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Advertising is a highly significant marketing activity for most
firms, yet there is limited evidence for it’s effect on direct sales.
In this paper, we explore another important reason why firms may
advertise extensively in concentrated markets- to deter entry of
competing products. We construct a merged dataset of TV ad-
vertising and sales for the US chocolate industry and find direct
evidence for reduced entry. Reduced-form evidence using quasi-
experimental variation from coarse spatial targeting highlights two
facts- direct impact of advertising for own sales is small but a
10% increase in total competitor ads reduces sales by 1.6%. Moti-
vated by this evidence, we build a dynamic model of product entry
and advertising. We estimate this model on my data to identify
how much of firm advertising can be explained by entry-deterrence
motives and run counterfactual policies that limit ad-behavior to
analyse their welfare consequences.

I. Introduction

Advertising is a very large industry in the United States, where firms spent $284.3 billion
on ad-related expenditures in 2021. Most consumer-facing industries spend a substantial
amount of money every year in advertising their products. This is especially true of Con-
sumer Packaged Good (CPG) companies. For instance, P&G and Nestle spent $5.1 billion
and $2.8 billion in advertising in the FY 2021- 22. Advertising and marketing of products
represents very significant business activities for these firms.

However, as far as returns on these expenditures go, the evidence is mixed. [Lodish
et al. (1995b) analyse experimental data for groups which received more TV advertising
and see persistent and positive effect on sales made to these customers. On the other
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hand, Blake, Nosko and Tadelis (2015) find limited effectiveness of paid advertising on
e-Bay sales and Shapiro, Hitsch and Tuchman| (2021d)) find that TV advertising has zero
to negative returns on investment for most brands. These studies together paint a meagre
picture on the direct impact of advertising on consumer sales. If advertising doesn’t change
sales significantly, why do companies advertise? While the economics of advertising offers
various theories that justify advertising, we study the industry’s self prescribed view on
why advertising is important. Advertising is deemed to be a long term ‘brand-building’
activity. According to a 2020 McKinsey report, CPG companies achieved their stature
through, “Mass-market brand-building and product innovation, generating stable growth”.
Industry reports on marketing suggest that advertising lets brands be recognizable and stay
clear of competition (McKinsey, [2020). We interpret these intuitions to specify a plausibly
important mechanism of scale advertising- ads could be used by firms to maintain their
position in a favorable market structure.

In this paper, we test whether, and how much of large scale advertising can be justified
through the rationale of deterring product entry by competitors. We use the US chocolate
industry as the focus of my empirical analysis. This is a well-established industry with
large scale TV advertising, stable revenues and reasonable entry of new products during my
sample, 2010-2020. We use reduced-form estimates and a structural model to understand
how much of firm advertising can be attributed to entry-deterrence motives and what
policies can be effective at increasing consumer welfare.

We show the empirical relevance of TV advertising in the chocolate industry using quasi-
experimental variation generated by institutional features of the advertising market. To
do this, we follow Shapiro, Hitsch and Tuchman! (20214d)) and assemble a brand-level panel
that links monthly TV advertising to retail sales for the U.S. chocolate category from 2010
to 2020. Sales come from Nielsen RMS store-week UPC records that we aggregate to
brand—-market—month using fixed brand definitions that consumers recognize at the shelf.
Advertising comes from Nielsen Ad Intel occurrence and viewership files, which we convert
to monthly GRPs by Designated Market Area (DMA). We harmonize brand names across
the two systems with a filtered fuzzy—match procedure and manual verification, and we map
corporate parent identifiers to recover multi-brand ownership. GRPs are accumulated into
an ad-brand stock using a standard depreciation rule so that short TV flights translate
into a persistent brand capital measure seen by consumers, following [Dube, Hitsch and
Manchanda (2005)), [Shapiro, Hitsch and Tuchman| (20215), and Bar and Haviv| (2021)).
The final dataset covers more than 4,000 brands across roughly 29,000 stores, with ad
stocks and prices observed at the brand—DMA-month level.

The reduced—form analysis exploits institutional features of TV buying. Firms primarily
purchase national and DMA-level inventory, local spot placements fill residual slots, and
ad delivery is coarse in space but high frequency in time. Following [Shapiro, Hitsch and
Tuchman (2021d)), we exploit DMA borders to construct quasi-experimental shifts in TV ad
exposure and adopt their viewership—imputation approach for non-sweeps months. Identi-
fication comes from advertising discontinuities at borders while local demand fundamentals
vary smoothly. The main specification relates log sales to own ad—brand and total rivals’
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ad—brand, with rich fixed effects, and isolates advertising variation using border contrasts
so that local demand fundamentals vary smoothly across the boundary.

Three facts emerge. First, own TV advertising has a small but positive elasticity of
sales, consistent with recent evidence on modest average returns (Shapiro, Hitsch and
Tuchman|, 2021a). Second, rivals’ advertising is economically meaningful, a 10 percent
increase in competitors’ ads reduces a brand’s sales by about 1.6 percent in the baseline
border sample, which is suggestive of business stealing and is consistent with entry pressure
working through advertising. Third, advertising is large in levels and highly seasonal, top
advertisers maintain higher baseline exposure throughout the year while smaller brands
concentrate around holidays, a pattern that is useful when disciplining the dynamic model.

Subsequently, we estimate a model of entry deterrence in this market. We estimate a
demand model where consumer’s purchases depend on the advertising they see. On the
supply side of my model, firms choose two actions- pricing and advertising. Firms decide
prices for their goods through a Nash-Bertrand model of competition. Firms also decide
how much to advertise. We allow this decision to be made for reasons other than entry
deterrence. When estimating the model on data, we use a 2-step procedure to identify
advertising policy of firms. This will let us identify entry cost parameters- which depend
on how entrant firms expect incumbents to advertise- to not be based on a model where
firms only advertise to deter entry. We use our demand estimates and cost estimates to
isolate the portion that can be justified by entry deterrence.

We use our estimated model to run counterfactuals where we shut off advertising in-
centives to maintain favorable market structure. We then estimate the effect of policies
which limit the amount of advertising available to firms. Both of these counterfactuals
will speak to the importance of entry-deterrence channel in this industry, and how policy
prescriptions can affect consumer welfare.

A. Related literature

This project is related to a large literature on the economics of advertising. This litera-
ture has historically progressed by proposing various mechanisms through which advertising
could influence market outcomes (see review by (Bagwell, 2007)). Subsequent papers have
pushed the literature by testing these mechanisms quantitatively or empirically. [Clark, Do-
raszelski and Draganska) (2009) consider the effects of advertising on consumer awareness
and perceptions of quality, while Doraszelski and Markovich (2007)) study dynamic con-
siderations and how “awareness” versus “goodwill” advertising implies different dynamics
post-entry. On the empirical side, Lodish et al. (1995a) uses experimental variation in TV
ads exposure to detect how advertising impacts sales. They find that significant impacts of
advertising on sales which last for two additional years post advertising. [Shapiro, Hitsch
and Tuchman, (20215) uses quasi-experimental variation and finds meagre returns on in-
vestment for advertising by most brands. Our paper contributes directly to this strand of
literature by empirically evaluating the effects of TV advertising for sales in the chocolate
industry between 2010-20 and quantifying how much of firm advertising can be attributed
to sales and entry-deterrence.
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This paper also builds on the literature on endogenous market structure. The liter-
ature has explored various ways in which profit-maximising firms undertake actions to
maintain favorable market structure. |Goolsbee and Syverson (2005) studies how threat of
entry by competitors can induce alternate pricing to prevent entry. Numerous non-price
mechanisms- quality enhancements, R&D expenditures etc that are employed by firms to
deter entry have also been studied. (Besanko, Doraszelski and Kryukov| (2014), Ellison
and Ellison| (2007), Cockburn and MacGarvie| (2006)). This paper explores the role of
advertisements as an entry-deterrence instrument, in the spirit of |Schmalensee| (1978) and
Sutton,, 2007. As|Sutton (2007)) argues, firms in oligopolistic industries can use advertising
to raise sunk costs of potential entrants substantially. Our model and empirical setting
let us analyze the empirical relevance of entry deterrence for the market structure of the
chocolate industry in the US.

While there is a substantial body of work that analyses advertising empirically, and
a large body of work on entry deterrence and endogenous market structure, there is very
little research that specifically analyses entry-deterrence through advertising in an empirical
setting. |Rizzo and Zeckhauser] (1990)) find evidence that physician advertisements could be
justified as successive entry deterrents in local markets. Bar and Haviv| (2021)) is perhaps
the closest paper to ours in terms of its scope. They use the anticipated entry of Lays
Stax to estimates the value of a brand. The paper shows how Pringles might have used its
advertisements to delay entry and suppress sales of Lays Stax in the US. Our paper tries
to understand the overall entry-deterrence impact from advertising by all incumbents in an
industry. By evaluating the extent of entry deterrence and its implications for consumer
surplus, we can calculate the full welfare effects of advertisements as entry-deterrents in
the chocolate industry.

II. Toy model

In this section, we write down an illustrative model of an industry where firms advertise
to deter entry of new products. Each firm sells a single product. Firms live for 2 periods.
For the sake of simplicity, we assume that products are identical (and therefore product
characteristics are not relevant for choices made between these products), except for their
prices and ad-brand. Ad-brand is a capital-like stock for each product. It increases when
firms show ads (advertising is a flow variable) and depreciates across periods. Prices are
assumed to be determined every period, and are therefore static decisions.

For this 2-period model, N; incumbent firms enter the first period with Ad-brand
((Ai)gi=1.ny}y)- Firms set prices to maximize period profits in a Nash-Bertrand equilib-
rium. They choose the level of advertising (a;) to increase their stock in period 2 such
that firms maximizes their lifetime value. For simplicity’s sake, we assume that incumbent
firms don’t exit EL and that there are M potential entrants. Firms have expectations over
facing Ny € {Ny,.., N1 + M} firms in the second period at the market. Denoting the firm

IThis is not a conceptual restriction. The argument in appendix can be extended to allow for firm exit.
However, this substantially complicates Step 2 of the proof given there, given that the probability of facing a market
with N firms can arise out of many combinations of firms entering and exiting.
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i’s lifetime value at the beginning of period 1 as V(A;, A_;, N1):

V(AL AL NY) = maz, , m(A], A_i', P' N")—cai+& +BE[maz,2m((1-0) A} +a;, A% ;, P?, N?)]

piia

A few notes on notation: ¢ denotes per unit cost of advertising, (1-6) is the depreciated
Ad-brand over a period and 8 is how the firm discounts the future. P’ denotes the price
vector in this market in period j, A’ represents competitors’ —i ad-brands in period j.
¢! is a shock on a firm’s per period profit. So firms have expectations over the distribution
of .

More firms can potentially enter the market in period 2. A firm maximizes lifetime profit,
so they enter only when the expected profits from their product offset the cost of entry C:

V(Ajl-, A_;j' NY = MAT | (enter) L(enter) [—C — caj + fE[max ?77((1 —0)A; + aj, A2_j7 pP? NQ)]]

P

With stochastic & for all firms, this setup implies a derived distribution of the number of
firms in this market in period 2. We denote this as IP(N), which depends on the distribution
of £ and the firms’ advertisement policies.

In this model, advertisement decisions can change market structure in the second period.
If the expected profits of an entrant firm go down with more advertising by incumbent firms,
it makes them less likely to enter.

We write down the first order condition for the advertising decisions of an incumbent:

dE[m (ai, -, .)] dIP(N2,a;)

=p Ex(.,., Na).
c / d(lq‘, +/3 Z [ 7T(, ) 2) dai ]
NQG{Nl,..,N1+M}
T,

THEOREM I1.1:  If w(A;, A_;, N) is strictly increasing in A;, and strictly decreasing in
A_; and N for any point in the support of w, then Ts is positive

PROOF:
In appendix [A]

COROLLARY I1.1.1:  A* is higher in setup above, when % # 0 than when dBIN) _ .

a; da;

Note that this corollary implies that advertising is higher when firms can impact future
market structure. Thus, there are entry-deterrence motives in this model which lead to
higher firm advertising.

We can focus on the FOC above to derive intuition for why we get deterrence in this
model. Incumbents advertise to increase profits directly with respect to their competi-
tors through increased demand from customers. Additionally, the second term underlines
why firms advertise to deter entry- increasing advertising reduces the probability of entry
because the potential value of entrants goes down.
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The above argument only requires firms to have 7(A;, A_;, N) increasing in own adver-
tisement A;, decreasing in N and decreasing in A_;. To drive our point further, we will
solve this model explicitly by choosing some parametric assumptions.

For the remainder of the section, we assume that firms have a constant profit for every
percentage share they occupy of the market (so markups are fixed). Firm shares depend
on prices and ad-capital through the logit form. This gives per period profit as-

e Ai—Ppi
1+ e e op;
There is one potential entrant. It has a deterministic entry cost C and an idiosyncratic

shock to this cost drawn from a normal distribution with variance o. Firm profits and
ad-policies determine the probability of entry:

F(Ai, A—z) =1I

7da}rH,AiNH4rN1+1)—(%
g

We can now further solve the first order condition for the incumbent firm as:

P(N;y + 1) = &(

c=allsy(1—sy)+ éTa (mn — 7TN+1)6AN+1.8N)
AT —Bp]
1+N.eaA;_Bp;
Thus, for sufficiently high difference between profits of the incumbent with or without
the additional entrant, a large portion of firm level advertising can be justified to deter
entry. This is increasing in the share of incumbent firms sy, effectiveness of advertising in
moving demand a and decreasing in the variance of entry shocks o. We simulate a fully
deterministic version (without shocks &) as a proof of concept in Appendix

where sy = , pi, A7 determined in symmetric steady state equilibrium.

III. Data

The main sources of data for this project are the Nielsen AdIntel and Nielsen Retail
Management Scanner (RMS). We proceed with our analysis by constructing a data merge
between these data to have a month level dataset on sales and advertising by a chocolate
brand from 2010 to 2020.

A. Nielsen RMS data

The Nielsen RMS (Retail Measurement Services) data include weekly store-level infor-
mation on prices and quantities sold at the UPC level. The RMS data include information
for about 40,000 stores, including grocery stores, drug stores, mass merchandisers, and
convenience stores. It represents a non-random subset of these stores, but has a wide cov-
erage. This data covers more than half of all market-level spending in grocery stores and
one-third of all spending at mass merchandisers. We use RMS sales data from 2010-2020,
and we aggregate up from UPCs to the brand level. We define a brand as all forms of the
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same consumer good, as indicated by the brand code or brand name in the RMS data.
The reasons for this are two-fold: (i) RMS brands are the right level of generality for a
product to be identified as an advertising brand. This is conceptually meaningful, as con-
sumers likely associate advertisement to the brand rather than to a specific variant of the
brand that has different size or packaging, all of which would be recorded as a different
UPC product in the data. Moreover, this is also practically the best level of aggregation
to match specific advertising entities to specific RMS brands. (more details in Appendix
(ii) This paper focuses on entry. UPCs are noisily recorded in the data, and using new
UPCs to denote product entry might introduce lots of measurement error and potential
biases. In our final sample, we have 4000+ brands present in over 29,000 stores.

B. AdIntel data

We use advertisement data from Nielsen Ad Intel database for the years 2010-2020. This
advertising is recorded as occurrences, where an occurrence is defined as the specific in-
stance of a product’s ad being shown for a brand for a (channel, DM A, time) combination.
Occurrence data is used along with viewership data, which gives estimates of how many
impressions were created from airing an ad, i.e., how many people were reached. These
impressions are recorded consistently across time for top 25 DMAs, but for the rest, they
are recorded using diaries filled by households than Nielsen surveys. These diary data are
only recorded in the four “sweeps months,” February, May, July, and November. Following
Shapiro, Hitsch and Tuchman| (20216, we impute the viewership for other months using a
weighted average for viewership between the closest recorded months for these DMAs.

The TV advertising data comes from four different TV media types in the dataset- Cable,
Network, Syndicated, and Spot. Cable ads are aired nationally and their viewership is only
available at that level (so it induces across time level differences in the data). Network
and Syndicated ads have national occurrences which are mapped to local viewership data.
Overall, the cross-sectional variation in the aggregate ads data comes from Spot impressions
and Network and Syndicated ads.

We use impressions data along with Universe estimates, which are a measure of TV
viewing households in a given region, to create GRPs. GRPs are defined as the fraction of
TV viewing households reached by a given ad. These GRPs are the flow variable into our
defined Ad-brand, which is the stock variable in our analysis. We aggregate GRPs for a
given month by adding up the GRPs for a given ad-brand in a DMA.

C. AdIntel- RMS merge

We merge the RMS data at the brand level (subsequently called RMS brand) and ad-
vertisement data at brand level (subsequently called ad-brand) through a filtered fuzzy
string match process with data pre-selection. This is necessary because there is no direct
linkage between the two datasets. Furthermore, the two brands can and do differ in who
they refer to, necessitating a manual vetting procedure at the end. We create two sets of
matches- specific matches where ad-brand and RMS-brand refer to the same object, and
general matches- where general Ad-brands are matched to multiple RMS brands under
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their umbrella (e.g.: “Hershey’s chocolates”). We include details for this data merge in
appendix [B]

D. Geocoded data

Finally, we use geographic information from open source approximations to DMA bound-

aries and data from US Census to identify stores which are within counties that lie on DMA
borders.

IV. Empirical analysis

We highlight some key features of this market that emerge from this data.

US CHOCOLATE INDUSTRY IS LARGE AND HAS STEADY REVENUE

Billion USD
N

2010.0 20125 2015.0 2017.5 2020.0
year

Figure 1. : Chocolate revenues are steady (accounting for inflation)

We calculate the total revenue registered for these products every month and adjust for
inflation by using a deflator that scales nominal dollars to 2012 dollars. Adding these up
gives yearly estimates of revenue for the chocolate industry from the sample of Nielsen

stores. Contrary to some CPG goods industries, chocolate enjoys a steady revenue in these
markets.
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ENTRY TRENDS- DECREASED ENTRY AND ENTRY IS SLOWER
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Figure 2. : New brand variants are fewer

Within the chocolate industry, we find that entry of new brands decreases over time.
This is in line with similar trends across the CPG goods industry (see appendix . Note
that, we define entry here as the occurrence of a new RMS brand variant in any store
in our sample anywhere. While the RMS data we use for subsequent analysis starts in
2010, we use an extended sample of all chocolate products in the raw Nielsen files from
2006 to define entry. This alleviates concerns that our definition might be over-counting
entry, because we allow for a substantial number of established products to show up in the
data from 2006-10. We check the sensitivity of these trends by changing the size of this
pre-period and the figure shows no qualitative change. Reduced entry is consistent with
higher entry costs or lower expected revenues within our model.
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Figure 3. : New cohorts enter more gradually
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We analyse trends in entry for a given product over time. To do this, we calculate the
share of the market occupied by a new brand every year after it enters. We average these
shares for all brands which entered in the same year, creating successive cohorts of post-
entry data. We plot shares for each year after entry for these different cohorts. What
emerges is that later cohorts take longer to occupy their peak market shares. Our model
of entry can be used to think about entry across geographies. A secular, higher cost of
entry across markets is consistent with this pattern. Here, each successive market that a

product enters will take longer and happen only when a suitably large idiosyncratic shock
strikes.

ADVERTISING POLICY IS SIMILAR ACROSS TIME

600 10.0

75

400 [

Million USD
Average GRP
2

200

2010 2012 2014 2016 2018 2010 2012 2014 2016 2018
year year

Figure 4. : Advertising program is similar across years

We plot the total money spent by firms in the chocolate industry in every year of our
sample period (in 2012 dollars) and find that the aggregate expenditure is similar across
years. We also plot the average GRP rating for all TV advertising by this industry in
each year for this period. The average GRP appears stable, except for a slight increase
near the middle of our sample. This could be because of more effective advertising during
non-election years, as has been shown previously by Sinkinson and Starc| (2018)
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ADVERTISEMENT IS SEASONAL, SPENDING IS LARGE

Spending
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Figure 5. : Average GRPs and spending exhibits strong seasonal patterns

We analyse the advertising data to understand within year variation in advertising by
chocolate companies. We plot expenditure in each month averaged across all years in our
sample, and find strong seasonal patterns which seem to follow cultural holidays which
generate higher chocolate demand (Easter, Valentine’s day and Christmas). We also calcu-
late average GRPs for ads in each month. We split this average for two groups: the top 10
advertisers in our sample (by total expenditure across years) and by all other firms. Besides
secular higher GRPs for the top firms across all months, we also find that top firms’ ad-
vertising is relatively less seasonal than other firms. This aligns well with a brand-building
motive: top firms advertise less in response to demand shocks but instead maintain a large
level of advertising over the entire year.

V. Reduced-form effects of advertising

We find that advertising (1) is a large fraction of revenue in the chocolate industry,
(2) tracks demand patterns within a year for many firms. In this section, we want to
understand how advertising generated ad-brand impacts sales.

Following the literature (Dube, Hitsch and Manchandal (2005)) Shapiro, Hitsch and Tuch-
man, (20210), [Bar and Haviv| (2021))), we define Ad-brand as a stock variable composed of
discounted sum of GRPs as the investment variable. This is to capture lasting effects of
advertising over time. We broadly follow prior literature in building the main specification
for our ad-brand: we shut off impacts for a given ad after a year, and choose a linear dis-
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count factor of 0.7 per month. This closely corresponds to a factor of 0.9 per week, which is
used by the previous literature (Dube, Hitsch and Manchanda, (2005)Shapiro, Hitsch and|
Tuchman| (20218), Bar and Haviv| (2021)). This gives steady levels of ad-brand [ We will
use this as our main treatment variable which varies ad exposure.

300 o [

N
o
o

Average A

100

2010 2012 2014 2016 2018
year

Figure 6. : Ad-brand with § = 0.7 month-on-month
A. Estimation strategy

We estimate a linear fixed effects models to identify the effects of advertising on sales.
For a product 7 in store s for time ¢, we use the following model as our main specification-

. —_— . . , . .. .
- 18 —18 S 7 () 3
(1) log(gist) = Blog(Aist) + dlog(A_ist) + 'log(pst) + s + 6 + ni + Eije + €

Here, A;s is ad-brand of the product 7, A_;s represents total ad-brand of the rest of the
products in the market. E|

Ex-ante, one would expect there to be considerable endogeneity in this setting that
could bias our estimates. Particularly, local demand shocks which are foreseeable could

2We run specifications with top 5 ad-brands added to this regression and find similar results.
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be correlated with advertising policies of firms. Firms could be advertising to increase
their relative shares during times of generally higher demand, which would induce positive
bias in our elasticity estimates. Similarly, if cost of advertising is highly correlated with
broader demand shocks, some firms may advertise less in response to these shocks giving
me a negative bias. We use ;j; to represent these unobserved product specific shocks that
may bias our estimates.

We use the institutional features of this setting to select a sub-sample of stores that has
quasi-random variation in advertising. Following (Shapiro, Hitsch and Tuchman 2021a),
we use the fact that since companies can only buy TV ads up to the DMA level, this is
the finest level of targeting they can achieve for their ads. Another institutional detail
that helps me is that the bulk of advertising is bought in the upfront ad-market early on
in the year. This is forecasted, seasonally dependent variation and is plausibly predictable
with location and time fixed effects. The remaining variation in advertisements comes from
local Spot ads, which are difficult to place precisely in time. These often fit into residual
timeslots available to local TV stations. Since there is large variation in the number of
people reached through these timeslots, it induces variation in the GRPs.

There is remaining concern that if there are local demand shocks which can be coarsely
targeted in time through local channels, advertising would still be potentially correlated
with local shocks across time. In order to effectively address this, our main specification
will construct a sub-sample of stores that faces comparable local shocks. We select stores
which are on the boundary of DMAs. Our linear model uses the variation in ad-brands for
stores lying which face otherwise similar local conditions but lie across DMA borders.

IDENTIFYING ASSUMPTION

The identifying assumption for this model is that the unobserved shocks to product sales
vary smoothly across DMA boundaries. Across DMA variation in ad-brand is discrete
across these borders, and are uncorrelated with changes in these local shocks.

Given that we focus on across DMA stores, unobserved location-product shocks should
be nearly similar across stores. After controlling for month and location fixed effects, the
leftover variation in advertising varies discretely across states and should be uncorrelated
with these local shocks.

B. FEstimates

We estimate this model first on the entire sample of stores, and then on the subset of
stores which are in counties that lie on DMA borders. [

3Since we only see county level geographic information on the stores, this is the finest selection of stores we can
achieve.
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log(yi)
Full sample Border sample
(1) (2) (3) (4)
log(p;) -0.3420 ** -0.3198** -0.3421** -0.3263**
(0.0068) (0.0021) (0.0086) (0.0022)
log(Abmnd(i)) 0.0019 0.0017 0.0018 0.0014
(0.0012) (0.0090) (0.0012) (0.0012)
log(4;) 0.0017** 0.0026** 0.0020** 0.0028**
(0.0008) (0.0009) (0.0009) (0.0009)
log(Aprand()) % 1(new) 0.0081** 0.0075%*
(0.0018) (0.0017)
log(4;) x L(new) -0.0036 -0.0034
(0.0027) (0.0022)
log(p-i) 0.973%* 0.883%* 1.000** 0.9168**
(0.0320) (0.0281) (0.0336) (0.0373)
log(A_;) -0.2408** -0.2073** -0.1639** -0.1638**
(0.0579) (0.0591) (0.0592) (0.0592)
log(A_;) x 1(new) 0.0107** 0.0108**
(0.0011) (0.0011)
N 408328461 408328461 207512796 207512796
Fized-effects
Brand Yes Yes Yes Yes
Store Yes Yes Yes Yes
Month of year Yes Yes Yes Yes
Table 1—:  Table of log(quantity)- log(ads) estimates. Column (1) and (2) use the entire sample, Column (3)

and (4) use the sample of stores which are on DMA boundaries. (2) and (4) have effects of advertising separately
identified for new brands (< 2 years old). Standard errors are clustered at the Storex Year level.

Since this is a log-log model, we can interpret the coefficient on advertising variables as
elasticities. We replicate findings similar to (Shapiro, Hitsch and Tuchman, 2021d) with
respect to own-advertising elasticity- the average industry specific elasticity of advertising
is low at 0.002. Since we use advertising by all the players in the industry, rather than
top brands and top competitors, this speaks to general advertising effectiveness within
the chocolate industry. These elasticity estimates are positive and significant for all our
specifications.

Importantly, we find a large, negative and significant estimate for total advertising by other
brands. This implies that increases in total advertising by competing firms reduces own
sales. This speaks directly to the incentive to advertise to reduce competitors sales. Even if
a large amount of advertising is not meaningfully important for own sales, it can contribute
to deter entry for competing products.

We investigate whether the effects are different for new firms. Specifically, we separately
identify these coefficients for new products that enter our data within 2 years of their
entry. These estimates, when significant, show mildly smaller effects of ads on sales by new
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products. This suggests that advertising by firms on TV doesn’t have very different effects
of sales of new products.

As robustness checks, we re-estimate this model with different specifications. We estimate
the model with stores from state borders removed. In order to check that the results are
not driven by stock buildup, we estimate the model only with GRPs: the flow variable.
We also relax the functional form assumption by estimating a linear-linear model. We find
similar results across all these specifications. For details, refer to appendix [C]

VI. Model

Motivated by these reduced-form results, which show that large volume ads by competitors
can indeed decrease sales of products, we write down a model that captures the demand
and supply in these markets. This model identifies demand parameters which capture sub-
stitution patterns between products based on relevant exogenous and endogenous (price,
advertisements) parameters. The supply model identifiers features of the strategic interac-
tion between firms in determining product prices, and advertising.

A. Demand

We model product demand using a nested random coefficient hedonic model (Berry, Levin-
sohn and Pakes| (1995),Nevo, (2001) ,Petrin| (2002)).

NESTING STRUCTURE.

We wuse a single, mutually exclusive partition of products into nests g €
G (either G = {Standard, Premium/Gifting, Dietary/Specialty&Baking} or G =
{Standard, Premium/Gifting, Dietary/Specialty, Baking}). Let J, denote the set of prod-
ucts in nest g for market m, time t.

UTIiLITY.
For product j € Jy(;) in market m and period ¢,

Uijmt = XjB + aDjmt + pAAjme + Zjmi0 + €jmt, €jme nested T1IEV with parameter A € (0,1),

Oijmt

where Xjp,; are core observables (size, cocoa type, etc.), pjmt is price, Ajmy; is ad-brand
capital, and Zj,,; are format/seasonality flags (e.g., minis/bites, wafer/cookie, seasonal).
The single inclusive-value parameter \ governs within-nest correlation.

Define the within-nest inclusive value IVgme = ;¢ ;. exp{0rme/A}-

Then:

N exp(0jme /) _ exp(Jjme/A)

= = (I‘/gmt))\
o Zkejg exp(ékmt/)\) I‘/gmt ’

YgeaUVgm)

Sy =
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The market share of product j is the product of the nest share and the conditional share:

Syt = Sy 8300 = ) (IVy(iyme) ™!
g'eG g'mt

With these shares, and market sizes M, firm prices yield consumer demand.

B.  Supply

Entry Period Cost Price decision Ad decision

&j¢ realised, Djt aj
Exit S
Static

STATIC PRICE SETTING

Firms set prices in a Nash-Bertrand static game.
Given the mean-utility vector d,,; and rivals’ prices p_y ,,;, firm f chooses its product
prices to maximize static profit:

max (pjmt - mcjmt) Sjmt(pjmt, P—fmt; 6mt) M
{pjmt}jGJf

Equilibrium prices are those that solve this problem for all firms simultaneously.
ADVERTISING PoLicy

We allow firms to advertise for reasons other than ad-deterrence. There are various possible
theories for why firms may advertise outside of influencing consumer demand or shaping
favorable market structure (Bagwell, [2007). For instance, managers in larger firms may be
risk averse against experimenting away from established advertising patterns, as posited by
Shapiro, Hitsch and Tuchman! (20218)). This essentially results in a principle-agent problem,
where the optimal action is not undertaken by a manager who is sufficiently exposed to
risky outcomes (Shavell, (1979). Another reason in this market could be related to vertical
bargaining between firms and wholesalers. If firm bargaining positions are influenced by
their advertising capabilities, this might result in better payment schemes and product
positioning for firms’ products vis-a-vis wholesalers (Morton and Zettelmeyer, [2004]).
Motivated by these arguments, and the empirical patterns observed for advertising in this
market, we model firm advertising policy through additively-separable components related
to demand & market structure (through entry deterrence via lower future demand), A%
and additional size and time dependent policies A. This is a function of the relevant state
s:
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A(s) = Ag(s) + f(ry) -G + e

Here, other supply related reasons to advertise are captures through a flexible function f(.)
of firm size (in revenue) r;. In order to capture seasonal changes in these advertising supply
strategies, we identify scaling factors (;. pj; is a shock drawn from a normal distribution
with variance o2 that explains other variation in prices.

A’ (s) is determined within the model as the optimal, profit maximizing level of advertising
by a firm in state s. This is the level of advertising firms would arrive at if A(s) = A}(s)
for all firms. In general, firms form rational expectations about A(s) for all players in the
future, bearing in mind that potential entry by competitors will change market structure
and future profits.

V(s) = mazq,n(®,A;, A_j, P) — caj + BE[V (s')]

Here ® represents a vector of mean utilities of each product, P represents the vector of
prices and A_; represents the vector of competitors’ ad-brands.

ENTRY

A potential entrant arrives every period, with a mean value drawn from a lognormal dis-

. . . . 2
tribution with mean ppe and variance o,.

v ~ Lognormal(fipe, U}%e),

so that Inv ~ N (pipe, 02 ).
The entrant enters if this value exceeds the entry cost C. For a potential entrant, the value
of the product is:

V(s)=—-C+n(®,4;,A_;, P)+E[V((s))]

Firm have rational expectations about competitors’ advertising policies and evolution of
the state variable s.

C.  FEquilibrium.

A Markov Perfect Rational Expectations Equilibrium (MPREE) consists of: (i) incumbent
policy functions (p;(s),a;(s))jes, (ii) an entry rule for potential entrants, and (iii) a law
of motion P(s’|s), such that:

1) Incumbent optimality. For each j and every state s, (p;j(s), a;j(s)) maximizes
mj(®(s), Aj, Ay, P(s)) = Cla;(s)) + BE[V;(5) | 5, a;(s), a—j(s)],

taking rivals’ Markov policies (p—;(-),a—;(-)) as given.
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2) Static pricing. Given s and rivals’ prices, p;(s) solves firm f’s Nash-Bertrand static
profit problem with demand sy,;(-) implied by d(s).

3) Entry optimality. A potential entrant with draw v ~ Lognormal(jipe, 0'12;@) enters
if and only if

Vert(s) > C, where V(s) =P (s) —C+ ,BE[VPOSt(s') | s] .

4) Consistency of beliefs. The transition P(s'|s) is generated by the ad-stock law
A = (1 —06)A; + a;i(s), the entry rule, exogenous shock processes, and the policy
7 J J
profile {(p;(-),a;(-))}jers. Agents’ expectations are correct: perceived and actual P
coincide.

5) Market feasibility. Shares sj,; integrate to market size M,,; and the realized
product set evolves as J' = J UE.

VII. Estimation and Identification

We estimate the model in two stages. First, we estimate the static demand system de-
scribed above, recovering how prices and advertising affect product demand and substitu-
tion patterns. Second, taking these demand parameters as given, we estimate the dynamic
component of firm behavior related to advertising and entry deterrence.

A.  Consumer Demand

Demand estimation follows directly from the nested logit structure in the Model section.
Using the standard inversion for one-level nested logit, the estimating equation is

In Simt — In S0,mt = ijt/B + A Pjimt + pAAjmt + ijte + (1 - )\) In Sg(j)mt + éjmta

where s;,,; is the observed share, sq,,; is the outside share, Sg(j)
share, and &, captures unobserved demand shocks.
A key identification challenge is that both prices pjm,: and advertising A;,,; may be corre-
lated with &j,,,;. We address this endogeneity using instruments Zj,,; that shift prices and
advertising but do not directly affect demand shocks:

mt 1S the observed nest

E[é‘jmt | ijt] =0.

For prices, we use standard differentiation instruments based on rival characteristics, as
well as variation induced by media-market boundaries that affects competitive conditions
and pricing incentives. For advertising, we use media-market boundary variation that
shifts advertising exposure and cost but does not directly change consumer tastes. These
exclusions require that advertising reach and price discontinuities at DMA borders affect
demand only through firms’ advertising and pricing decisions, not through preferences.
We estimate the demand parameters by GMM using these instruments.
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VIII. Supply Estimation

We now turn to the supply side. The goal is to recover how firms choose advertising in
a dynamic environment where current advertising affects both current demand and future
market structure through entry deterrence. Observed advertising reflects three forces: (i)
own—demand returns, (i) entry—deterrence incentives, and (iii) other systematic motives
summarized by f(r;)¢;. Our objective is to separate these components in the data.

We estimate supply in two steps. Step 1 recovers the static pricing behavior implied
by the estimated demand system, and estimates a reduced—form entry hazard that links
incumbents’ ad stocks to future entry. Step 2 uses local revealed—preference comparisons,
in the spirit of 7, to decompose observed advertising into own—demand, deterrence, and
residual components, without solving the full dynamic game.

Step 1: Entry hazard

We want to identify the effect of incumbent advertising on the timing of entry. We es-
timate a reduced—form entry hazard that tells us how increase in ads today shifts the
probability that a new product appears sooner rather than later. Identification comes
from media—market (DMA) border variation that changes ad exposure while holding local
demand conditions smooth across the border.

DISCRETE-TIME HAZARD.

For market m and period t, let E,, +4+1 € {0, 1} indicate that a new product enters between
t and t+1. Conditional on no prior entry in the spell, define the hazard

hopt = Pr(Emﬂngl =1 ’ no entry by ¢, smt).
We parameterize
bt = Ao + YadAme + Xpy + U + T0)

where A(+) is logit or complementary log—log, A, is a flexible function of incumbents’ ad
stocks (e.g., levels and moments), X,,; are controls, ¥, are market fixed effects, and 7 are
time fixed effects.

BORDER INSTRUMENTS AND EXCLUSION.

To address endogeneity of Ay, we use DMA-border instruments Z;2, that shift ad exposure
discretely across borders while preferences and costs vary smoothly:

E[nmt | errlLt? th7 d}mv Tt] = 07
with a first—stage

Amt = o + ™ Z;it + X;ntﬂ- + VY + T+ Ui, ! 750
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FROM HAZARD TO TRANSITIONS.

The estimated hazard A gives the probability of entry in the next period. Combined
with the observed law for other state variables, this yields the transition kernel P(sp, ¢+1 |
Smt, @mt) that we use in the dynamic supply step.

A. Step 2: Advertising Motives

Our goal is to decompose observed advertising into three parts at a given state s: (i)
the level justified by demand-side returns, (ii) the extra justified by entry deterrence, and
(iii) the residual “other motives.” We proceed in a revealed-preference spirit: use the
estimated demand system and the estimated entry hazard to ask whether small deviations
from the observed ad choice would raise or lower the firm’s value. Critically, we build the
decomposition sequentially: first rationalize ads via demand alone; then, starting from that
demand benchmark, layer in the value of deterring entry; finally, compare the combined
benchmark to what firms actually do.

STEP 1: DEMAND-ONLY BENCHMARK

Define the demand-side marginal benefit of advertising at (j,m,t):

_ Omjmi 04; OVPM(s)
T 9Ajm OAjmy  OA,

dem/ .
MBS (s; A)

where 7;y,; uses the estimated demand system (including p4) and A; is the next-period ad
stock (given the ad-stock law already specified above).
Current-period term. Using the chain rule,

o jmit 8Sjmt
= (Djmt — MCjme) M,
8A_jmt (p]mt ]mt) mt aAjmt
= pa- Vjmi(0;9)
Here U (6;s) := ggj:: is the (known and computable) share derivative with respect

to mean utility under the estimated nested-logit system; we multiply by p4 because
a(sj’rr’b7f/af4]'rmf = PA.

Continuation term (demand channel only). Given the ad-stock law, the marginal effect
of raising Aj,,; by one unit today propagates to period t + 7 as (1 — §)". Holding rivals’
policies fixed (as in BBL), the continuation derivative is

a‘/}OWH (S/)

oA =E Z Ci {(pjmt+7’ — MCjmttr) Mmttr pa Uit r (6 St+7’)} (1-=8""1]s|,

T>1
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where the expectation is taken over demand shocks and the (estimated) state evolution,
keeping rivals’ observed policies fixed.

The demand-only optimal advertising level A;-iem(s) solves the scalar first-order condition
c = MB?em(s; A?em(s)).

In practice we compute A;-lem(s) by a local search (BBL): evaluate the value difference for
small deviations {A;n,; £ e} around the observed state s, with rivals’ policies held fixed;
using bisection to find the A at which MB‘}em(s;A) crosses c¢. This yields the demand-
rational benchmark that we will start from in the deterrence step.

STEP 2: ADD ENTRY DETERRENCE ON TOP OF DEMAND

Let h(s) be the estimated entry hazard from Step (1) (see [VIII) and let AVj(s™) :=
Ve entry () — Vjemry(sﬂ be the continuation-value gap between paths with and without
a new entrant, computed under the observed policy profile.

The marginal benefit from entry deterrence, evaluated at the demand benchmark, is

Oh(s)

(ot
8Ajmt:|A:Adem CAV(sT).

MB‘;et(s;A?em(s)) =p {—

We then find the demand+deterrence optimal level A‘;em+det(s) as the solution to
c = MB;}em(S; A}ieerdet(S)) + MB?et(s; A?em+det(s))’

starting the search from A;iem(s).

This respects non-additivity: deterrence is evaluated and re-equated jointly with demand-
side returns, conditional on the demand benchmark.

We compute MB?et(s; A}-iem(s)) in three steps.

(i) Hazard slope. Since entry is modeled via a logit hazard,

h(s) = A(W(S)TB) , gzj(i)t

= Ba-h(s)(1 - h(s)),

where B 4 is the estimated coefficient on incumbent advertising exposure in the hazard.
(ii) Continuation-value gap. To obtain AV;(sT), we construct two next-period states that
differ only in whether a new product is present and simulate forward profits under the
observed policy profile. For each horizon 7 > 0, we compute

no entry

ent
Titr and 75
bl

Jt+T

using the estimated demand system and the Nash—Bertrand pricing mapping from Sec-
tion ?7. Future profits are discounted at (5, and the sequence is truncated at a horizon



22 MAY 2023

T such that additional discounted terms are negligible; the tail is approximated by an
autoregressive continuation factor estimated from the simulated path.

(iii) Demand+deterrence optimal advertising. Given the demand benchmark A‘;em(s), the

optimal advertising level accounting for both demand and entry deterrence, A?eerdet(s),
solves

c= MB}iem(S; A?em+det(8)) + MB?et(S; A?em+det(8)) ]

We solve this scalar condition by a one-dimensional search beginning at A;-lem(s); at each
trial point we recompute total marginal benefits and update the advertising level until
marginal benefit equals marginal cost.

This two-stage construction ensures that deterrence is evaluated conditional on the
demand-rational advertising level, and that the final A;-ieerdet(s) equates the full marginal
value of advertising—current demand, future demand via ad stock, and reduced probability
of future entry—to marginal cost.

STEP 3: RESIDUAL “OTHER MOTIVES”

Define the residual component at state s as

A]‘(S) — A;bS(S) _ A;i‘.em—i-det(s)‘
In the model, we summarize this residual with
Aj(s) ~ f(ry) G + it

and characterize it by regressing /Nlj (s) on firm size r;, time factors (;, and other observables.
Large, systematic flj(s) indicate advertising that cannot be rationalized by demand returns
or by entry deterrence, consistent with brand-positioning, agency, or bargaining motives
on the supply side.

B. Identification

This section summarizes how the key components of the supply model are identified: (i) the
entry hazard, and (ii) the decomposition of advertising motives. Each object is identified
using variation that shifts the relevant incentive while holding confounding factors fixed.
The core idea is that the entry process is identified from exogenous differences in ad-
vertising exposure across media—market borders, and the supply decomposition uses re-
vealed—preference inequalities that rely on the consistently estimated demand and hazard
objects.

ENTRY HAZARD

The probability that a new product enters a market is

himt = A0 + vadmt + Xy + m + 7))
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where A,,; summarizes incumbent ad stocks.

The coefficient v4 captures how advertising shifts the likelihood of entry. The identifying
variation is cross—border exposure differences: media markets broadcast across county lines,
generating discrete changes in observed advertising that are not correlated with smooth
changes in local demand fundamentals.

Identification of v4 therefore relies on

A
E[nmt ‘ th7th7¢m77—t] =0, m= aZ;gt

70,

which ensure the instrument shifts incumbent advertising exposure but not the unobserved
drivers of entry. This delivers a consistent estimate of h(s) and its sensitivity Oh(s)/0A,
which are then used in the supply decomposition.

ADVERTISING MOTIVES

The final object of interest is how observed advertising decomposes into three components:
(i) demand-driven, (ii) entry—deterrence, and (iii) residual motives f(r;)¢;. Crucially, this
step does not require new instruments. Once the demand system and entry hazard are
consistently estimated, we recover behavior using revealed—preference inequalities:

e The demand benchmark A?em(s) equates marginal cost with the marginal value of
own—demand advertising.

e The deterrence adjustment adds the marginal value of reducing entry probability,
using the estimated dh(s)/0A and continuation-value gap AV;(s™).

e The difference between observed advertising and the rational A?em+det(s) is at-
tributed to other motives.

Formally, the core identifying condition is that marginally profitable deviations would have
been taken:
E|V;(s; A7™(s)) > Vi(s;45™(s) £¢) | 5|,

with value functions constructed using the already—identified demand parameters and haz-
ard. Thus, identification of the supply decomposition leverages observed optimality behav-
ior and the consistency of the first—stage estimates rather than new exclusion restrictions.

Together, these strategies identify each piece of the model from distinct variation:
taste—driven product substitution for demand, exogenous border exposure differences for
entry, and revealed—preference comparisons for supply motives.
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MATHEMATICAL APPENDIX

THEOREM A.1: If w(A;, A_;, N) is strictly increasing in A;, and strictly decreasing in
A_; and N for any point in the support of &, then Ty is positive.

PROOF:

We will prove this in 2 steps. In Step 1, we will show that given = (.,.,N) is strictly de-
creasing in N, then the expression 75 is positive if increases in a create first order stochastic
dominated shifts in the probability IP(N, a) over N. For step 2, I will show that increasing
a induces first order stochastic dominated shifts in the probability IP(N,a) over N. Both
of these put together imply that 75 is positive.

Step 1:

dIP(NQ,CL)

Ty =3 > (B (..., No).—— =]

Nae{Ni1,..,.N1+M}

Define ¢(a) as
ola) =8 > [En(.,., N2).P(No,a)]

N2€e{Ny,..,N1+M}

By this definition, ?Tf = T5. Thus, in order to show that T5 is positive, it is sufficient to
show that ¢(a) increases in a.

Now, we will show that if a induces first order stochastic dominated shifts in the probability
P(N,a) over N, then ¢(a) is increasing in a. Observe that, by the assumption that (., ., N)
is decreasing in N, we have that the sequence {7(.,.,N)}nyeqn,,. n+m} 1S decreasing.
Finally, I re-interpret ¢(a) as an integral over a decreasing function f(n) := m(.,.,n) on
the discrete space {Ni,..,N1 + M}, by viewing pu(n) = P(n) as a discrete measure on
{va"7N1 +M}

f(n)u(n)

Then, it follows from Theorem (1) in Quirk and Saposnik| (1962)) that ¢(a) is increasing in
a. N

The intuition here is that increases in @ increase the weights P(N) for smaller N. Since
the sequence 7(, .., V) is decreasing in NN, this essentially increases the weighted sum .

o= |
nG{Nl,..,N1+M}

Step 2: Now, to show that increasing a induces first order stochastic dominated shocks
in P(N,a) over N, I will show that the sign of the derivative W is only negative first
and then only positive thereafter.

We use the model to write the expression for the probability P(N; + K) that there are
N7+ K products in period 2. This means that K products entered the market, and M — K
products did not enter. Since we assumed the shocks £ for each individual product are
independently drawn, we can write down the expression for entry of K firms as a composite

event. Let F'(.) denote the probability distribution over . Define ex := F(n(a,., N1+ K)),
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which is the probability for the event that a product enters among the cohort of K firms
in period 2. Then, P(N; + K) is related to ek as:

M
P(N, + K,a) = <K)e§(1 —eg)M R
Then, the derivative of P(N; + K, a) is

I i )¢k (1 —ex)M BN K — Mey)——

N da

By our assumption that m(a,., N1 + K) is strictly decreasing in a, dgfj < 0. Thus, the sign
of W is determined by the sign of (K — Meg).

Its easy to see that for K =0, (K — Meg) < 0 and for K = M, (K — Meg) > 0. Now we
need to show that this sign changes only once, and then we would have proved Step 2.
Observe that {e; > es >,.. > eps} since we assumed that 7(a,., N1 + K) is decreasing in
N1 + K.

Suppose that the series (K — Meg) changes sign more than once. We know that it is
negative first and positive eventually, so let’s pick the smallest integers { K1, K1 + L} for
which the sign flips from negative to positive and then from positive to negative respectively.
This implies:

K — M€K1 >0
M€K1+L —Ki—L>0
Adding these inequalities, we have

€K+ — €K, > L/M

But we know that ex,+1 — ek, is negative, so this cannot hold. Thus, we have a contra-
diction.
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DETAILS OF DATA MERGE

Ad Brand Occurence Impression UE RMS Brand
Pl [1-6-18
Reese’s Reese’s
Pnt 1-6-18, 13000 p2| 92 |8-6-18 Peanut
P P € |14200
Btr Cup 14:00 P393 [15-6-18| Btr Cup
D444 |1-6-18

RMS brand < Ad-brand name match

| Reese’s Pnt Btr Cup |Jun 2018 | 0.91 | D | q |

GRP price  quantity

Unfortunately, there are no viable identifiers to link products in the RMS panel data and
the advertisements data. I use fuzzy string matching to create a crosswalk between ad-
brands and RMS brands.

Since there are a large number of advertising brands, a fuzzy string matching exercise
which looks for matches for RMS-brands among all the ad-brands runs into dimensionality
issues and becomes infeasible. In order to solve this problem, I subset the set of ad-brands
to only include advertisement product categories with marketcodes which are topically
related to chocolate brands. I employ a bag-of-words logic, where a topic (chocolates)
is identified with a bag-of-words which are statistically most likely to describe chocolate
brands in the RMS data. I select the most frequent 15 words that occur in RMS brands.
Using this word list, I identify the marketcodes among advertising products. I use the set of
products with these marketcodes as the master list of ad-brands, and for each RMS-brand,
I create and save the Jaro—Winkler distance to the top 10 RMS-brands for each ad-brand.
Finally, I manually check these potential matches to identify which RMS-brands matched
successfully to particular ad-brands. At the end of this procedure, I am able to match
more than 90% of ad-brand names for our selected (advertising) marketcodes to a specific
RMS brand.

The advertisement data also has advertising under a general brandname, e.g., “Hershey’s
chocolates”. 1 allow advertisements with this general ad-brand to be related to all RMS
brands which carry the brand label (“Hershey’s”, in this case). Through this process,
I match all general ad-brands to multiple related RMS brands. This procedure creates
a comprehensive match between advertisements and sales for almost all brands in this
industry. Furthermore, since the AdIntel data has identifiers for advertising parents, I
create the ownership structure in this market through this match process which will be
crucial for the supply model.



ADVERTISEMENTS AS BARRIERS TO ENTRY 29
ROBUSTNESS CHECKS
EXCLUDE STATE BORDER VARIATION

Stores which lie in different states might have different demand, or more plausibly, supply
decisions arising from state regulations. Since DMAs are often a sub-grid of States, across
DMA variation could be confounded by unobservable differences in sales due to across-
state variation. I carry out a robustness check where I reduce my sub-sample of stores to
stores which are on DMA boundaries, excluding stores that lie on state boundaries. This
selects for a specific subset of stores which are more likely in state centers as opposed to
peripheries. In the presence of heterogeneous treatment effects, one can expect different
elasticity magnitudes for this sub-sample ex-ante, but should be hopeful of the same signs
from our estimates if underlying mechanisms act the same way.

log(yi)
(1) (2)
log(p;) -0.3097 ** -0.2938**
(0.0090) (0.0024)
log(Abmnd(,-)) 0.0013 0.0009
(0.0011) (0.0011)
log(A;) 0.0020** 0.0028**
(0.0011) (0.0009)
log(Aprand(iy) % 1(new) 0.0069**
(0.0017)
log(A;) x 1(new) -0.0050**
(0.0022)
log(p-1) 0.9656** 0.9032**
(0.0339) (0.0291)
log(A_;) -0.1946** -0.1653**
(0.0543) (0.0553)
log(A_;) x 1(new) 0.0108**
(0.0011)
N 58,477,230 58,477,230
Fized-effects
Brand Yes Yes
Store Yes Yes
Month of year Yes Yes
Table C1—: Table of log(quantity)- log(ads) estimates for stores on a DMA border but not on a state border.

(2) has effects of advertising separately identified for new brands (< 2 years old). Standard errors are clustered at
the Storex Year level.

I indeed estimate similar effects of ads- own ads have small, positive and significant effect
on own sales while other total ads have meaningful negative elasticities for own sales.
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ALTERNATE FUNCTIONAL FORM

I test the robustness of my results with the choice of a different functional form assumption.
I estimate a linear-linear model for sales and advertisements, with the same set of controls.
I find similar signs of the effects.

(%)
M 2)
i -72.041 ** -0.2938**
(34.4408) (0.0024)
Abrandi) ~0.0783%* 0.0009
(0.0383) (0.0011)
A; 0.2681** 0.0028**
(0.1095) (0.0009)
Abrand(i) x 1 (new) 0.0069**
(0.0017)
A; x 1(new) -0.0050**
(0.0022)
P-i 59.13%* 0.9032%*
(3.352) (0.0291)
A, -0.0204** -0.1653**
(0.0064) (0.0553)
A_; x I(new) 0.0108**
(0.0011)
N 103,095,487 103,095,487
Fized-effects
Brand Yes Yes
Store Yes Yes
Month of year Yes Yes
Table C2—: Table of quantity- ads estimates for stores on a DMA border. (2) has effects of advertising separately

identified for new brands (< 2 years old). Standard errors are clustered at the Storex Year level.

While I cannot compare magnitudes of these estimates to my main specification, the relative
importance of own ads and total ads flips. Own ad effects are still positive and significant
and total ad effects are negative and significant. However, the effect of additional total
advertising in the linear model is less in magnitude compared to own-ad effects. One
way to explain this is through a heterogeneous effects framework, where log-models weight
effects of smaller-level advertising more. Alternatively, it is instructive to note that total
other advertising is overall very large compared to own-advertising for this industry. Given
this, log models represent percentage changes in own-advertising which in GRP terms are
smaller changes for many firms than total other advertising (the two differ in means by
a 230 scale). Nevertheless, markets do see large changes in total advertising which are
estimated to have an economically meaningful effect on product sales in this specification
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as well.

I also check robustness against spurious correlation arising from the construction of Ad-
brand. Given that ad-brands are cumulative sums of GRPs, for some values of § they can
be correlated with increasing sales trends by construction. In my data, I have shown that
industry level revenues show no trends while my preferred Ad-brand construction (6 = 0.7)
shows statistically insignificant negative trend. Nevertheless, it is possible that individual
product level sales over time could have this spurious correlation. I estimate my main
specification by only using the GRPs in current period as the independent variable. E| This
yields similar results, alleviating concerns of spurious correlation.

log(yi)
0 )
log(p;) -0.3187 ** -0.283%*
(0.0069) (0.0015)
10g(Aprand(s)) 0.0007 0.0002
(0.0009) (0.009)
log(A;) 0.0047%* 0.0049%*
(0.0009) (0.0009)
log(Aprand()) % 1(new) 0.0006**
(0.0001)
log(A;) x 1(new) -0.0060**
(0.0027)
log(p_3) 0.9435%* 0.8689**
(0.0295) (0.0309)
log(A_;) L0.0018%*%  -0.0021%*
(0.0021) (0.0023)
log(A_;) x 1(new) 0.0124**
(0.0011)
N 103,095,456 103,095,456
Fized-effects
Brand Yes Yes
Store Yes Yes
Month of year Yes Yes
Table C3—: Table of log(quantity)- log(ads) estimates for stores on a DMA border using no accumulation of

ad-capital. (2) has effects of advertising separately identified for new brands (< 2 years old). Standard errors are
clustered at the Storex Year level.

4This also corresponds to a static ad-process with a § = 0



32 MAY 2023

Maps: GRPS, RESIDUALS AND STORE RESTRICTIONS

I use geographic information to subset stores which lie on DMA borders. To do this,
I download shapefiles of US counties. Using the SF (Simple features) package in R, 1
identify the counties whose borders overlap with DMA borders. This creates the sub-
sample of firms I use in my main specification. I am including a plot of US counties which
are color coded- red indicates counties that are excluded and blue counties are the border
counties I end up using as my geographic sub-sample.

40°N-
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30°N -
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130°W  120°W HOW  100°W 90°W 80°W 70°W

Figure D1. : 1) Raw map of US counties (2) Red counties are excluded, blue are included
in main specification

Furthermore, I remove the counties which are on state borders for one of my robustness
checks described in the previous section. I also plot the counties by their inclusion status
below.

130w

Figure D2. : Red counties are excluded, blue included in robustness check without stores
on state borders
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SIMULATION FOR ENTRY DETERRENCE

As a proof of concept, I simulate a market with otherwise identical firms where deterrence
occurs in equilibrium. I create a market which has logit shares coming from identical firm
value. There is no price in this simple simulation, only advertising is the firms choice which
generates difference in shares. Finally, there is a fixed cost which determines the maximum
number of firms that can exist in a steady state equilibrium. Below is a plot of this
maximum firm count by fixed cost.

Number of firms in full entry vs fixed cost
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Figure E1l. : Max firm count N* by fixed cost. Note that in each equilibrium, firms select a profit maximising
identical level of advertising endogenously.

Now, as a minimal example of deterrence, I find a level of (identical) advertising by N* —1
incumbent firms so that an N*th prospective firm has zero lifetime profit. If the N*th firm
were to enter, I plot below in the subsequent ad-capital and generated market share
paths in a dynamic equilibrium for these firms. Both of these eventually converge to steady
state levels.
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Ad capital after entry
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Figure E2. : 1) Ad-capital path (2) Shares, for incumbents in orange and entrant in blue.

Main takeaways here are that by keeping the level of advertising slightly higher than the
steady state level (Y intercept of the orange line), incumbent firms can actually keep
entrants out. In this particular case, I chose the profits and fixed costs such that it is
actually profitable for N* — 1 firms to deter entry of the N*th firm.
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BROADER ENTRY TRENDS IN CPG GOODS INDUSTRIES

Decrease in entry counts is a broader pattern than extends beyond the particular industry
that I focus on in this paper. I look at the count of new UPCs that show up year after
year, and compare them to the counts in 2007. This count has decreased substantial for
all broad categories of dry groceries found in the Nielsen data.

= \ Departments
Health and beauty
Dry grocery
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Non-food grocery
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Figure F1. : Number of new UPCs entered as a fraction of 2007 count

Furthermore, I find similar patterns of staggered entry over time for products in all of these
markets. Firms enter markets gradually and then reduce their presence from many stores.
For each year after a product enters the data, I calculate it’s presence as a share of its
maximum reach after entry. I average this for all entrants within broad product categories
to arrive at the following figure:
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Figure F2. : Products enter stores gradually over time
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