perceived prices. Our results reveal that advertising quantity significantly increases
consumer (unaided and aided) awareness but has no effect on conditional consideration
and conditional purchase. However, when investigating the relationship between different
types of advertising content and purchase stages, we find a more nuanced set of results: ad-
vertising only containing noninformational content increases unaided awareness, whereas
advertising only containing informational content increases aided awareness. Advertising
with both informational and noninformational content affects shoppers’ but not nonshop-
pers’ awareness and the awareness of other groups of involved consumers.
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1. Introduction
Companies spend millions, and in some cases even bil-
lions, of dollars to advertise their products to consumers.
Given the large amounts spent on advertising, the ques-
tion of how well the money is spent, that is, how effec-
tive advertising spending is in influencing consumers’
purchase behavior, is obviously a very important one to
marketing managers. Numerous studies in both market-
ing and economics have provided answers to this ques-
tion for various products and industries.1 However, an-
other crucial but much less investigated question is
whether the content of ads matters, that is, whether the
effects of advertising vary across different types of con-
tent or whether it only matters that companies advertise?
Little is known about the answer to this key question.

Marketing managers (often together with an adver-
tising agency) must decide what to communicate to
consumers in their ads. On the one hand, product-
related content might be more useful to consumers dur-
ing the purchase process as it informs them about rele-
vant product attributes. On the other hand, given the
abundance of ads consumers encounter every day, ads
must catch consumers’ attention and be memorable to be

effective. It is an empirical question which advertising
content (or a combination of different advertising con-
tents) affects consumers. Furthermore, the effects of ad-
vertising content might vary depending on consumers’
stage in the purchase process. For example, early on,
attention-catching andmemorable content might be more
important, whereas later, closer to the actual purchase,
product-related information might be more relevant. It is
critical for marketing managers to know how advertising
content affects each stage of consumers’ purchase process
so that they can choose the advertising content that is
most effective in achieving their marketing goal.

Much of the difficulty in quantifying the effects of
advertising content stems from a lack of data on adver-
tising content especially for nondigital advertising, for
example, TV advertising or direct mail. Previous re-
search on nondigital advertising content has therefore
mostly investigated a small number of easily identifi-
able or manipulatable aspects of content, such as men-
tion of a competitor, photo of an attractive woman, or a
call for action (Bertrand et al. 2010, Liaukonyte et al.
2015, Anderson et al. 2016). In this paper, we set out to
conduct a systematic and comprehensive empirical
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analysis of the effects of the main aspects of advertising
content on consumers’ purchase process.

Because of the unavailability of canned data on adver-
tising content, we acquired data on TV advertising quan-
tities and the corresponding creatives, that is, files con-
taining the TV commercials, for the U.S. auto insurance
industry between 2010 and 2016 from Kantar. We then
hired a team of research assistants who watched the ads
and recorded the content. More specifically, research as-
sistants recorded the presence or absence of content on
prices, nonprice product features, brand name focus,2

and content with emotional appeal. Following previous
literature (e.g., Resnik and Stern 1977, Lee et al. 2018), we
classify price-related and (nonprice) product feature-
related content as “informational,” that is, transmitting
information about the product and its characteristics to
consumers, and brand name focused and emotionally
appealing content as “noninformational,” that is, not
containing information about the product and its charac-
teristics. Next, we classify all ads into one of three types:
advertising only containing noninformational content,
advertising only containing informational content, and
advertising containing both informational and noninfor-
mational content.

We then use these data on advertising quantities and
advertising content to investigate how both factors influ-
ence each stage of consumers’ purchase process, that is,
awareness, consideration, and purchase.3 Our data on
consumers’ purchase process come from J.D. Power and
Associates’ annual screener surveys and annual
“Insurance Shopping Studies” conducted between 2010
and 2016. These surveys provide us with information on
shoppers’ and nonshoppers’ unaided and aided aware-
ness sets, consideration sets, and purchase decisions.4

Additionally, we also know the survey and shopping
months, have location and demographic information, in-
formation on the identity of the previous insurance pro-
vider, and categorical information on insurance premia.5

We employ a set of linear probability models in our
empirical analysis utilizing two approaches: a basic
specification that consists of fixed effects regressions,
controls for observables, and only uses within-variation
and the border strategy suggested by Shapiro (2018).
The basic specification addresses endogeneity concerns
due to targeting, global unobservables, and time-
invariant, brand-specific local unobservables.6 The bor-
der strategy addresses endogeneity concerns due to
targeting, global unobservables, and time-varying,
brand-specific local unobservables, that is, a broader
range of unobservables. However, the border strategy
can only be empirically implemented for consumers liv-
ing at designated market area (DMA) borders, that is,
a subsample of the available data; it only uses local
variation to identify the effects of advertising, whereas
the basic specification can be estimated using data on

consumers living anywhere in DMAs and uses total,
that is, local and national, variation in advertising.

We discuss, in depth, the assumptions that are neces-
sary for a causal interpretation of the advertising quanti-
ty and advertising content results and provide empirical
evidence for their validity where possible. Because the
analysis of advertising content requires an additional as-
sumption for causal interpretation and this additional
assumption is not empirically verifiable in our data, we
interpret our results for advertising content as correla-
tional. Although our data do not allow for a fully con-
clusive result on causality, our results are in line with
causal patterns found by previous literature. We also
compare the results from the basic specification and the
border strategy and present findings supporting the
conclusion that it is important to address endogeneity
concerns due to time-varying, brand-specific local unob-
servables in our empirical context. And lastly, we show
evidence for the interpretation that the advertising ef-
fects found using the border strategy and only consum-
ers who live at DMA borders can be generalized to the
whole population for the auto insurance industry.

Our results reveal that advertising intensity affects
consumers’ (unaided and aided) awareness, but has in-
significant effects on conditional consideration and con-
ditional purchase. These findings are consistentwith pri-
or literature (e.g., Honka et al. 2017). However, when
estimating the separate effects of different types of ad-
vertising content, that is, ads with only informational
content, ads with only noninformational content, and
ads with both informational and noninformational con-
tent, we find a more nuanced set of results: advertising
only containing noninformational content increases un-
aided awareness, whereas advertising only containing
informational content increases aided awareness. We do
not find significant effects of advertising containing both
informational and noninformational content. Next, be-
cause many companies spend a significant portion of
their budgets on advertising with both informational
and noninformational content, we investigate whether
this type of advertising significantly affects certain
groups of consumers. We find it to increase shoppers’
unaided awareness and the awareness of other groups
of relatively involved consumers, such high-risk con-
sumers or consumers with a change in their family or
policy circumstances.

The contribution of this paper is two-fold: First, we
provide new insights on advertising content. Because
of very limited data availability, systematic, large-
scale research especially on nondigital advertising
content is scarce. We overcome this challenge by cre-
ating our own data set containing information on the
main aspects of advertising content for the auto insur-
ance industry for a time period of seven years. And
second, we estimate the effects of advertising on each
stage of the consumers’ purchase process.
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Understanding how both the amount and content of
advertisements affect each stage of consumers’ deci-
sion making is crucial for companies to effectively and
efficiently use their advertising budgets. We show
that advertising primarily affects consumer awareness
and that advertising content matters. Our results con-
tribute to managers’ and researchers’ knowledge of
how advertising influences consumers.

The remainder of this paper is organized as follows:
In the next section, we review the relevant literature.
In Section 3, we discuss advertising endogeneity con-
cerns and our identification approach. We describe
our data in the following section. In Section 5, we in-
troduce our models and estimation approach. In the
following two sections, we discuss our results and
present robustness checks. In Section 8, we examine
limitations of our work and opportunities for future
research. And, finally, we conclude in Section 9.

2. Relevant Literature
Our paper is related to three streams of literature on ad-
vertising, consumers’ limited information, and demand
for financial services. In the following, we review the
relevant literature and delineate the positioning of our
research vis-à-vis the findings from extant research.

Empirical researchers have long tried to determine
the role(s) advertising plays in consumers’ decision
making. Most work has focused on finding empirical
evidence for the informative or persuasive view of ad-
vertising first developed by Chamberlin (1933) (e.g.,
Ackerberg 2001, Ackerberg 2003, Narayanan et al.
2005, Ching and Ishihara 2012, Chan et al. 2013, Lovett
and Staelin 2016).7 Our focus is on financial services
and, more specifically, on auto insurance. There is little
academic research that investigates the precise way
through which advertising affects consumer demand
for financial products. Gurun et al. (2016) and Hastings
et al. (2017) explore the effects of advertising in the
subprime mortgage and social security markets, re-
spectively; but neither of these studies can distinguish
whether advertising affects awareness and/or consid-
eration/purchase because of data limitations.

Most closely related to our paper is Honka et al.
(2017) who investigate the role of advertising in the re-
tail banking industry. However, our paper differs
from theirs in several respects: First, the questions
both papers can and do answer are different. Honka
et al. (2017) find that advertising plays a primarily in-
formative role by informing consumers about the exis-
tence of banks. They use their results to quantify
branch-advertising substitutability and to analyze the
competitive effects of advertising in the retail banking
industry. Although we also study whether advertising
affects awareness and/or consideration/purchase in
the auto insurance industry, we focus on investigating

the relationship between different types of advertising
content and the stages of consumers’ purchase pro-
cess. Further, we study whether advertising content
has heterogeneous effects across different consumer
groups. And second, to answer the respective research
questions, the empirical approaches are different.
Whereas Honka et al. (2017) develop a structural mod-
el and address the issue of advertising endogeneity
using the control function approach, we use reduced-
form modeling and the regression discontinuity ap-
proach to address advertising endogeneity.8

The majority of the empirical literature on advertis-
ing content investigates the effects of specific informa-
tional cues on consumers’ purchase decisions (e.g.,
Bertrand et al. 2010, Liaukonyte et al. 2015, Tucker
2015, Anderson et al. 2016, Sahni et al. 2018). For exam-
ple, Bertrand et al. (2010) conduct a direct mail field ex-
periment and find that showing fewer sample loans or
including a photo of an attractive woman increases the
demand for loans. They conclude that advertising con-
tent persuades by appealing “peripherally” to intui-
tion rather than to reason. Liaukonyte et al. (2015) are
closest to our paper in that they also investigate four
content pieces, albeit different ones (action focus, infor-
mation focus, emotion focus, imagery focus).

Zooming in on financial services, there is a handful
of papers that investigate how different types of adver-
tising content (together with advertising quantity) af-
fect consumer demand in this industry. Using data
from Sweden, Cronqvist (2006) finds that only a small
fraction of advertisements for funds is informational in
the sense that the ads contain information on relevant
product characteristics. Nevertheless, he finds that ad-
vertising affects investors’ choices even though it pro-
vides little information. Agarwal and Ambrose (2018)
use data on home equity credit choices from direct
mail and walk-in customers and find noninformational
content to influence consumer choices. Gurun et al.
(2016) analyze consumers’ borrowing behavior in the
context of subprime mortgages. They find that initial/
introductory rates are frequently and prominently ad-
vertised, whereas reset rates and other characteristics
of mortgages or lenders are rarely advertised. Further,
Gurun et al. (2016) show that expensiveness and ad-
vertising intensity of a lender within a market are posi-
tively correlated and conclude that their results are
consistent with the persuasive view of advertising.
And lastly, Mullainathan et al. (2008) investigate
whether predictions from their theoretical model of
the role of advertising in the mutual funds industry
are consistent with empirical patterns. They analyze
the content of ads from two business magazines and
find that the inclusion of past returns data are used to
frame mutual fund investing as grabbing an opportu-
nity rather than as hiring advice. The results from
these four papers are broadly consistent with a
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persuasive role of advertising, that is, advertising
mostly not containing information on product charac-
teristics but nevertheless affecting consumer choice.
However, what these four papers implicitly assume is
that consumers have full information in the sense that
they know that all these financial institutions operate
in the marketplace. Whereas we use data on advertis-
ing content and quantity as do the previous papers,
what distinguishes our paper from theirs is that we
have information on consumers’ awareness and con-
sideration sets allowing us to relax the full information
assumption made by previous literature.

3. Advertising Endogeneity and
Identification

Advertising endogeneity is a well-known concern
when estimating the effects of advertising on demand
(see, e.g., Allenby and Rossi 2019). Its cause is omitted
variables, that is, variables that are not observed in the
data but are correlated with brands’ advertising deci-
sions (see, e.g., Angrist and Pischke 2009). Advertising
endogeneity is a concern for the estimation of effects
of both advertising quantity and advertising content.
In this paper, our empirical strategy to tackle endoge-
neity concerns makes use of our unique and rich data:
we estimate linear probability models with a large
number of fixed effects (see, e.g., Wooldridge 2001)
and also utilize the border strategy (Shapiro 2018).
The idea behind the fixed effects approach is to parti-
tion the variation in advertising into that which is
“clean” and that which is not and only use the clean
portion of variation to estimate the effect of advertis-
ing (see Allenby and Rossi 2019).

Before we delve into the examination of endogene-
ity, we quickly introduce our four advertising meas-
ures to simplify the subsequent discussion: advertis-
ing quantity is operationalized as the logarithm of
total, that is, national and DMA-level, TV advertising
spending per household by brand, DMA, and month.
This operationalization serves as a gross rating point
approximation (Shapiro 2018). Our three measures of
advertising content, that is, ad types, are the loga-
rithms of total TV advertising spending per house-
hold by brand, DMA, and month on (i) ads with only
informational content, (ii) ads with only noninforma-
tional content, and (iii) ads with both informational
and noninformational content.

We discuss two specifications in the following. The
first specification (basic specification) tackles the fol-
lowing types of endogeneity: targeting (based on ob-
servables); global unobservables; and time-invariant,
brand-specific local unobservables. The second speci-
fication (border strategy) additionally addresses time-
varying, brand-specific local unobservables.

3.1. Basic Specification
3.1.1. Targeting Based on Observables. Many brands
target specific groups of consumers with their adver-
tising. For example, a brand might want to advertise
more to younger consumers and communicate to them
that the brand (product) is priced inexpensively. That
is, targeting influences brands’ advertising decisions
regarding both advertising quantity and advertising
content. Brands’ targeting rules are a classic example
of unobservables in marketing—we do not observe
them in our data either. If we were to observe brands’
targeting rules and condition on them in the empirical
analysis, the endogeneity concerns related to targeting
would be resolved given the conditional independence
assumption (e.g., Cameron and Trivedi 2005).

As mentioned, although we do not observe brands’
targeting rules in our data, we observe a large number
of consumer demographics (age, gender, education, in-
come, past accidents, shopping for other insurance
products, time spent online). We define different
groups of consumers based on demographics and esti-
mate fixed effects for these groups.9 As long as brands’
targeting rules are based on these demographics, the
demographic fixed effects address endogeneity con-
cerns related to targeting (Wooldridge 2001). However,
the demographic fixed effects cannot address all endo-
geneity concerns related to targeting. For example,
they cannot address endogeneity concerns due to tar-
geting based on expected higher lift.

More specifically, in our basic specification, we es-
timate brand-demographics-year and online-brand-
demographics-year fixed effects. Online is a dummy
variable that indicates whether a consumer spent an
above-median amount of time online (compared with
other individuals in our data). First, note that we esti-
mate a different set of demographic fixed effects for
each brand, that is, our estimation approach allows for
brands to target different demographic groups of con-
sumers. Second, note that we estimate a different set of
fixed effects for each calendar year, that is, our estima-
tion approach allows for brands to adjust the demo-
graphic groups they target on an annual basis. Third,
we also estimate separate sets of fixed effects for con-
sumers who spend a lot of time online, that is, our esti-
mation approach allows for consumers who spend a
lot of time online to be exposed more to online adver-
tising (and potentially differently affected by it) com-
pared with consumers who do not spend a lot of time
online. We conclude that by including brand-demo-
graphics-year and online-brand-demographics-year
fixed effects, our base model is immune to targeting
based on observable demographics.

3.1.2. Time-Invariant, Brand-Specific Local Unobserv-
ables. Brands might also make advertising decisions
based on unobservables at the brand-market level
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leading to endogeneity concerns. For example, a
brand might advertise more in DMAs close to its
headquarters and also emphasize its local roots in the
ads. We can address endogeneity concerns stemming
from such time-invariant, brand-specific local unob-
servables by incorporating brand-DMA fixed effects
(see, e.g., Cunningham 2020).

3.1.3. Global Unobservables. Note that brand fixed ef-
fects, year fixed effects, and brand-year fixed effects
are subsumed in the brand-demographics-year and
online-brand-demographics-year fixed effects. That is,
any omitted variables that are global, that is, specific
to the brand, to the year, and to the brand-year, are
conditioned on through the fixed effects. To keep the
discussion simple, in the remainder of this subsection,
we only refer to brand fixed effects even though we
technically estimate brand-demographics-year and
online-brand-demographics-year fixed effects in the
empirical analysis.

Suppose brand X always spends, on average, three
times more on advertising than brand Y during the
study period. Brand fixed effects control for that differ-
ence in average advertising quantity levels between the
two brands and only within-brand variation is used to
estimate the effect of advertising quantity. To put it dif-
ferently, the within-brand variation in advertising quan-
tity is assumed to be clean allowing for a causal interpre-
tation of the coefficient estimate as the average
treatment effect (ATE; see, e.g., Allenby and Rossi 2019).

For the analysis of advertising content, we similarly
assume that the within-brand variation in spending on

a type of advertising is clean and use it in the estima-
tion. However, for the analysis of advertising content, a
second issue arises: not all brands employ all three
types of advertising in their ads during the study peri-
od. That is, some brands use all three types of advertis-
ing, whereas others only use one or two types of adver-
tising and the employed types of advertising in some
cases also vary over time. We show the combinations
of advertising types each brand utilizes in Table 1. The
letters A, B, and C abbreviate each of the three advertis-
ing types (A, only informational; B, only noninforma-
tional; C, both informational and noninformational)
and a checkmark symbolizes that a specific combina-
tion of advertising types was used by a brand during
at least one brand-year, that is, a brand can have more
than one checkmark if it utilized different combinations
of advertising types in different years.10

Ideally, we would like all brands to only have a
checkmark in the column “A, B, and C” (or the utilized
advertising type(s) be randomly distributed). The real-
ity presented in Table 1 is that nine brands employ all
three advertising types simultaneously in at least one
year, however, not necessarily in all years. A tenth
brand employs all three advertising types during the
study period but not simultaneously in one year. On
the other end of the spectrum, four brands (21st Centu-
ry, Erie, Safeco, and USAA) only employ one type of
advertising throughout the whole study period. Al-
though there are more brands that employ one type of
advertising during at least one year, these brands also
employ at least one different advertising type in other
years. Note that 21st Century, Erie, Safeco, and USAA

Table 1. Summary of Combinations of Advertising Types

Brand A B C A and B A and C B and C A, B, and C

21st Century �

AAA �

Allstate �

American Family � �

Amica Mutual � � � �

Auto Owners � �

Erie �

Esurance � � �

Farmers � � �

Geico � � �

Hartford � � �

Liberty Mutual � � �

Mercury � � �

MetLife � �

Nationwide � � � �

Progressive � � �

Safeco �

State Farm � �

Travelers � � �

USAA �

Note. �, Combination of advertising types employed in at least one brand-year; A, advertising with only
informational content; B, advertising with only noninformational content; C, advertising with both
informational and noninformational content.
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are relatively small insurance brands. Their joint
spending on advertising during the study period only
represents 1% of advertising spending among the 21
brands under study.

It is an open question why some brands only use one
or two types of advertising, whereas others use all three
types of advertising and why the employed advertising
types vary over time in some cases. In a recent working
paper, Honka and Tsai (2019) examine 17 types of adver-
tising content from the auto insurance industry over a
time period of 15 years. Consistent with the picture pre-
sented in Table 1, using multivariate analysis of variance
(MANOVA), they find that most of the variation in ad-
vertising content is driven by brand followed by time and
media channel. Furthermore, Honka and Tsai (2019) also
find that brands react to environmental conditions. For
example, brands includedmore price-related information
in ads during the Great Recession. During the 2000s,
brands employed relatively more fear-inducing content
(warning consumers not to buy auto insurance over the
internet), whereas during the 2010s brands employed
more funny/entertaining content.

We also investigated whether changes in advertising
content over time are related to changes in advertising
agencies (lead creative agencies) and found little evi-
dence for it. Table A-1 in Web Appendix A displays in-
formation on insurance brands’ lead creative agencies
(and changes thereof) during the study period for the
brands for which we were able to find this information.
We mostly miss information on creative agencies for
smaller insurance brands that do not spend a lot on TV
advertising. Overall, relationships between insurance
brands and creative agencies are long lived. In Table 1,
we see that 14 out of the 20 brands changed the adver-
tising type or combination of advertising types at least
once during the study period. However, we only ob-
serve three changes in lead creative agencies: American
Family changed its agency in 2014, and there were no
changes in employed advertising types following the
switch. Liberty Mutual changed its agency in 2014, and
the mix of employed advertising types changed starting
in 2015. Travelers changed its agency in 2015. However,
starting in 2014, Travelers had stopped advertising auto
insurance on TV. Thus, we conclude that we do not
find evidence that changes in advertising content are
systematically related to changes in ad agencies. Note
that this does not imply that brands do not change ad-
vertising campaigns. Rather, it implies that that the
communicated content does not significantly change
even if the delivery, that is, creative design, changes.

The concern with brands not using all types of adver-
tising is selection, that is, brands might choose to utilize
the advertising type(s) that are most effective for them.
In principle, brand fixed effects control for differences
in employed advertising types across brands. However,
we are interested in measuring the average treatment

effect for the auto insurance industry, that is, across all
brands. If a brand does not use a type of advertising,
there is no within-brand variation in spending on that
type of advertising and the brand does not contribute
to the estimation of the average effect of that type of ad-
vertising. To put it differently, the average is calculated
only across brands that actually employ an advertising
type. To be able to make causal claims for the effects of
advertising content for all brands, that is, interpret the
coefficient estimates as ATEs, the following additional
assumption is required:

Assumption 1. The within-brand variation in a type of
advertising is the same for a brand that employs this type of
advertising and a brand that does not (if it were to use it).

That is, we do not employ an econometric technique
to address this potential selection concern. Assumption 1
holds if brands do not base their decisions which ad-
vertising content to communicate on its effectiveness in
affecting consumers’ immediate purchase decisions.
This might be the case if advertising content is chosen
based on other considerations, such as (long-term)
brand image, design updates, or production costs. Al-
though we provide suggestive empirical evidence for
the validity of Assumption 1 in Section 6.2, we are not
able to provide conclusive evidence with our data.11 To
be cautious, we therefore interpret our results for adver-
tising content as correlational. Finally, in Section 6.6, we
discuss that our results for advertising content are in
line with causal patterns found by previous literature.

3.1.4. Identification and Interpretation of Basic Specifi-
cation. If the fixed effects and controls discussed in
Sections 3.1.1–3.1.3 are included in the empirical anal-
ysis, the estimation is immune to endogeneity stem-
ming from targeting; global unobservables; and time-
invariant, brand-specific local unobservables. If these
are the only sources of endogeneity the researcher is
concerned about, the estimated effect of advertising
quantity is causal (see, e.g., Angrist and Pischke 2009).
For a causal interpretation of the advertising content
results, Assumption 1 must additionally hold. If As-
sumption 1 does not hold for an analysis of advertis-
ing content, the estimated effects should be inter-
preted as correlational. Because we are not able to
provide conclusive evidence for the validity of As-
sumption 1 in our data, we will interpret the empirical
results for advertising content as correlational.

The effects of advertising are identified by variation
in total advertising, that is, both variation in national
and variation in local advertising contribute to the iden-
tification of the advertising effects. In addition, through
its functional form, the logarithmic operationalization
of the advertising variables also contributes to the iden-
tification of the advertising effects.
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To summarize, the basic specification is immune to
targeting based on demographics, global unobservables
and endogeneity due to time-invariant, brand-specific
local unobservables. Only within-brand-demographic-
year, within-online-brand-demographic-year, and with-
in-brand-DMA variation is used to identify the effects of
advertising quantity and advertising content. The identi-
fying variation stems from variation in total advertising,
that is, both variation in national and variation in local
advertising contribute to the identification of the adver-
tising effects. The effects of advertising quantity can be
interpreted as ATEs if the researcher is only concerned
about endogeneity due to targeting, global unobserv-
ables, and endogeneity due to time-invariant, brand-spe-
cific local unobservables. For a causal interpretation of
the effects of advertising content, Assumption 1 must
additionally hold. Because we are not able to provide
conclusive evidence for the validity of Assumption 1 in
our data, we will interpret the empirical results for ad-
vertising content as correlational.

3.2. Border Strategy
In some instances, including brand-DMA fixed effects
might not be enough to eliminate endogeneity

concerns due to local omitted variables. This is the
case when brands make advertising decisions based
on unobservables at the brand-market level that vary
over time. Such time-varying local “events” include
sponsorships of local sports teams or festivals and
changes in the focal brand’s or competitive brands’ lo-
cal agent network (i.e., openings and closings of agen-
cies). They can also include changes in the communi-
cated content. For example, sponsorships usually only
show the brand name and a brand might place more
price-related ads because of the opening of a competi-
tor’s new local office.

Shapiro (2018) suggests using the regression discon-
tinuity approach to address endogeneity concerns due
to time-varying, brand-specific local unobservables.12

We start by briefly describing the main idea of the re-
gression discontinuity approach using advertising
quantity. Figure 1 shows an example of two DMAs in
Texas—Austin and San Antonio (in light grey and
dark grey, respectively). Note that the border between
these two DMAs does not—as they do not for most
DMAs—coincide with state borders. Rather, historical-
ly, DMAs were centered around a large city or a metro-
politan area. The border strategy to deal with

Figure 1. Example of Border Strategy: Austin and San Antonio DMAs
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advertising endogeneity considers the six counties di-
rectly adjacent to the DMA border belonging to the
Austin DMA (in light grey) and the six counties direct-
ly adjacent to the DMA border belonging to the San
Antonio DMA (in dark grey) as two treatment groups
in every month. Although consumers living on differ-
ent sides of the DMA border are similar, they are being
treated with different amounts of advertising. The ad-
vertising effect can be identified by comparing how
consumers living in the two groups of border counties
react differently to differences in advertising quantities.
Two types of fixed effects are crucial for the imple-
mentation of the regression discontinuity approach:
brand-border-DMA and brand-border-month fixed ef-
fects. The former controls for persistent differences
across different border regions; the latter captures
unobserved, time-varying brand-border-region-specific
variables.

The intuition for the identification of the advertising
content effects is the same as the intuition for the identifi-
cation of the advertising quantity effect using the regres-
sion discontinuity approach: consumers living on differ-
ent sides of a DMA border are similar but being treated
with different amounts of a specific advertising type.13

Therefore, the effect of that specific advertising type can
be identified by comparing how consumers living in the
two groups of border counties react differently to differ-
ences in spending on that advertising type.

The border strategy requires the following assump-
tion to hold for a causal interpretation of the results:

Assumption 2. Individuals on both sides of a DMA bor-
der are similar.

Recall that we control for differences in demo-
graphics by estimating brand-demographics-year and
online-brand-demographics-year fixed effects. Thus,
in our empirical analysis, we assume that individuals
on both sides of a DMA border are similar after con-
trolling for demographics. If the researcher is con-
cerned about targeting, global unobservables, and
time-varying, brand-specific local unobservables and
Assumption 2 holds (Assumptions 1 and 2 hold), the
estimated effects of advertising quantity (advertising
content) using the border strategy are causal. Other-
wise, the effects should be interpreted as correlational.
As pointed out in Section 3.1.3, because we are not
able to provide conclusive evidence for the validity of
Assumption 1, we will interpret our results for adver-
tising content as correlational.

In the border strategy, the effects of advertising are
identified by variation in local advertising. National ad-
vertising also contributes to the identification of the ef-
fects of advertising but only through functional form,
that is, through the logarithmic operationalization of
the advertising variables. Ideally, we would like to esti-
mate the overall effect of advertising and not only of

local advertising. Such an interpretation of the advertis-
ing effects estimated using the border strategy rests on
the following (composite) assumption:

Assumption 3. (a) Advertising affects consumers living
in border and nonborder counties similarly; (b) national ad-
vertising affects consumers in a similar manner as local ad-
vertising; and (c) the national advertising content composi-
tion is similar to the local advertising content composition.

With regard to Assumption 3(a), it is an open ques-
tion whether consumer preferences and especially sen-
sitivity to advertising are the same among consumers
living in DMA border counties compared with all con-
sumers living in DMAs. Thus, using the border strate-
gy, a “local” average treatment effect is estimated and
its generalizability to the whole population requires
additional analyses and/or discussion (see Shapiro
2018, Tuchman 2019). We present empirical evidence
for the generalizability of the advertising effects in
Section 6.1. Regarding Assumption 3(b), it is important
to note that insurance brands use the same creatives to
advertise nationally and locally. The most common
way that ads are “localized” is that a local agent’s con-
tact details are shown at the end of a commercial.14

Further, consumers are unaware which advertising
was purchased nationally versus locally. Lastly, with
regard to Assumption 3(c), we calculated the correla-
tion based on the distance covariance and find it to
equal 0.79 (p < 0.001) indicating a strong and close re-
lationship in the national and local content composi-
tions (see, e.g., Josse and Holmes 2016).15 Thus, we
find evidence in support of Assumption 3 (b) and (c)
and present evidence in support of Assumption 3(a) in
Section 6.1.

Geographic variation, that is, across-DMA-border
variation, in our advertising quantity and advertising
content variables within a brand and month is crucial
for estimation. To put it differently, we need disconti-
nuities in all four advertising measures at DMA bor-
ders to be able to identify the effects of advertising.
Furthermore, because our data span a time period of
seven years, we also need variation in the discontinu-
ities in the four advertising measures over time, that
is, across months. We present descriptive evidence
that our data on advertising quantity and advertising
content contain a sufficient amount of such variation
in Web Appendix C.

And lastly, although the border strategy tackles the
issue of time-varying, brand-specific local unobserv-
ables, it comes at a cost: the effects of advertising can
only be estimated using a subsample of the data (con-
sumers living at the borders of DMAs). This raises
power concerns that are a well-known issue in the es-
timation of advertising effects (Lewis and Rao 2015).
We discuss whether this is an issue in our empirical
analysis in Section 6.1.
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To summarize, the specification discussed in this sec-
tion is immune to targeting based on demographics,
global unobservables, and endogeneity due to time-
varying, brand-specific local unobservables. Within a
brand-demographic-year and an online-brand-demo-
graphic-year, the effects of advertising are identified by
how consumers living across a DMA border react dif-
ferently to differences in advertising quantity and ad-
vertising content. The identifying variation stems from
variation in local advertising, and national advertising
contributes to the identification through functional
form. If the researcher is concerned about targeting,
global unobservables, and time-varying, brand-specific
local unobservables and Assumption 2 holds (Assump-
tions 1 and 2 hold), the estimated effect of advertising
quantity (advertising content) using the border strategy
are causal. Otherwise, the effects should be interpreted
as correlational. We will interpret the effects of adver-
tising quantity as causal and the effects of advertising
content as correlational. If Assumption 3 holds, the esti-
mated effects using the border strategy can be inter-
preted as the overall effects of advertising quantity and
advertising content. Otherwise, they should be inter-
preted as local effects.

4. Data
We combine data from two sources to investigate the
relationship between advertising and each stage of the
consumers’ purchase process. Our data on advertising
come from Kantar. Kantar tracks TV advertising ex-
penditures (in dollars and units) at the national and
DMA level. We have monthly data from 2010 to 2016.
Additionally, Kantar supplied us with the creatives,
that is, the files containing the TV commercials.

Our second data come from J.D. Power and Associ-
ates who generously shared data from their annual
screener surveys and annual “Insurance Shopping
Studies” covering consumer behavior from 2010 to
2016. The data sets contain individual-level informa-
tion on consumers’ awareness and consideration sets,
the identity of the purchased option, the identity of
the previous insurance provider, location and demo-
graphic information, survey and shopping months,
perceived categorical price information for shoppers,
and representativeness weights.16

4.1. Data Processing
4.1.1. Advertising Content. We have all ads, that is,
creatives, placed by auto insurance companies on TV
between 2010 and 2016 (both in Spanish and English),
that is, 2,965 unique creatives across 21 auto insur-
ance brands.

To code the content of these creatives, we hired a
team of 25 student research assistants during an
18-month time period.17 These research assistants were

trained to code whether a creative (i) talked about pri-
ces/rates/discounts, (ii) conveyed (nonprice) product
feature information, (iii) focused on the brand name,
(iv) had emotional appeal (i.e., humorous/funny/enter-
taining and/or fear-inducing).We developed these four
content types based on previous literature (e.g., Resnik
and Stern 1977, Stern et al. 1981) and taking the charac-
teristics of the auto insurance industry into account. A
detailed description of each content type with examples
is shown in Web Appendix B. Note that creatives can
contain more than one piece of content, for example,
price-related and emotionally appealing content.

The training of the research assistants was con-
ducted as follows: first, research assistants were
screened for language skills (English and Spanish)
and basic knowledge of the auto insurance market be-
fore employment. Then research assistants received a
document containing a written description of each
content type and a set of 20 creatives that they coded
on their own. Afterward, they met with one of the au-
thors to discuss their coding decisions and to resolve
other uncertainties. After this meeting, research assis-
tants started coding creatives.

Each creative was independently coded by at least
three research assistants, and we use majority coding
across the three research assistants for each creative in
the analysis. Fleiss’ kappa is a measure of interrater
agreement in coding. Figure 2 shows a histogram of
Fleiss’ kappas for the coded creatives across the three
research assistants. The average value is 0.68 with a
median of 0.70 indicating substantial agreement.

To ensure that only reliably coded ads are em-
ployed, we removed all creatives with Fleiss’ kappa
smaller than 0.4 and control for spending on ads with
missing content in the empirical analysis.

4.1.2. Screener Surveys and Insurance Shopping
Studies. The screener surveys conducted by J.D. Power
and Associates between 2010 and 2016 provide

Figure 2. Histogram of Fleiss’Kappas (Median � 0.70 and
Mean � 0.68)
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information on a large number of nonshoppers (on aver-
age, 15,000 individuals annually). Nonshoppers are con-
sumers who were not actively shopping for auto insur-
ance during a particular year. From these screener
surveys, we have information on nonshoppers’ unaided
and aided awareness sets and their current insurance pro-
vider.18 Each year, J.D. Power and Associates also con-
duct Insurance Shopping Studies surveying about
10,000 individuals annually. From these Insurance
Shopping Studies, we have information on shoppers’
unaided and aided awareness sets, consideration sets,
and purchase decisions. Additionally, we also have lo-
cation and demographic information for all consum-
ers, that is, shoppers and nonshoppers, survey and
shopping months, and information on the identity of
the previous insurance provider. And lastly, for shop-
pers, we also have categorical information on insur-
ance premia. It is important to note that both the
screener surveys and the Insurance Shopping Studies
contain repeated cross-sections of consumers and not a
panel of consumers.

The original data contain information on 360,182 indi-
viduals with valid Federal Information Processing Stan-
dard (FIPS) codes (108,942 shoppers and 251,240 non-
shoppers). Unfortunately, detailed location information
(beyond the state) was not available for respondents
from the 2011 Insurance Shopping Study and the 2014
screener survey so these respondents were dropped. In
our empirical analysis, we restrict the sample to re-
spondents living in the top 130 DMAs. Furthermore,
we focus on the top 21 brands (measured by revenue)
that were consistently part of the surveys from 2010 to
2016 and held a joint market share of about 85%. This
focus implies that respondents who were not aware of
any of the top 21 brands were removed. These data
cleaning steps left us with 357,365 consumers (108,905
shoppers and 248,460 nonshoppers).

Next, we dropped respondents who (i) indicated to
be younger than 18 years or older than 75 years, (ii) re-
ported an annual income of over $1,000,000, (iii) stated
to own more than four cars, (iv) reported paying a pre-
mium of more than $4,000 for a six-month policy, (v)
were not a decision-maker regarding the auto insur-
ance purchase, (vi) inconsistently reported their loca-
tion, and (vii) did not provide demographic informa-
tion. These data cleaning steps left us with 256,950
consumers (82,823 shoppers and 174,127 nonshop-
pers). And lastly, for the Insurance Shopping Studies,
to avoid any memory issues consumers might develop
over time, we restrict our data to consumers who com-
pleted the survey two or fewer months after shopping
for car insurance. This step left us with our final sam-
ple of 197,267 respondents (23,140 shoppers and
174,127 nonshoppers). We reweigh the individuals in
our final sample using representativeness weights. The
reweighted final sample contains 197,267 consumers

(61,477 shoppers and 135,790 nonshoppers). Through-
out this paper, we refer to this sample as the “Complete
DMA Sample.”

In our empirical analysis using the border strategy,
we focus on respondents living in counties at the bor-
ders of the top 130 DMAs excluding the Bakersfield,
California and San Diego, California DMAs. We exclud-
ed the Bakersfield, California and San Diego, California
DMAs because, in both cases, the whole DMA only
contains one county and, therefore, a border could not
be defined. Focusing on border counties left us with our
final border sample of 77,309 respondents (67,583 non-
shoppers and 9,726 shoppers) located in 1,263 different
counties. These 1,263 counties belong to 250 different
border regions, that is, a cluster of geographically adja-
cent counties spanning across both sides of a DMA bor-
der. We reweigh the individuals in our final sample us-
ing representativeness weights. The reweighted final
sample contains 77,309 consumers (25,106 shoppers and
52,203 nonshoppers). Throughout this paper, we refer
to this sample as the “DMA Border Sample.”

4.2. Data Description
4.2.1. Advertising. Insurance companies can place TV
advertisements nationally and locally, that is, at the
DMA level.19 On average, a single insurance brand
spends about $6 million monthly on national TV ad-
vertising placing around 2,000 ads. There is large vari-
ation in national TV advertising spending ranging
from $0 (Auto Owners, Erie, GMAC) to $36 million
(Geico) per month. All 21 brands together spend
about $123 million monthly on national TV advertis-
ing placing around 43, 000 ads. At the DMA-level, a
single insurance brand spends, on average, around
$2,400 per DMA and per month placing about 12 TV
ads. Across all DMAs, all 21 brands spend, on aver-
age, around $11 million per month on DMA-level ad-
vertising placing about 53,120 TV ads. Eighty-nine
percent of brands’ TV advertising spending is utilized
on national advertising, and the remaining 11% are
spent on DMA-level advertising.20 Whilst national TV
advertising has increased during the observation peri-
od, DMA-level TV advertising has decreased.

Focusing on the top 130 DMAs, average total
monthly advertising spending per household was
$0.05 with brands such as Erie, GMAC, and Safeco
spending $0 and brands such as Progressive and Gei-
co spending $0.20 and $0.33, respectively, per house-
hold (see column (i) in Table 2). Following Shapiro
(2018), we use the logarithm of total advertising
spending per household, as our measure of advertis-
ing intensity in the empirical analyses. As robustness
checks of our advertising measure, we also use total
advertising units and DMA-level ad expenditure per
household in $ as measures of advertising. Descriptive
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statistics for these two variables are shown in columns
(ii) and (iii) in Table 2.

And lastly, Table 3 depicts the percentages of TV ads
(weighted by spending) for each brand that contain a
specific mix of content over the whole study period.
On average, 11% of ads contain only informational con-
tent; 34% of ads contain only noninformational content;

and the remaining 55% contain both informational and
noninformational content.

4.2.2. Consumer Shopping Behavior. We first discuss
consumer characteristics and then consumer shopping
behavior. In Table 4, we display descriptive statistics
for all consumers from the Complete DMA sample
and the DMA border sample (columns (i) and (iv)) as
well as nonshoppers (columns (ii) and (v)) and shop-
pers (columns (iii) and (vi)) separately. Overall, con-
sumers from the Complete DMA sample and the
DMA border sample are very similar in terms of their
characteristics. The two largest differences are that the
percentage of married consumers in the DMA border
sample is higher by 1.66% and, not surprisingly, the
percentage of consumers living in an urban area is
lower by 3.37%. Because the two samples exhibit very
similar characteristics, we focus on the Complete
DMA sample in the following. Among all consumers,
about 80% of respondents are between 25 and 65 years
old, 42% are male, and 56% are married. Sixty percent
of respondents have a college degree, and 25% of re-
spondents have an annual income of more than
$100K. Comparing the two subgroups of shoppers
and nonshoppers (columns (ii) and (iii) in Table 4), we
find shoppers to be more likely male, married, Black,
and Hispanic than nonshoppers. For shoppers (only),
we have additional information on insurance-related
variables: 45% of shoppers were also shopping for
homeowner’s or renter’s insurance and 7% of shop-
pers indicated having a poor credit history. Further,
3% and 4% of shoppers reported having had two or

Table 3. Percentages of Spending on Each Advertising Type During Study Period

Brand

(i) (ii) (iii)
Both informational

Informational only Noninformational only and noninformational

21st Century 0.00 0.00 100.00
AAA 0.04 20.10 79.86
Allstate 42.69 29.69 27.62
American Family 0.00 88.21 11.79
Amica Mutual 1.38 10.90 87.73
Auto Owners 0.00 99.33 0.67
Erie 100.00 0.00 0.00
Esurance 17.17 10.02 72.81
Farmers 1.32 69.92 28.76
Geico 0.30 0.94 98.76
Hartford 1.31 15.70 82.98
Liberty Mutual 10.52 1.21 88.27
Mercury 0.62 12.96 86.42
MetLife 0.00 0.45 99.55
Nationwide 22.85 21.46 55.68
Progressive 1.26 8.23 90.50
Safeco 0.00 100.00 0.00
State Farm 21.86 42.23 35.90
Travelers 0.00 54.32 45.68
USAA 0.00 99.73 0.27
Average 11.07 34.27 54.66

Table 2. Monthly TV Advertising Quantities

Brand

(i) (ii) (iii)
Total ad

expenditure
per household in $

Total ad
units

Local ad
expenditure

per household in $

21st Century 0.0141 2,029 0.0004
AAA 0.0095 43 0.0095
Allstate 0.1230 4,703 0.0021
American Family 0.0041 13 0.0041
Amica 0.0112 244 0.0094
Auto Owners 0.0002 1 0.0002
Erie 0.0001 0 0.0001
Esurance 0.0956 3,528 0.0005
Farmers 0.0096 487 0.0014
Geico 0.3303 10,275 0.0142
GMAC 0.0000 0 0.0000
Hartford 0.0090 253 0.0015
Liberty Mutual 0.1117 5,041 0.0016
Mercury 0.0008 50 0.0003
MetLife 0.0008 26 0.0000
Nationwide 0.0553 1,374 0.0023
Progressive 0.2018 9,337 0.0182
Safeco 0.0000 1 0.0000
State Farm 0.1241 5,013 0.0042
Travelers 0.0068 258 0.0010
USAA 0.0388 742 0.0017
Average 0.0546 2,068 0.0035
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more accidents and tickets, respectively, during the
last three years.

Next, we discuss consumer shopping behavior for
consumers in the Complete DMA sample. The statistics
on consumer shopping behavior for consumers in the
DMA border sample are very similar to those in the
Complete DMA sample, and we show them in Web
Appendix D. In the Complete DMA sample, 31% of
consumers are shoppers and the remaining 69% of con-
sumers are nonshoppers.21 This proportion of shoppers
is consistent with proportions reported by other
sources: 46% of consumers reported having shopped
for auto insurance during the past 12 months accord-
ing to a 2015 comScore survey;22 25% of consumers
reported having shopped for auto insurance during
the past 12 months according to a 2017 Princeton Re-
search Survey Associates International survey; 33%
of consumers reported having shopped for auto in-
surance during the past 12 months according to the
2012 McKinsey Auto Insurance Customer Insights
Research report.

Among shoppers, 49% of consumers switch their
auto insurance provider after the shopping occasion
under study and the remaining 51% of consumers re-
main with their previous insurance provider.23 Projec-
ting to the whole population, we find that 13% of all
consumers switch their auto insurance provider in a
year. The 2012 McKinsey Auto Insurance Customer
Insights Research similarly report found about one-
third of shoppers or 13% of the total population to
switch insurance providers.

The average number of auto insurance brands con-
sumers are aware of is 4.21 for unaided awareness and
12.43 for aided awareness. As expected, nonshoppers
are aware of fewer brands than shoppers: 3.84 versus
5.04 (difference statistically significant at p < 0.001) for
unaided awareness and 12.32 versus 12.65 (difference
statistically insignificant) for aided awareness. We next
turn to the brands that consumers are aware of (see
Table 5). The probability that a consumer is aware of
any brand is 20% (unaided) and 59% (aided) (columns
(i) to (ii) in Table 5). Across all consumers, the brand-
specific awareness probabilities range from 1%
(GMAC) to 72% (State Farm) for unaided awareness
and 9% (Auto Owners, Erie) to 96% (State Farm) for
aided awareness. Further, we compare the brand-
specific awareness probabilities for shoppers and non-
shoppers (columns (iii) to (vi) in Table 5). Not surpris-
ingly, shoppers have, on average, a higher probability
of being aware of any brand than nonshoppers. We
provide more details on consumers awareness and
consideration in Web Appendix E.

Table 6 contains consideration and purchase shares
for all brands as well as conversion rates for consider-
ation, that is, conditional on being aware of a brand
the proportion of consumers that consider the brand,
and for purchase, that is, conditional on considering a
brand the proportion of consumers that choose the
brand.24 Conditional on unaided awareness, the conver-
sion rates to consideration vary from 49% (Farmers) to
95% (GMAC) with an average of 64%. Conditional on
aided awareness, the conversion rates to consideration

Table 4. Descriptive Statistics

Demographics

(i) (ii) (iii) (iv) (v) (vi)
Complete DMA sample DMA border sample

All consumers Nonshoppers Shoppers All consumers Nonshoppers Shoppers

Age ≤ 25 years 0.0472 0.0415 0.0598 0.0455 0.0395 0.0580
26 Years < age ≤ 45 years 0.3703 0.3642 0.3839 0.3598 0.3548 0.3702
46 Years < Age ≤ 65 years 0.4342 0.4409 0.4194 0.4440 0.4515 0.4284
Age > 65 years 0.1482 0.1533 0.1368 0.1507 0.1542 0.1434
Male 0.4173 0.4056 0.4433 0.4170 0.4038 0.4445
Black 0.0472 0.0408 0.0612 0.0432 0.0375 0.0550
Hispanic 0.0333 0.0236 0.0548 0.0309 0.0212 0.0511
Asian 0.0661 0.0723 0.0525 0.0633 0.0714 0.0466
Married 0.5593 0.5527 0.5739 0.5759 0.5708 0.5863
College degree 0.5994 0.6334 0.5243 0.5870 0.6239 0.5103
Income greater than $100K 0.2492 0.2536 0.2394 0.2468 0.2524 0.2351
Lived in urban area 0.1847 0.1510
Someone under 25 years insured under the policy 0.1360 0.1357
Shopped for homeowner’s insurance 0.3452 0.3410
Shopped for renter’s insurance 0.1046 0.0978
Shopped for Life Insurance 0.0360 0.0386
Shopped for personal umbrella insurance 0.0589 0.0568
Two or more accident(s) in the last three years 0.0314 0.0288
Two or more tickets in the last three years 0.0369 0.0385
Poor credit history 0.0704 0.0758
Same insurer as in previous year 0.5139 0.5201
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vary from 10% (MetLife) to 42% (Geico) with an aver-
age of 26%. And lastly, conditional on consideration,
the conversion rates to purchase range from 15% (Gei-
co) to 62% (Auto Owners) with an average of 28%. To
summarize, there is substantial variation within a pur-
chase stage and across purchase stages both in shares
and in conversion rates across brands.

5. Models and Estimation
In our main empirical analysis, we estimate a total
of 24 linear probability models that vary across
three dimensions (advertising, endogeneity, pur-
chase stage).25 Here, we aim at concisely and clear-
ly presenting them. Because our main focus is on ad-
vertising content, we show the advertising content
regressions in detail—the advertising quantity regres-
sions only differ by the definition of the advertising
variable.26 Further, we structure this section by types
of endogeneity that are addressed in a specification—
the same way as Section 3.

5.1. Basic Specification
In these specifications, we address the types of endoge-
neity discussed in Section 3.1, that is, targeting based
on observables, global unobservables, and time-
invariant, brand-specific local unobservables. The mod-
els presented in this section are estimated using the
Complete DMA Sample.

Let Yibt be the binary dependent variable of interest,
that is, (unaided or aided) awareness, consideration

or purchase indicator for consumer i, brand b, and
month t. Then the (unaided or aided) awareness mod-
el is given by

Yibt � β1log 1 + Af
bd,t−1

( )
+ β2log 1 + Af ,nf

bd,t−1
( )

+ β3log 1 + Anf
bd,t−1

( )
+ �Di

bg + φDi
bgI

o
i + μbd

+ ζbst + ψbd,t−1 + τsurveyg + εibt ∀b ≠ bCI, (1)

where log (1+Af
bd,t−1), log (1+Af ,nf

bd,t−1), and log (1+Anf
bd,t−1)

capture the logarithms of total TV advertising spend-
ing per household on ads with only informational con-
tent, ads with both informational and noninformation-
al content, and ads with only noninformational
content, respectively, by brand b in DMA d. Note that
consumers must be aware of the company they pur-
chase an insurance policy from. Similar to Honka
et al. (2017), we therefore exclude a consumer’s cur-
rent insurance provider bCI from all awareness model
estimations.

Moreover, we include the following fixed effects to
tackle targeting and global unobservables: first, we in-
clude brand-demographics-year fixed effects, �Di

bg ,
where g represents year. Although we do not observe
other potentially targeted offline marketing activities
such as direct mail, as long as the targeting is based
on demographics, our brand-demographics-year fixed
effects control for it. Second, we include online-brand-
demographics-year fixed effects, φDi

bg . The dummy var-
iable I

o
i is individual specific and indicates whether a

Table 5. Awareness Probabilities

Brand

(i) (ii) (iii) (iv) (v) (vi)
All consumers Nonshoppers Shoppers

Unaided Aided Unaided Aided Unaided Aided

21st Century 0.0790 0.5046 0.0558 0.4975 0.1305 0.5184
AAA 0.2621 0.8528 0.2646 0.8728 0.2565 0.8136
Allstate 0.6427 0.9493 0.6209 0.9477 0.6909 0.9524
American Family 0.0818 0.3555 0.0743 0.3562 0.0986 0.3542
Amica Mutual 0.0240 0.1356 0.0120 0.0862 0.0506 0.2323
Auto Owners 0.0187 0.0880 0.0123 0.0734 0.0327 0.1167
Erie 0.0240 0.0878 0.0183 0.0730 0.0366 0.1166
Esurance 0.1009 0.6239 0.0591 0.5957 0.1935 0.6790
Farmers 0.4194 0.8806 0.4288 0.8950 0.3985 0.8524
Geico 0.5997 0.9482 0.5548 0.9445 0.6992 0.9555
GMAC 0.0096 0.2268 0.0033 0.2267 0.0237 0.2269
Hartford 0.0853 0.6573 0.0633 0.6557 0.1339 0.6604
Liberty Mutual 0.1338 0.7917 0.0917 0.7774 0.2270 0.8196
Mercury 0.0710 0.3060 0.0763 0.3572 0.0591 0.2057
MetLife 0.0495 0.7600 0.0354 0.7582 0.0805 0.7635
Nationwide 0.1898 0.8259 0.1579 0.8152 0.2605 0.8467
Progressive 0.4546 0.9151 0.3887 0.9051 0.6008 0.9346
Safeco 0.0444 0.3541 0.0299 0.3436 0.0765 0.3745
State Farm 0.7175 0.9635 0.7158 0.9653 0.7212 0.9600
Travelers 0.0981 0.7274 0.0739 0.7177 0.1518 0.7463
USAA 0.1037 0.4807 0.0991 0.4581 0.1138 0.5248
Average 0.2004 0.5921 0.1827 0.5868 0.2398 0.6026
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consumer spends more than the median amount of
hours per week online (14 hours). Althoughwe do not ob-
serve online search advertising in our data, these fixed ef-
fects control for the amount of exposure to targeted online
advertising as long as the targeting is based on demo-
graphics. Recall that brand, year, and brand-year fixed ef-
fects are subsumed in the brand-demographics-year and
online-brand-demographics-year fixed effects. Third, μbd

are a brand-DMA fixed effects that control for time-
invariant, brand-specific local unobservables.

Additionally, we include several control variables:
brand-state-month fixed effects, ζbst, capture changes
at the state level such as changes in insurance rates,
that is, premium levels, or regulations over time. For
a small portion of ads, we either did not receive the
creative files, the quality of the creative files was too
bad for coding or the ads were not reliably coded
and thus excluded from the empirical analysis. We
control for spending (per household) on ads with
missing content using ψbd,t−1 � β4log (1+Am

bd,t−1). Ad-
ditionally, we also include survey fixed effects,
τg

survey, to control for any systematic differences
across surveys. And finally, εibt is a standard normal-
ly distributed error term.

The conditional consideration model is given by

Yibt � β1log 1 + Af
bd,t−1

( )
+ β2log 1 + Af ,nf

bd,t−1
( )

+ β3log 1 + Anf
bd,t−1

( )
+ �Di

bg + φDi
bgI

o
i + μbd

+ ζbst + ψbd,t−1 + τsurveyg + εibt ∀b ∈ Sawarei : (2)

Note that we condition on consumers’ awareness sets
Sawarei when estimating the effects of advertising on
consumers’ consideration decisions, that is, we only
include the set of brands for each consumer that the
consumer is aware of. We do so once using consum-
ers’ unaided and once consumers’ aided awareness
sets. Similarly, in the following model describing con-
ditional purchase, we condition on each individual
consumer’s consideration set Sconsi

Yibt � β1log 1+Af
bd,t−1

( )
+ β2log 1+Af ,nf

bd,t−1
( )

+ β3log 1+Anf
bd,t−1

( )
+ δ1IYibt + δ2I

p
ibt+ �Di

bg

+φDi
bgI

o
i +μbd+ ζbst+ψbd,t−1 + τsurveyg + εibt ∀b ∈ Sconsi ,

(3)

where IYibt captures state dependence and is operation-
alized as a dummy variable indicating whether brand
b chosen in time period t is the same brand that con-
sumer i chose in the previous policy period. The vari-
able Ipibt is also a dummy variable that indicates wheth-
er brand b offered the lowest premium for consumer i
in time period t among the brands consumer i consid-
ered and is a self-reported variable. Thus, whereas the
brand-state-month fixed effects ζbst capture average
premium changes across all consumers in a state (for a
company and year), the dummy variable I

p
ibt is specific

to each consumer and his or her consideration set.
Lastly, we also estimate an unconditional purchase

model, that is, full information model. The model is
defined as in Equation (3) but without conditioning

Table 6. Consideration, Purchase, and Conversion Probabilities (Shoppers Only)

Brand Considered Chosen

Aware
(unaided)

→ considered

Aware
(aided)

→ considered
Considered
→ chosen

21st Century 0.1328 0.0411 0.8973 0.2530 0.3090
AAA 0.2336 0.0955 0.8295 0.2860 0.4090
Allstate 0.3408 0.0553 0.5009 0.3577 0.1623
American Family 0.2114 0.0904 0.7046 0.2538 0.4277
Amica 0.0465 0.0181 0.7894 0.1923 0.3885
Auto Owners 0.0610 0.0381 0.8549 0.3006 0.6239
Erie 0.1210 0.0736 0.8046 0.3497 0.6083
Esurance 0.1732 0.0536 0.8527 0.2534 0.3095
Farmers 0.2229 0.0540 0.4909 0.2531 0.2423
Geico 0.3957 0.0612 0.5972 0.4162 0.1547
GMAC 0.0298 0.0159 0.9474 0.1243 0.5330
Hartford 0.1156 0.0427 0.7610 0.1734 0.3691
Liberty Mutual 0.1574 0.0458 0.7018 0.1918 0.2910
Mercury 0.0864 0.0429 0.8180 0.2857 0.4972
MetLife 0.0776 0.0370 0.7662 0.1006 0.4772
Nationwide 0.1571 0.0477 0.5590 0.1830 0.3036
Progressive 0.3733 0.0669 0.6553 0.3998 0.1792
Safeco 0.0894 0.0519 0.8610 0.2240 0.5805
State Farm 0.3665 0.0543 0.5162 0.3825 0.1481
Travelers 0.1233 0.0491 0.7023 0.1615 0.3978
USAA 0.0940 0.0479 0.7653 0.1758 0.5099
Average 0.1765 0.0498 0.6391 0.2627 0.2822
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on consumers’ consideration sets. That is, consumers
choose a brand for purchase among all brands in the
market and not only among the brands in their con-
sideration sets.

5.2. Border Strategy
In the specifications shown in this section, we control
for all endogeneity types presented in the previous
section and, additionally, also for endogeneity due to
time-varying, brand-specific local unobservables. The
models discussed in this section are based on the dis-
cussion in Section 3.2 and are—in contrast to the previ-
ous section—estimated using the DMA border sample.

The (unaided and aided) awareness model is given
by

Yibt � β1log 1 + Af
bd,t−1

( )
+ β2log 1 + Af ,nf

bd,t−1
( )

+ β3log 1 + Anf
bd,t−1

( )
+ �Di

bg + φDi
bgI

o
i + νbdr

+ ηbrt + ζbst + ψbd,t−1 + τsurveyg + εibt ∀b ≠ bCI,

(4)

where νbdr are brand-border-DMA fixed effects (r rep-
resents border) and capture persistent differences
across different border regions.27 Further, ηbrt are brand-
border-month fixed effects and represent unobserved
border-region-specific trends. Next, the conditional con-
sideration model is given by

Yibt � β1log 1 + Af
bd,t−1

( )
+ β2log 1 + Af ,nf

bd,t−1
( )

+ β3log 1 + Anf
bd,t−1

( )
+ �Di

bg + φDi
bg I

o
i + νbdr

+ ηbrt + ζbst + ψbd,t−1 + τsurveyg + εibt ∀b ∈ Sawarei ,

(5)

and the conditional purchase model is given by

Yibt � β1log 1 + Af
bd,t−1

( )
+ β2log 1 + Af ,nf

bd,t−1
( )

+ β3log 1 + Anf
bd,t−1

( )
+ δ1IYibt + δ2I

p
ibt + �Di

bg

+ φDi
bgI

o
i + νbdr + ηbrt + ζbst + ψbd,t−1

+ τsurveyg + εibt ∀b ∈ Sconsi : (6)

The unconditional purchase model is defined as in
Equation (6) but without conditioning on consumers’
consideration sets.

6. Results and Discussion
Before interpreting individual coefficient estimates, we
start this section by taking an overall look at the empiri-
cal results from our basic specification and the border
strategy. We discuss econometric concerns and provide
additional empirical evidence in Section 6.1 to deter-
mine which of these two specifications we view as our
main one and whether to view the estimated

advertising effects as local or overall effects. In Sections
6.2–6.4, we address more econometric concerns related
to within-brand variation in spending on an advertising
type, alternative advertising operationalizations, and se-
lection based on individual- and brand-specific unob-
servables. We then interpret our main set of results in
Sections 6.5 and 6.6. Finally, in Section 6.7, we show
that advertising with both informational and noninfor-
mational content influences a subset of consumers.

6.1. Model Specifications
We present our results for the basic specification in
Table 7 and for the border strategy in Table 8. Note
that we report both the number of observations and
the “effective” number of observations, that is, the
number of observations remaining after observations
collinear with included fixed effects have been
dropped, and that all standard errors are clustered at
the DMA-level.28

The results from the basic specification and the bor-
der strategy are not identical. The main differences
are the magnitudes of the estimated advertising ef-
fects and only informational advertising having a sig-
nificant effect on unaided awareness in the basic spec-
ification, whereas this coefficient is insignificant when
using the border strategy. This observation brings up
the following question: which set of results is the
“correct” one? There are three potential reasons for
why the results from the basic specification and the
border strategy differ: (a) the DMA border sample has
less statistical power to estimate advertising effects;
(b) consumers living anywhere in DMAs and consum-
ers living in border counties of DMAs are different,
that is, have different preferences and especially a dif-
ferent sensitivity to advertising; and (c) the results are
different because of time-varying, brand-specific local
unobservables, that is, it is important to account for
this type of endogeneity. In the following, we discuss
each of these three reasons and present (no) evidence
for each of them.

If statistical power is one of the reasons, we would
expect the standard errors in the border strategy to be
larger than those in the basic specification because of
the smaller sample size and, as a consequence of the
larger standard errors, a subset of the coefficients that
were significant in the basic specification to be signifi-
cant in the border strategy. If statistical power is the
only concern, we would expect the estimated coeffi-
cients in both analyses to be of similar magnitude.
Comparing the results from the basic specification
and the border strategy in Tables 7 and 8, we find that
the standard errors are overall larger in the border
strategy than in the basic specification pointing to a
loss in statistical power. Further, we find a subset of
the coefficients that were significant in the basic speci-
fication (some at p < 0.10) to be significant in the
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border strategy – again, consistent with the explana-
tion of a loss in statistical power. Lastly, some of the
estimated coefficients change in magnitude (e.g.,
spending on ads with only informational content in
the unaided awareness regression) pointing to a loss
in statistical power not being the only explanation for
the difference in results.

Next, we evaluate the potential reason that consum-
ers living anywhere in DMAs and consumers living in
border counties of DMAs are different, that is, have dif-
ferent preferences and especially a different sensitivity
to advertising. We do so by estimating an intermediate
model: a model that includes the same set of fixed ef-
fects as in the basic specification, that is, tackles time-
invariant, brand-specific local unobservables but not
time-varying, brand-specific local unobservables, and
is estimated using the DMA border sample. The results
are shown as Intermediate Analysis 1 in Table 9. We

find that the results for both advertising quantity and
advertising content shown in this intermediate model
in Table 9 are extremely similar in terms of coefficient
estimates to those in the basic specification in Table 7.
Thus, different sensitivity to advertising between con-
sumers in the complete DMA sample and consumers
in the DMA border sample does not explain the differ-
ence in results. This finding also has implications for
the generalizability of advertising results found using
the border strategy, that is, to the interpretability of the
estimated advertising effects as applying to the whole
population, in our empirical context. We view this
result as strongly supporting Assumption 3(a) from
Section 3.2 and the notion that the advertising effects
found using the DMA border sample (and regression
discontinuity approach) can be interpreted as the effect
of advertising in the whole population and not only for
consumers living at DMA borders.

Table 7. Results for Basic Specification (Complete DMA Sample)

(i) (ii) (iii) (iv) (v) (vi)

Variables
Unaided
awareness

Aided
awareness

Consideration
conditional on

unaided
awareness

Consideration
conditional
on aided
awareness

Choice
conditional on
consideration

Full
information

Panel A: Advertising quantity

Advertising spending per household in $a 0.1847* 0.1110*** −0.0664 0.1441 −0.0066 0.0379***
(0.0506) (0.0532) (0.2457) (0.1568) (0.1532) (0.0180)

Same insurer as in previous year 0.2017* 0.8157*
(Yes � 1) (0.0067) (0.0333)
Insurer provided the best price 0.7305* 0.4660*
(Yes � 1) (0.0090) (0.0224)
Brand-demographics-year fixed effects Yes Yes Yes Yes Yes Yes
Online-brand-demographics-year fixed effects Yes Yes Yes Yes Yes Yes
Brand-DMA fixed effects Yes Yes Yes Yes Yes Yes
Number of observations 4,142,607 2,703,582 117,914 286,878 71,167 3,623,553
Effective number of observationsb 4,139,751 2,700,516 109,200 280,133 62,001 3,621,098

Panel B: Advertising content

Spending per household in $ on ads with...
... Informational content onlya 0.7083** 0.3933*** −0.0526 −0.4703 −0.6891 −0.1391

(0.2607) (0.1795) (0.7914) (0.6321) (0.7570) (0.2020)
... Noninformational content onlya 0.0782**** 0.0157 −0.3681 0.4625 0.4078 0.0490****

(0.0426) (0.0184) (0.5439) (0.3369) (0.4582) (0.0284)
... Both informational and noninformational contenta 0.0774 −0.0868 −0.2106 0.0767 −0.1634 −0.0060

(0.1058) (0.0762) (0.3062) (0.2240) (0.1605) (0.0436)
Same insurer as in previous year 0.2016* 0.8157*
(Yes � 1) (0.0067) (0.0333)
Insurer provided the best price 0.7305* 0.4660*
(Yes � 1) (0.0091) (0.0224)
Brand-demographics-year fixed effects Yes Yes Yes Yes Yes Yes
Online-brand-demographics-year fixed effects Yes Yes Yes Yes Yes Yes
Brand-DMA fixed effects Yes Yes Yes Yes Yes Yes
Number of observations 4,142,607 2,703,582 117,914 286,878 71,167 3,623,553
Effective number of observationsb 4,139,751 2,700,516 109,200 280,133 62,001 3,621,099

Notes. Controls included in advertising quantity regressions: brand-state-month fixed effects and survey fixed effects. Controls included in
advertising content regressions: brand-state-month fixed effects, spending with missing content, and survey fixed effects. Standard errors in
parentheses (clustered at the DMA level).

aMeasured on a logarithmic scale.
bAfter dropping observations because of collinearity with fixed effects.
*< 0.001; **< 0.01; ***< 0.05; ****< 0.10.
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The remaining explanation is that endogeneity due to
time-varying, brand-specific local unobservables—on
top of endogeneity due to time-invariant, brand-specific
local unobservables—matters. Although this is the re-
sidual explanation, we also want to show some direct
evidence for it. To achieve this, we estimate a second in-
termediate model shown as Intermediate Analysis 2 in
Table 9. In it, compared with the Intermediate Analy-
sis 1, we add brand-border-month fixed effects, that
is, this specification uses the regression discontinuity
approach (and the DMA border sample is used for
estimation). The difference to the border strategy
specification in Table 8 is that, in Intermediate Analy-
sis 2, we estimate brand-DMA fixed effects instead of
brand-border-DMA fixed effects. The inclusion of
brand-border-month fixed effects captures time-

varying, brand-specific local unobservables—the
source of the endogeneity concerns leading up to the
use of the border strategy. Although the results in
the Intermediate Analysis 1 were very similar to those
from the basic specification (Table 7), the results from
the Intermediate Analysis 2 are very similar to those
from the border strategy (Table 8). This finding points
to the difference in results in the basic specification
and the border strategy being primarily due to the
border strategy accounting for endogeneity due to
time-varying, brand-specific local unobservables and
to the importance of doing so when measuring the ef-
fects of advertising in our empirical context.

We conclude that it is important to tackle endogeneity
concerns due to global unobservables, targeting based
on demographics, and time-varying, brand-specific local

Table 8. Results for Border Strategy (DMA Border Sample)

Variables

(i) (ii) (iii) (iv) (v) (vi)

Unaided
awareness

Aided
awareness

Consideration
conditional on

unaided
awareness

Consideration
conditional on

aided
awareness

Choice
conditional on
consideration

Full
information

Panel A: Advertising quantity

Advertising spending per household in $a 0.3009* 0.1745*** −0.3085 −0.2981 0.0590 0.0628***
(0.0617) (0.0841) (0.3528) (0.3137) (0.2191) (0.0290)

Same insurer as in previous year 0.1936* 0.8464*
(Yes � 1) (0.0201) (0.0339)
Insurer provided the best price 0.7263* 0.4488*
(Yes � 1) (0.0241) (0.0272)
Brand-demographics-year fixed effects Yes Yes Yes Yes Yes Yes
Online-brand-demographics-year fixed effects Yes Yes Yes Yes Yes Yes
Brand-border-DMA fixed effects Yes Yes Yes Yes Yes Yes
Brand-border-month fixed effects Yes Yes Yes Yes Yes Yes
Number of observations 2,105,376 1,376,025 63,743 155,464 38,720 1,808,446
Effective number of observationsb 2,078,790 1,348,641 40,242 117,424 19,994 1,785,270

Panel B: Advertising content

Spending per household in $ on ads with...
... Informational content onlya −0.2980 0.7102** −0.1569 −1.0660 −0.2063 0.1348

(0.2115) (0.2444) (0.8491) (0.5749) (1.4829) (0.4053)
... Noninformational content onlya 0.2306* 0.0034 −0.1468 −0.1672 −0.0734 0.8633***

(0.0520) (0.0327) (0.3037) (0.3187) (0.2816) (0.3452)
... Both informational and noninformational contenta 0.0555 0.1030 0.3515 0.0187 −0.1733 0.0309

(0.1893) (0.1245) (0.5393) (0.4994) (0.4495) (0.0721)
Same insurer as in previous year 0.1934* 0.8464*
(Yes � 1) (0.0201) (0.0339)
Insurer provided the best price 0.7264* 0.4487*
(Yes � 1) (0.0241) (0.0272)
Brand-demographics-year fixed effects Yes Yes Yes Yes Yes Yes
Online-brand-demographics-year fixed effects Yes Yes Yes Yes Yes Yes
Brand-border-DMA fixed effects Yes Yes Yes Yes Yes Yes
Brand-border-month fixed effects Yes Yes Yes Yes Yes Yes
Number of observations 2,105,376 1,376,025 63,743 155,464 38,720 1,808,446
Effective number of observationsb 2,078,790 1,348,641 40,242 117,424 19,994 1,785,270

Notes. Controls included in advertising quantity regressions: brand-state-month fixed effects and survey fixed effects. Controls included in
advertising content regressions: brand-state-month fixed effects, spending with missing content, and survey fixed effects. Standard errors in
parentheses (clustered at the DMA level).

aMeasured on a logarithmic scale.
bAfter dropping observations because of collinearity with fixed effects.
*< 0.001; **< 0.01; ***< 0.05.
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Table 9. Intermediate Results

(i) (ii) (iii) (iv) (v) (vi)

Variables
Unaided
awareness

Aided
awareness

Consideration
conditional on

unaided
awareness

Consideration
conditional
on aided
awareness

Choice conditional
on consideration

Full
information

Panel A: Intermediate analysis 1: Basic specification–DMA border sample

Advertising quantity
Advertising spending per household in $a 0.1725** 0.1278**** −0.3186 0.0716 0.0705 0.0488***

(0.0627) (0.0646) (0.3253) (0.2100) (0.2035) (0.0229)
Same insurer as in previous year 0.2030* 0.8229*
(Yes � 1) (0.0117) (0.0370)
Insurer provided the best price 0.7253* 0.4566*
(Yes � 1) (0.0155) (0.0269)
Brand-demographics-year fixed effects Yes Yes Yes Yes Yes Yes
Online-brand-demographics-year fixed effects Yes Yes Yes Yes Yes Yes
Brand-DMA fixed effects Yes Yes Yes Yes Yes Yes
Number of observations 2,105,376 1,376,025 63,743 155,464 38,720 1,808,446
Effective number of observationsb 2,102,583 1,373,127 57,875 149,100 33,123 1,806,040

Advertising content
Spending per household in $ on ads with...
... Informational content onlya 0.9261** 0.6016*** −1.0492 −0.9652 0.1282 −0.1830

(0.3318) (0.2502) (0.6101) (0.5438) (0.7043) (0.2999)
... Noninformational content onlya 0.0957**** 0.0146 −0.4254 0.0142 0.2234 0.0596****

(0.0535) (0.0236) (0.4678) (0.4196) (0.3444) (0.0336)
... Both informational and noninformational contenta 0.0203 −0.0454 −0.3783 0.0420 0.0086 0.0267

(0.1403) (0.1069) (0.3604) (0.2573) (0.3396) (0.0647)
Same insurer as in previous year 0.2030* 0.8283*
(Yes � 1) (0.0118) (0.0368)
Insurer provided the best price 0.7253* 0.4635*
(Yes � 1) (0.0155) (0.0265)
Brand-demographics-year fixed effects Yes Yes Yes Yes Yes Yes
Online-brand-demographics-year fixed effects Yes Yes Yes Yes Yes Yes
Brand-DMA fixed effects Yes Yes Yes Yes Yes Yes
Number of observations 2,105,376 1,376,025 63,743 155,464 38,720 1,808,446
Effective number of observationsb 2,102,583 1,373,127 57,875 149,100 33,123 1,806,040

Panel B: Intermediate analysis 2: Basic specification & brand-border-month fixed effects–DMA border sample

Advertising quantity
Advertising spending per household in $a 0.3055* 0.1895*** −0.3265 −0.3082 0.0696 0.0938**

(0.0629) (0.0860) (0.3489) (0.3083) (0.2163) (0.0312)
Same insurer as in previous year 0.1938* 0.8463*
(Yes � 1) (0.0200) (0.0339)
Insurer provided the best price 0.7259* 0.4488*
(Yes � 1) (0.0239) (0.0272)
Brand-demographics-year fixed effects Yes Yes Yes Yes Yes Yes
Online-brand-demographics-year fixed effects Yes Yes Yes Yes Yes Yes
Brand-DMA fixed effects Yes Yes Yes Yes Yes Yes
Brand-border-month fixed effects Yes Yes Yes Yes Yes Yes
Number of observations 2,105,376 1,376,025 63,743 155,464 38,720 1,808,446
Effective number of observationsb 2,078,916 1,349,019 40,587 118,269 20,217 1,785,388

Advertising content
Spending per household in $ on ads with...
... Informational content onlya −0.3197 0.7094** −0.1986 −1.0465 −0.1549 0.1650

(0.2114) (0.2439) (0.7962) (0.5509) (1.4516) (0.4063)
... Noninformational content onlya 0.2319* 0.0048 −0.1506 −0.1987 −0.0758 0.8624***

(0.0517) (0.0328) (0.3006) (0.3071) (0.2704) (0.3427)
... Both informational and noninformational contenta 0.0610 0.1166 0.3252 0.0090 −0.1098 0.0203

(0.1884) (0.1232) (0.5386) (0.4967) (0.4359) (0.0714)
Same insurer as in previous year 0.1936* 0.8463*
(Yes � 1) (0.0200) (0.0339)
Insurer provided the best price 0.7260* 0.4487*
(Yes � 1) (0.0239) (0.0272)
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unobservables when estimating the effects of advertis-
ing for the auto insurance industry. Further, we find
consumers’ sensitivity to advertising to be similar
among consumers living in DMA border counties and
among consumers living anywhere inDMAs providing
evidence for the generalizability of advertising effects
found using the DMA border sample, that is, the inter-
pretability of the estimated effects as overall advertis-
ing effects.

6.2. Within-Brand Variation in Spending on an
Advertising Type

In Section 3.1.3, we posed Assumption 1 stating that,
in order to be able to make causal claims for all brands
regarding the effects of different types of advertising,
we have to assume that the within-brand variation in
a type of advertising is the same for a brand which
employs this type of advertising and a brand which
does not (if it were to utilize it). Although this as-
sumption is not directly verifiable, we provide sug-
gestive evidence here that it may hold in our specific
empirical context. We do so by estimating our main
specification (border strategy) for advertising content
with separate advertising coefficients for brands
which employ one or two types of advertising and
brands that employ all three types of advertising.30 If
Assumption 1 holds, we would expect the advertising
effects for both groups of brands to be similar.

The results are shown in Table 10. The interaction ef-
fects between each advertising type and brands utiliz-
ing all three advertising types are insignificant, that is,
we do not find significant differences in the effects of
advertising content for brands that employ a subset of
advertising types compared with brands that employ
all three advertising types. Further, our main results
hold: ads with only noninformational content affect
unaided awareness and ads with only informational

content affect aided awareness. These results suggest
that Assumption 1 holds; however, they are not con-
clusive. To be careful, we therefore interpret the results
for advertising content as correlational.

6.3. Alternative Advertising Operationalizations
Previous literature has sometimes operationalized the
advertising variable as advertising goodwill (e.g., Sha-
piro 2018) or also included competitive advertising in
the empirical analysis (e.g., Anderson et al. 2016).
Here, we show that our main results are robust to the
inclusion of competitive advertising and to an adver-
tising goodwill specification.

We start by discussing how we include competitive
advertising in the estimations. Recall that our data con-
tain information on a large number of brands (21). There-
fore estimating a separate effect for each competitor’s ad-
vertising is not feasible. For that reason, we re-estimate
all our models using the border strategy twice: once, for
each advertising variable, also including the correspond-
ing sum of all competitors’ advertising spending as an
additional independent variable and once, again for each
advertising variable, also including the sum of the four
largest auto insurance brands (Allstate, Geico, Progres-
sive, State Farm) and the sum of all other auto insurance
brands as two additional independent variables. The re-
sults for the advertising quantity and advertising content
regressions using these alternative model specifications
are shown in Tables F-1 and F-2 in Web Appendix F. Al-
though competitive advertising has significant effects,
more importantly, our results for the focal brand are
very similar to those from our main specification (border
strategy) presented in Table 8.

Next, we estimated our main specification (border
strategy) with a goodwill operationalization of the ad-
vertising variables. We included lagged advertising
up to 12 months and, to determine the appropriate

Table 9. (Continued)

(i) (ii) (iii) (iv) (v) (vi)

Variables
Unaided
awareness

Aided
awareness

Consideration
conditional on

unaided
awareness

Consideration
conditional
on aided
awareness

Choice conditional
on consideration

Full
information

Brand-demographics-year fixed effects Yes Yes Yes Yes Yes Yes
Online-brand-demographics-year fixed effects Yes Yes Yes Yes Yes Yes
Brand-DMA fixed effects Yes Yes Yes Yes Yes Yes
Brand-border-month fixed effects Yes Yes Yes Yes Yes Yes
Number of observations 2,105,376 1,376,025 63,743 155,464 38,720 1,808,446
Effective number of observationsb 2,078,916 1,349,019 40,587 118,269 20,217 1,785,388

Notes. Controls included in advertising quantity regressions: brand-state-month fixed effects and survey fixed effects.
Controls included in advertising content regressions: brand-state-month fixed effects, spending with missing content, and survey fixed effects.
Standard errors in parentheses (clustered at the DMA level).

aMeasured on a logarithmic scale.
bAfter dropping observations because of collinearity with fixed effects.
*< 0.001; **< 0.01; ***< 0.05; ****< 0.10.
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carryover factor, we conducted a grid search with 11
different carryover factors for each regression (see,
e.g., Shapiro et al. 2021). The examined carryover fac-
tors ranged from 0 to 1 (with increments of 0.1) and,
for each regression, we picked the one with the small-
est predicted mean square error. The results are
shown in Table G-1 in Web Appendix G and are qual-
itatively similar to those from our main specification
(border strategy) displayed in Table 8.

6.4. Selection Based on Individual- and Brand-
Specific Unobservables

A potential concern are individual- and brand-specific
unobservables that are correlated across the three pur-
chase stages (awareness, consideration, purchase).
Not accounting for such variables can lead to selection
issues and biased estimates in the conditional consid-
eration and conditional choice stages of the advertis-
ing quantity and advertising content regressions (but
is not a concern for the awareness stage—see Maddala
1983 or Wachtel and Otter 2013). Because we model
three stages of consumers’ purchase process, selection
could potentially occur twice: as consumers move
from awareness to consideration and as consumers
move from consideration to purchase. However, in
our specific empirical content of the auto insurance in-
dustry, selection can only happen once when consum-
ers move from awareness to consideration/shopping,
that is, decide whether to actively shop or to passively

remain insured with their previous insurance compa-
ny. The reason is that having auto insurance is manda-
tory and thus all consumers who shop also have to buy
an insurance policy, that is, no purchase is not an option.
Although we do not account for the potential existence
of such unobserved, individual and brand-specific varia-
bles in our modeling and estimation decisions, we dis-
cuss here why selection does not appear to be a concern
in our specific empirical setting.

Positively (negatively) correlated, unobserved, indi-
vidual- and brand-specific variables can lead to an
overestimation (underestimation) of the effect of ad-
vertising in the conditional consideration and condi-
tional choice stages. Given that we find the effects of
advertising quantity and different types of advertising
content in the conditional consideration and condi-
tional purchase stages to be insignificant (see columns
(iii)–(v) in Table 8), overestimation is not a concern.
However, underestimation of the effects of advertis-
ing quantity and advertising content in the condition-
al consideration and conditional purchase regressions
might be a potential concern.

We address selection concerns with two robustness
checks. The results for conditional consideration and
conditional purchase are shown in Tables H-1 and H-2
in Web Appendix H. Recommendations by family and
friends are an example of an individual- and brand-
specific variable. In our data, we observe whether a con-
sumer received a recommendation but not the valence

Table 10. Advertising Content Results for Awareness by Number of Content Types (Border Strategy)

(i) (ii)
Variables Unaided awareness Aided awareness

Spending per household in $ on ads with...
... Informational content onlya 0.0864 0.9848***

(0.3969) (0.4862)
... Noninformational content onlya 0.3482**** −0.0277

(0.1919) (0.2671)
... Both informational and noninformational contenta 0.1542 0.1520

(0.2299) (0.1250)
Brands utilizing three ad types × spending per household in $ on ads with...
... Informational content onlya −0.5368 −0.0516

(0.5237) (0.7483)
... Noninformational content onlya −0.1356 0.0337

(0.1920) (0.2664)
... Both informational and noninformational contenta −0.4617 −1.4527

(0.3704) (1.0893)
Brand-demographics-year fixed effects Yes Yes
Online-brand-demographics-year fixed effects Yes Yes
Brand-border-DMA fixed effects Yes Yes
Brand-border-month fixed effects Yes Yes
Number of observations 2,105,376 1,376,025
Effective number of observationsb 2,078,790 1,348,641

Notes. Controls included: brand-state-month fixed effects, spending with missing content, and survey fixed effects. Standard errors in
parentheses (clustered at the DMA level).

aMeasured on a logarithmic scale.
bAfter dropping observations because of collinearity with fixed effects.
*< 0.001; **< 0.01; ***< 0.05; ****< 0.10.
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of the recommendation. Therefore, in the first robust-
ness check whose results are shown in Table H-1, we
drop all consumers who report having received a rec-
ommendation. Furthermore, we also observe in our
data whether there is a brand a consumer would never
consider. In a second robustness check whose results
are shown in Table H-2, we control for the presence of
such a brand. In both robustness checks, we find our
advertising coefficient estimates for conditional consid-
eration and conditional purchase in the advertising
quantity and advertising content regressions to be simi-
lar to those from our main model specification. We
therefore conclude that selection is not a concern in our
specific empirical application.

6.5. Discussion of Advertising Intensity Results
We now turn to the estimates from the regressions in-
vestigating the effects of advertising quantity. In dis-
cussing our results, we focus on our main specifica-
tion shown in the top half of Table 8. We find total
advertising spending per household to significantly
affect consumers’ unaided and aided awareness (see
columns (i) and (ii) in the top half of Table 8). To un-
derstand the magnitudes of these advertising effects,
we calculate average advertising elasticities and find
them to be 0.07 and 0.01 for unaided and aided aware-
ness, respectively.

Next, we describe the effects of advertising intensity
on the other stages of the purchase process. Recall
that, when estimating the effects of advertising quan-
tity on consideration, we only use data on shoppers
because nonshoppers do not shop and thus do not
form consideration sets. In columns (iii) and (iv) in the
top half of Table 8, we show the results for consider-
ation conditional on unaided and aided awareness, re-
spectively. In both cases, advertising does not have
significant effects on consideration. Turning to the
purchase stage, we find total advertising spending per
household to have an insignificant effect on condition-
al purchase (column (v) in Table 8). Compared with
the awareness and conditional consideration regres-
sions, we include two additional variables in the con-
ditional purchase regression (column (v) in Table 8): a
dummy variable indicating whether a brand is a con-
sumer’s previous insurance provider and a dummy
variable indicating whether a brand offered a consum-
er the lowest premium. The parameter estimates for
both variables are significant and have the expected
signs: consumers are more likely to purchase an insur-
ance policy from their previous insurance provider
and are also more likely to pick the insurance brand
that offers them the lowest premium.

Lastly, in column (vi) in Table 8, we compare our
results to those from an unconditional purchase mod-
el, sometimes also called a full information model,
that is, a model in which consumers are aware of and

consider all brands in the market for purchase. We
find advertising to have a small, but significant posi-
tive effect on purchase (elasticity: 0.03). The advertis-
ing elasticity is in line with those found in Shapiro
et al. (2021) for a large number of products. However,
this result stands in contrast to the result from the con-
ditional purchase model in column (v) in Table 8 in
which advertising did not have a significant effect.
Further, under full information, the effect of the previ-
ous insurer dummy is overestimated and the effect of
the best price dummy is underestimated. Thus, simi-
lar to previous literature (e.g., Goeree 2008, Pires
2016), we find that not accounting for consumers’ lim-
ited information leads to quantitatively and qualita-
tively different results.

To recap, we find that advertising intensity posi-
tively affects consumer purchase behavior. However,
it does so not by directly affecting consumer purchase
decisions but rather indirectly by affecting consumers’
(unaided and aided) awareness. These findings are
consistent with those in Honka et al. (2017) in the con-
text of retail banks. Further, these results are also con-
sistent with advertising professionals’ recent demands
for companies to focus on consumer awareness rather
than consumer engagement.31

6.6. Discussion of Advertising Content Results
We now discuss our estimates from the advertising
content regressions. Here again, we focus on the re-
sults from our main specification (border strategy)
presented in the lower half of Table 8. Columns (i)
and (ii) in Table 8 show the parameter estimates for
unaided and aided awareness. Our results reveal that
advertising with only noninformational content has a
significant positive effect on unaided awareness (elas-
ticity: 0.02), whereas advertising with only informa-
tional content has a positive significant effect on aided
awareness (elasticity: 0.02).

It is well known that unaided and aided awareness
do not refer to the same concept (see, e.g., Bagozzi
and Silk 1983). Unaided awareness or (brand) recall
captures situations in which a consumer must inde-
pendently produce previously acquired information,
whereas aided awareness or (brand) recognition de-
scribes cases in which a consumer is given possible
choices and must indicate which one was previously
seen (Lynch and Srull 1982, Alba et al. 1991). Multiple
theories exist regarding the relationship between re-
call and recognition. For example, Gillund and Shif-
frin (1984) suggest that recall is driven by a search
process that operates slowly and uncertainly. In con-
trast, recognition is executed through a complex direct
access process in which many memory images are
contacted together, that is, recall and recognition dif-
fer in the memory retrieval process they use. On the
other hand, Bagozzi and Silk (1983) and Finn (1992)
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argue that memory is a multidimensional construct
and that recall and recognition access different aspects
of memory. Previous (experimental) research has also
shown that some factors such as delay and position in-
fluence recall and recognition similarly (see, e.g., Ratcliff
and Murdock 1976, Raaijmakers and Shiffrin 1981),
whereas other factors, such as types of rehearsal and con-
text shifts influence recall and recognition differently
(see, e.g., Woodward et al. 1973, Smith et al. 1978). If dif-
ferent types of ads contain different factors that affect re-
call and recognition differently, one type of ad might in-
fluence recall but not recognition and vice versa.

We first discuss our results for brand recall (un-
aided awareness): a significant effect of ads with only
noninformational content and an insignificant effect
of ads with only informational content. Recall that
only noninformational ads are ads with brand name
focus and/or emotionally appealing content. Brand
name focused ads are creatives that either dominantly
and/or frequently show the brand name or contain no
information on car insurance but that mention the
brand name (e.g., TV program sponsorships, public
service messages). As the term says, emotionally ap-
pealing creatives appeal to consumers’ emotions, of-
ten contain a story or an unexpected event, and allow
for imagination and inspiration (Heath and Heath
2008). Advertisements with only noninformational
content are commonly more creative than advertise-
ments with only informational content. Our results
are in line with previous causal research that has
shown that creativity increases brand recall, but not
recognition (see, e.g., Till and Baack 2013). Evidence
on whether emotional ads increase recall and/or rec-
ognition is mixed. Previous experimental studies often
included one and not both memory measures and suf-
fer from small sample sizes (see, e.g., Thorsen 1991,
Leigh et al. 2006, Mehta and Purvis 2006). Our results
suggest that emotionally appealing content increases
brand recall, but not recognition.

Next, for brand recognition (aided awareness), we
find an insignificant effect of ads with only noninfor-
mational content and a significant effect of ads with
only informational content. Our results are in line with
previous causal research that has shown that fam-
iliarity, that is, the number of product-related experi-
ences and exposures, increases recognition (Alba et al.
1991). Further, the accessibility of product attributes/
positioning affects which brands are recognized as mem-
bers of a product category (McCloskey and Glucksberg
1979, Alba et al. 1991). Recall that informational advertis-
ing contains descriptions of price and nonprice product
attributes, whereas noninformational advertising does
not. Thus, informational advertising increases the acces-
sibility of these product attributes and accessibility, in
turn, increases brand recognition.

In columns (iii) and (iv) in the lower half of Table 8,
we show the results for consideration conditional on
unaided and aided awareness, respectively, and the re-
sults for conditional purchase in column (v). No advertis-
ing type has a significant effect on conditional consider-
ation or conditional purchase. Further, in the conditional
purchase regression (column (v) in lower half of Table
8), the coefficient estimates for the previous insurer and
lowest price dummies are very similar to those in top
half of Table 8 (column (v)) where we showed results
frommodeling the effects of advertising intensity.

Similar to the analyses for advertising intensity, we
also estimate a full information model, that is, uncondi-
tional purchase model, for advertising content. The re-
sults are shown in column (vi) in lower half of Table 8.
We find a small and significant effect of only noninfor-
mational advertising (elasticity: 0.06). This result is con-
sistent with Cronqvist (2006) and Bertrand et al. (2010)
who find noninformational content to influence consum-
ers’ decision-making for financial services. Considering a
wider range of industries and contexts, Sahni et al. (2018)
and Lee et al. (2018) also found that noninformational
content can affect email openings, sales, and customer
engagement.

Taking a step back, our results also speak to the
concepts of informative and persuasive advertising (Bag-
well 2007). Thorsen Informative advertising informs con-
sumers about product existence and (price and nonprice)
product features, whereas persuasive advertising alters
consumers’ tastes and creates spurious product differen-
tiation (Bagwell 2007). Any type of advertising that con-
veys the existence of a product to consumers, that is,
makes consumers aware of a product, has an informative
effect. To put it differently, the effect of both information-
al and noninformational advertising content on consum-
er awareness is informative. We find this informative ef-
fect in our empirical application.

To understand whether advertising has an informa-
tive and/or persuasive effect in the consideration and
purchase stages of the purchase process, the content of
ads has to be observed. If noninformational ad content
were to affect conditional consideration and/or condi-
tional purchase, the effect of advertising could be inter-
preted as persuasive. If informational ad content were to
affect conditional consideration and/or purchase, the ef-
fect of advertising could be interpreted as informative. In
our empirical application, we do not find a significant ef-
fect of any type of advertising in the conditional consid-
eration and conditional purchase regressions. Thus, over-
all, our results are consistent with an informative effect
of advertising in the auto insurance industry.

To summarize, we find advertising only containing
noninformational content to increase unaided aware-
ness, whereas advertising only containing informational
content increases aided awareness. We do not find
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significant effects of advertising containing both infor-
mational and noninformational content. This last find-
ing prompts the question why companies spend a large
portion of their advertising budgets on advertising that
contains both informational and noninformational con-
tent if that type of advertising is not effective. We pro-
vide an explanation in the following section.

6.7. For Whom is Advertising with Both
Informational and Noninformational
Content Effective?

Companies must allocate their spending between cus-
tomer acquisition and customer retention. The custom-
er lifetime value (CLV) literature provides a frame-
work on how to optimally do so (e.g., Blattberg and
Deighton 1996, Rust et al. 2004, Reinartz et al. 2005).
Whereas for many industries spending on retention
has a bigger impact on CLV than spending on acquisi-
tion, this is not the case for industries that are charac-
terized by a very high retention rate. If customers are
very loyal, spending on acquisition has a bigger im-
pact on CLV than spending on retention: companies
will compete fiercely to acquire customers and benefit
from the high retention rate in later time periods (e.g.,
Blattberg et al. 2001, Villanueva and Hanssens 2007).

The retention rate in the auto insurance industry is
very high. According to industry sources32 and Israel
(2005), around 87%–90% of customers stay with their
insurance provider after a one-year contract period
among the most established auto insurance companies
and this percentage increases with customer tenure. In
our data, we observe an average retention rate of 88%,
that is, only 12% of consumers are switchers. For the
auto insurance industry, Honka (2014) finds that this
high retention rate is mostly driven by consumer
search costs, followed by customer satisfaction, and
switching costs. After removing these three retention
drivers, she finds that the baseline retention rate,
which also includes the effects of advertising, is
around 9%. To put it differently, advertising is not an
important driver of customer retention.

We therefore investigate here whether advertising
plays an important role in customer acquisition. We
do so by looking at the heterogeneous effects of ad-
vertising for shoppers vs. nonshoppers.33 32% of con-
sumers in the DMA Border Sample are shoppers. The
results are shown in Table 11.34 Overall, our results
for advertising quantity are consistent with those
from the main specification: advertising intensity has
significant effects on awareness for both shoppers and
nonshoppers. However, advertising intensity has sig-
nificantly larger effects on unaided awareness for
shoppers than for nonshoppers with elasticities of 0.08
and 0.06, respectively. The results for advertising con-
tent are also consistent with those from the main speci-
fication: advertising only containing noninformational

content increases unaided awareness, whereas adver-
tising only containing informational content increases
aided awareness. Additionally, for shoppers, we also
find advertising with both informational and noninfor-
mational content to have a significant effect on un-
aided awareness (elasticity: 0.02).

Shopping is a well-known situational factor that in-
creases consumers’ involvement with a product or prod-
uct category (Zaichkowsky 1985). Increased involvement
motivates consumers to paymore attention to ads and in-
creases their willingness to process larger amounts of
content (Celsi and Olson 1988). Ads with both informa-
tional and noninformational content contain more con-
tent than ads with only informational content or ads with
only noninformational content. Consumers who (plan to)
shop are willing to process this larger amount of content.

The influence of advertising with both informa-
tional and noninformational content is not limited to
shoppers only. Other groups of consumers, who are
relatively involved with auto insurance, are willing
to process larger amounts of information and are in-
fluenced by this type of advertising as well. Here,
we show examples of two such groups: high-risk
consumers and consumers with a change in circum-
stances.35 We define high-risk consumers as consumers
who had accidents or tickets during the last three years,
who have a poor credit history, or who are younger than
25 years. Consumers have to satisfy one of these criteria
to be classified as high-risk consumers (8.5% of consum-
ers). High-risk consumers are more involved with auto
insurance than the remainder of the population because
of a higher probability of being dropped as a customer
and because of paying higher premia and higher
potential savings (from switching). Consumers with a
change in their circumstances are individuals who either
added/dropped a vehicle to their policy, added/
dropped a driver to their policy, or had a change in their
family (e.g., marriage, divorce) during the last 12 months
(6.0% of consumers). Consumers with a change in
circumstances must contact their insurance company to
update their insurance policy, which foregrounds auto
insurance.36

The results for advertising quantity, which are consis-
tent with those from our main specification, are shown
in Table J-1 in Web Appendix J. Similar to the results for
shoppers, we also find that these two groups of consum-
ers are more affected by advertising quantity in their un-
aided awareness (and also in aided awareness for con-
sumers with change in circumstances) than the
remainder of the population. In the following, we focus
on the results for advertising content displayed in
Table 12. For both groups of consumers, the results
from our main specification hold: ads with only nonin-
formational content increase unaided awareness and
ads with only informational content increases aided
awareness. Additionally, for high-risk consumers, we
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also find advertising with both informational and
noninformational content to have a significant
effect on unaided awareness (elasticity: 0.04). For
consumers with a change in circumstances, advertising
with both informational and noninformational
content significantly affects both unaided and
aided awareness with elasticities of 0.04 and 0.01,
respectively. Furthermore, consumers with a change
in circumstances are also significantly more suscep-
tible to advertising with only informational content
and advertising with only noninformational content
than the remainder of the population.

We conclude that advertising with both informa-
tional and noninformational content significantly
increases shoppers’ awareness. This is the case be-
cause shoppers are more involved with auto insur-
ance than nonshoppers. Involvement has been
shown to increase consumers’ attention to ads and

their willingness to process larger amounts of con-
tent. Other groups of relatively involved consumers,
such as high-risk consumers or consumers with a
change in circumstances, are affected by advertising
with both informational and noninformational con-
tent as well.

7. Additional Robustness Checks
We evaluate the robustness of our results using sever-
al checks. First, we evaluate the robustness of our re-
sults with respect to an alternative operationalization
of the advertising quantity variable. Here, we
re-estimate our models using the logarithm of total
advertising units as our measure of advertising inten-
sity. The results are shown in the top third of Table K-1
in Web Appendix K and are similar to our main results.
Second, we investigate the robustness of our results
with respect to our use of total advertising spending.

Table 11. Effect Heterogeneity—Shoppers and Nonshoppers

(i) (ii)
Unaided awareness Aided awareness

Panel A: Advertising quantity

Advertising spending per household in $a 0.2296* 0.1903***
(0.0668) (0.0912)

Shopper dummy × advertising spending per household in $a 0.3049* −0.0553
(0.0493) (0.0487)

Brand-demographics-year fixed effects Yes Yes
Online-brand-demographics-year fixed effects Yes Yes
Brand-border-DMA fixed effects Yes Yes
Brand-state-month fixed effects Yes Yes
Number of observations 2,105,376 1,376,025
Effective number of observationsb 2,078,790 1,348,641

Panel B: Advertising content

Spending per household in $ on...
... Informational contenta −0.4160 0.6904***

(0.2567) (0.3164)
... Noninformational contenta 0.2229* −0.0057

(0.0482) (0.0380)
... Both informational and noninformational contenta −0.0537 0.1204

(0.1852) (0.1303)
Shopper dummy × spending per household in $ on...
... Informational contenta 0.2824 0.0102

(0.2765) (0.2929)
... Noninformational contenta 0.0665 0.0974

(0.1767) (0.1313)
... Both informational and noninformational contenta 0.3242* −0.0359

(0.0515) (0.0397)
Brand-demographics-year fixed effects Yes Yes
Online-brand-demographics-year fixed effects Yes Yes
Brand-border-DMA fixed effects Yes Yes
Brand-state-month fixed effects Yes Yes
Number of observations 2,105,376 1,376,025
Effective number of observationsb 2,078,790 1,348,641

Notes. Controls included in advertising quantity regressions: brand-state-month fixed effects and survey fixed
effects. Controls included in advertising content regressions: brand-state-month fixed effects, spending with missing
content, and survey fixed effects. Standard errors in parentheses (clustered at the DMA level).

aMeasured on a logarithmic scale.
bAfter dropping observations because of collinearity with fixed effects.
*< 0.001; **< 0.01; ***< 0.05.
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Table 12. High-Risk Consumers and Consumers with Change in Circumstances

(i) (ii) (iii) (iv) (v)

Unaided
awareness

Aided
awareness

Consideration
conditional
on unaided
awareness

Consideration
conditional
on aided
awareness

Choice
conditional on
consideration

Part A: High-risk consumers

Spending per household in $ on ads with...
... Informational content onlya −0.3547 0.7064** −0.1340 −1.1232 −0.2230

(0.2072) (0.2407) (0.8950) (0.5880) (1.5062)
... Noninformational content onlya 0.2272* 0.0121 −0.1325 −0.1504 −0.0619

(0.0494) (0.0348) (0.3077) (0.3085) (0.2912)
... Both informational and 0.0456 0.0999 0.3328 −0.0088 −0.1490
Noninformational contenta (0.1899) (0.1243) (0.5423) (0.4994) (0.4565)
High-risk consumer ×
Spending per household in $ on...
... Informational content onlya 0.3511 −0.0012 −0.3511 −0.2105 −0.0240

(0.2383) (0.2634) (0.6383) (0.4642) (0.6298)
... Noninformational content onlya 0.0310 −0.1258 −0.1996 −0.1495 −0.2653

(0.1408) (0.1443) (0.4762) (0.2628) (0.3534)
... Both informational and 0.1640** 0.0372 0.1221 0.2584*** 0.1066****
noninformational contenta (0.0555) (0.0364) (0.1306) (0.1017) (0.0570)
Same insurer as in previous year 0.1935*
(Yes � 1) (0.0203)
Insurer provided the best price 0.7264*
(Yes � 1) (0.0241)
Brand-demographics-year fixed effects Yes Yes Yes Yes Yes
Online-brand-demographics-year fixed effects Yes Yes Yes Yes Yes
Brand-border-DMA fixed effects Yes Yes Yes Yes Yes
Brand-border-month fixed effects Yes Yes Yes Yes Yes
Number of observations 2,105,376 1,376,025 63,743 155,464 38,720
Effective number of observationsb 2,078,790 1,348,641 40,242 117,424 19,994

Part B: Change in circumstances

Spending per household in $ on ads with...
... Informational content onlya −0.3451 0.5107**** 0.0365 −0.9146 −0.4995

(0.2190) (0.2710) (0.8523) (0.5664) (1.3873)
... Noninformational content onlya 0.2208* −0.0027 −0.2510 −0.3111 −0.0512

(0.0503) (0.0332) (0.3014) (0.3322) (0.2864)
... Both informational and 0.0422 0.0918 0.3314 0.0008 −0.1579
noninformational contenta (0.1886) (0.1243) (0.5424) (0.4983) (0.4358)
Change in circumstances ×
Spending per household in $ on ads with...
... Informational content onlya 0.0855 0.7455** −0.7644 −0.6859 0.8601

(0.3207) (0.2351) (0.7497) (0.3656) (0.6370)
... Noninformational content onlya 0.6150* 0.3822** 0.8504*** 0.7182** −0.2738

(0.1542) (0.1403) (0.3331) (0.2569) (0.2849)
... Both informational and 0.1983* 0.0981** 0.1089 0.0695 −0.0007
noninformational contenta (0.0385) (0.0329) (0.0773) (0.0547) (0.0767)
Same insurer as in previous year 0.1936*
(Yes � 1) (0.0200)
Insurer provided the best price 0.7263*
(Yes � 1) (0.0242)
Brand-demographics-year fixed effects Yes Yes Yes Yes Yes
Online-brand-demographics-year fixed effects Yes Yes Yes Yes Yes
Brand-border-DMA fixed effects Yes Yes Yes Yes Yes
Brand-border-month fixed effects Yes Yes Yes Yes Yes
Number of observations 2,105,376 1,376,025 63,743 155,464 38,720
Effective number of observationsb 2,078,790 1,348,641 40,242 117,424 19,994

Notes. Controls included: brand-state-month fixed effects, spending with missing content, and survey fixed effects. Standard errors in
parentheses (clustered at the DMA level).

aMeasured on a logarithmic scale.
bAfter dropping observations because of collinearity with fixed effects.
*< 0.001; **< 0.01; ***< 0.05; ****< 0.10.

Tsai and Honka: Informational and Noninformational Advertising Content
Marketing Science, Articles in Advance, pp. 1–29, © 2021 INFORMS 25



Here, we re-estimate our models using the logarithm of
DMA-level advertising spending per household as our
measure of advertising intensity. The results are shown
in the middle third of Table K-1 in Web Appendix K.
Overall, our results are qualitatively robust to this alter-
native operationalization. And lastly, we investigate the
robustness of our results with respect to our use of total
advertising in the ad content regressions. Here, we
re-estimate our models using the logarithm of DMA-
level advertising spending per household on only infor-
mational ads, only noninformational ads, and both in-
formational and noninformational ads. The results are
shown in the lower third of Table K-1 in Web Appendix
K and confirm that our findings are robust to this alter-
native operationalization.

8. Limitations and Future Research
There are several limitations to our paper and oppor-
tunities for future research. First, although we observe
the shopping month, we do not observe the shopping
date. This is a limitation of our data. Therefore, we es-
timate the effects of advertising in month t – 1 on out-
come variables in month t. However, consumers are
also likely influenced by advertising during month t
in the days prior to the shopping date. Thus, our esti-
mates on the effects of advertising should be inter-
preted as lower bounds. Second, we estimate the ef-
fects of only informational, only noninformational,
and both informational and noninformational ads.
However, ads containing both informational and non-
informational content could potentially be divided in
at least three subgroups: ads containing more infor-
mational than noninformational content, ads contain-
ing equal amounts of informational and noninforma-
tional content, and ads containing less informational
than noninformational content. We leave such a more
detailed examination of ads with both informational
and noninformational content for future research.

Third, our results for conditional consideration (and
conditional purchase) are based on the assumption
that the set of people who are aware of a brand is
comparable across DMAs and months. However, peo-
ple who are aware of a brand in DMAs with a lot of
advertising might not be comparable to people who
are aware of a brand in DMAs with little advertising.
It is possible that people who become aware of a
brand with a lot of advertising have a lower prefer-
ence for that brand than people who are aware of the
brand with no advertising. This introduces a negative
correlation between conditional consideration (and
conditional purchase) and advertising and the adver-
tising coefficients might be biased downward in the
conditional consideration and conditional purchase
regressions. Fourth, our results are based on data
from one industry. Although our results are broadly

consistent with those found by previous literature for
other financial services (when comparisons can be
made), it is likely that the generalizability of our re-
sults decreases the further one moves away from the
financial services sector. This represents a limitation
of our data. And lastly, we have information on four
content pieces: price and nonprice product features,
brand name focus, and emotional appeal, which we
aggregate to informational and noninformational con-
tent. Exploring how the effects vary across the four
content pieces is left for future research.

9. Conclusion
Understanding how advertising influences consum-
ers’ decision making is crucial for companies. Market-
ing managers must not only decide how much to
spend on advertising but also what to communicate
to consumers in their advertisements. In this paper,
we study how TV advertising quantities and TV ad-
vertising content affect each stage in the consumer
purchase funnel in the context of the U.S. auto insur-
ance industry. We find advertising content to mat-
ter—a lot. This finding should give pause to market-
ing managers and increase their focus on employing
advertising content that is effective in achieving their
marketing goals.

To summarize, our results show that advertising
quantity primarily affects consumer awareness and has
no discernible effects on conditional consideration or
conditional purchase. However, when studying the in-
fluence of different types of advertising content, that is,
ads with only informational content, ads with only
noninformational content, and ads with both informa-
tional and noninformational content, we find a more
nuanced set of results: advertising only containing non-
informational content increases unaided awareness,
whereas advertising only containing informational con-
tent increases aided awareness. We do not find signifi-
cant effects of advertising containing both information-
al and noninformational content. Because many
companies spend a significant portion of their budgets
on advertising with both informational and noninfor-
mational content, we investigate whether this type of
advertising influences certain groups of consumers.
We find it to affect unaided (and, in some cases, aided)
awareness of shoppers and other groups of relatively
involved consumers, such as high-risk consumers and
consumers with a change in circumstances.
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Endnotes
1 For example, see Ackerberg (2001), Ackerberg (2003), Narayanan
et al. (2005), Ching and Ishihara (2012), Chan et al. (2013), Lovett
and Staelin (2016), Hastings et al. (2017), Shapiro (2018), and
Shapiro et al. (2021).
2 By definition, the brand name is mentioned/shown in all ads. The
content type “brand name focus” does not capture the simple men-
tion of the brand name in an ad. It captures the focus on the brand
name in an ad, for example, frequent repetitions/showings of the
brand name in a TV ad, multiple/large prints of the brand name in
a magazine ad, ads with no product-related information.
3 In this paper, we use the terms “consider,” “search,” and “shop”
interchangeably.
4 In this paper, we view shopping, that is, requesting at least one
price quote from an insurance company that is not the consumer’s
current insurance provider, as a prerequisite for an (active) purchase
decision that involves deciding whether to switch auto insurers.
5 Some information is (logically) unavailable for nonshoppers. For
example, because nonshoppers do not shop, they do not form con-
sideration sets and do not make an (active) purchase decision but
remain passively insured with the same insurance company. Fur-
ther, because nonshoppers do not shop, we have no information on
their shopping month and (quoted) insurance premia.
6 Throughout this paper, we refer to unobservables that are specific
to the brand, to the year, and to the brand-year as “global”
unobservables.
7 There is little empirical work on the complementary (Stigler and
Becker 1977, Becker and Murphy 1993) and signaling views (Nelson
1970, Nelson 1974) of advertising. Recent exceptions are Tuchman
et al. (2018) for complementarity and Sahni and Nair (2020) for
signaling.
8 The data are also different. Whereas Honka et al. (2017) only have
data on consumer (aided) awareness, consideration, and purchase
for one year and only data on advertising quantities, our data used
in this paper span a time period of seven years and also includes
unaided awareness. Further, we not only have information on ad-
vertising quantities but also on advertising content.
9 Technically, we do not estimate the fixed effects but difference
them out in the estimation. The demographic groups for which
we estimate fixed effects are as follows: age <25 years, age be-
tween 25 and 45 years, age between 45 and 65 years, male,
shopped for homeowner insurance, has college degree, income
of more than $100K.

10 We mark a brand as using an advertising type in a year if it
spent more than 1.5% of its annual advertising spending on that
advertising type.
11 If Assumption 1 does not hold, that is, if brands employ the
type(s) of advertising content that is/are most effective for them, the
estimated effects of advertising content are likely biased upwards.
12 Note that this approach also addresses endogeneity concerns due
to time-invariant, brand-specific local unobservables. Brand-DMA
fixed effects are subsumed in the brand-border-DMA fixed effects
estimated in the regression discontinuity approach.
13 The regression discontinuity approach would not work with a
percentage specification because the percentage of one ad type in-
creases when the percentage of another ad type decreases.
14 Local promotions are uncommon in the auto insurance industry.
The reason is that this industry is heavily regulated at the state lev-
el. For example, rating schedules that determine all insurance pre-
mia have to be submitted to state insurance commissioners and are
publicly available. Insurance companies cannot change insurance
rates without submitting the change to state insurance commis-
sioners. This makes the process cumbersome and slow, and most in-
surance companies do not make changes to their rating schedules
more than twice a year. Furthermore, many DMAs span multiple
states; communicating a rate decrease that applies to a part but not
the whole DMA would be difficult. Because of these issues, insur-
ance companies usually advertise howmuch people save by switch-
ing when trying to promote that they have low insurance rates.
Such promoted savings are typically not localized.
15 We also calculated the RV and Procustes coefficients (Josse and
Holmes 2016). Their values are 0.62 and 0.79 (both p < 0.001), re-
spectively. Using data from the four largest brands only, the corre-
lation based on the distance covariance, the RV, and the Procustes
coefficients are 0.84, 0.68, and 0.79, respectively, that is, the distribu-
tions of national and local advertising content are even slightly
more similar among the top four brands.
16 J.D. Power and Associates measures unaided awareness,
aided awareness, consideration, purchase, previous insurer,
and price as follows: unaided awareness – “When you are
thinking of auto and home insurance, which companies come
to mind?”; aided awareness – “Please review the list below and
select ALL the insurance companies that you recognize.”; con-
sideration – “From which of the following insurance compa-
nies did you receive a quote?”; purchase – “Which company is
your current auto insurer?”; previous insurer – “Which compa-
ny was your auto insurer prior to [pipe in current insurer]?”;
price – “Which auto insurer offered you the lower price/
premium?”.
17 Alternatively, one could rely on machine learning algorithms to
code advertising content. We decided not to do that for several rea-
sons: For example, creatives are deposited in different formats (e.g.,
gif, swf, and flm for an internet display advertisement), different
resolutions, and in different languages (English and Spanish). Based
on our observation, well-trained research assistants are more effec-
tive in identifying content types and picking up noninformational
cues, such as humor. To predict whether a human will find a photo-
graph or video funny/entertaining remains a challenging machine
learning task. Computational humor is sometimes considered to be
an “AI-complete” problem (Binsted et al. 2006). Although there has
been some progress in identifying visual humor (e.g., Chandrase-
karan et al. 2016), we decided to use trained research assistants be-
cause auto insurance advertisements often are nuanced and specific
to the social context. For example, a cartoon in which a car is
destroyed by a superhero fight (such as in a TV commercial by
Mercury) could be considered funny, but a car damaged completely
in real life is typically horrifying.
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18 Because nonshoppers do not shop, they do not form consider-
ation sets and do not make an (active) purchase decision but remain
passively insured with the same insurance company.
19 Across the different media channels, auto insurance brands
spend 80% of their total advertising budget on TV, 7% on internet
(display advertising), 6% on the radio, 7% on print, and less than
1% on outdoor advertising.
20 Note that the percentage of spending on local TV advertising in
the auto insurance industry is above average compared with many
other brands/categories: Shapiro et al. (2021) study advertising ef-
fects across 288 brands using the regression discontinuity approach.
They find that, on average, brands spend 8.7% of their TV advertis-
ing expenditures on local TV advertising with a median of 3.7%. In
Shapiro (2021), the percentage of TV advertising spent on local ad-
vertising is 7% in the antidepressants category.
21 The percentage of shoppers increased from 29% in 2010–2012 to
36% in 2014–2016.
22 See https://www.comscore.comInsightsPress-Releases201511com
Score-Releases-2015-US-Online-Auto-Insurance-Shopping-Report;
https://www.huffingtonpost.comentrypaying-too-much-for-auto
-insurance-many-consumers_us_58c2dbede4b070e55af9ee2b; https://
www.mckinsey.commediamckinseydotcomclient_serviceFinancial%20
ServicesLatest%20thinkingInsuranceWinning_share_and_customer
_loyalty_in_auto_insurance.ashx.
23 The percentage of switchers among shoppers increased from 45%
in 2010–2012 to 49% in 2014–2016.
24 Note that these shares were calculated based on the available in-
formation in our data, that is, the number of individuals who
bought an insurance policy from a brand. In contrast, many outlets
and websites publish market shares based on each brand’s revenue.
25 Twenty-four linear probability models � 2 ad kinds (advertising
quantity, advertising content) x 2 endogeneity types (described in
Sections 3.1 and 3.2) × 6 stages (unaided awareness, aided aware-
ness, consideration conditional on unaided awareness, consider-
ation conditional on aided awareness, conditional purchase, uncon-
ditional purchase).
26 The advertising quantity variable is defined as the sum of spend-
ing on advertising with only informational content, advertising with
only noninformational content, advertising with both informational
and noninformational content, and advertising with missing content.
27 The brand-border-DMA fixed effects subsume the brand-DMA
fixed effects.
28 Our results—in terms of which coefficients are significant and
which ones are not—are robust to alternative clusterings at the indi-
vidual and at the DMA-border level.
29 For this analysis, we classify a brand as employing a type of ad-
vertising content if its spending on it is at least 1.5% over the whole
study period (based on Table 3). Given this condition, four brands
in our data utilize all three types of advertising content: Allstate,
Esurance, Nationwide, and State Farm.
30 See, for example, http://www.adweek.com/brand-marketing/
advertisers-need-to-stop-chasing-engagement-and-get-back-to
-focusing-on-awareness/?utm_content=buffer42f1f&utm_medium
=social&utm_source=facebook.com&utm_campaign=buffer.
31 For example, see 2012 McKinsey Auto Insurance Customer In-
sights Research Report (https://www.mckinsey.commediamckinsey
dotcomclient_serviceFinancial%20ServicesLatest%20thinking
InsuranceWinning_share_and_customer_loyalty_in_auto_insurance
.ashx).
32 Whether to shop is likely an endogenous decision made by con-
sumers. Thus, we interpret the results of the shoppers versus non-
shoppers analysis as correlational.

33 We do not show the results for conditional consideration and
conditional purchase in Table 11 because they are identical to those
in Table 8 since nonshoppers, by definition, do not shop and thus
the conditional consideration and conditional purchase regressions
are estimated only using shoppers.
34 Group membership, that is, being a high-risk consumer or a con-
sumer with a change in circumstances, is determined by events that
are exogenous to auto insurance brand choice.
35 The overlap between high-risk consumers and consumers with a
change in circumstances is very limited: only 1.4% of consumers be-
long to both groups. Obviously, there is also some overlap between
these two groups of consumers and shoppers: 31% of shoppers are
also high-risk and/or had a change in circumstances.
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