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Abstract
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and the probability with which they match with high valuation consumers (“targeting”).
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did not sufficiently increase their targeting investment relative to the social optimum.
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1 Introduction

Advertising helps firms build a customer base by spreading product awareness. To

accomplish this goal, firms have traditionally employed a mixture of broad-based adver-

tising (e.g., door-to-door sales, billboard ads, or print and radio advertising) and targeted

advertising (e.g., buying mailing lists or sending customer catalogues).

While these practices have been widely used by businesses for over a century, recent

technological advances and, in particular, the rise of digital advertising over the past

few decades, have improved the efficiency of both broad-based and targeted forms of

advertising.1 These technological changes in advertising are affecting how customers are

reached and how markets are structured, and they are likely to have consequences on

industry dynamics, and competition. Yet, little is known about their overall effects at the

macroeconomic level and, ultimately, about their impact on aggregate social welfare.

This paper aims to fill this gap by uncovering and quantifying the macroeconomic effects

of changes in advertising technologies. To do so, we develop a theoretical framework that

addresses two important dimensions of advertising seldom considered in the macroeco-

nomics literature: firms reaching out to new potential customers (“contacting”), and firms

aiming at those consumers who are more likely to purchase their products (“targeting”).

Building these mechanisms into a general-equilibrium model with heterogeneous con-

sumers, and calibrating its parameters to a period of time that saw a rapid increase in

advertising efficiency in the United States, we find that improved advertising technologies

have several effects: (i) due to reduced costs of both contacting and targeting, firm-

consumer match quality improves (i.e., consumers found their most preferred products

faster), which increases aggregate productivity, consumption, and welfare; (ii) declining

costs in contacting and targeting have opposite effects on competition: faster contacting

fosters competition while better targeting allows firms to charge higher markups; (iii) con-

tacting and targeting are substitutes at the firm level: a decrease in the cost of contacting

(respectively, targeting) reduces the intensity of targeting (respectively, contacting); and

(iv) like firms, the social planner allocates more resources to both contacting and targeting

as a result of improved advertising technologies, but the increase in targeting investment

by firms is too small relative to the social optimum.

In our model, a fixed measure of consumers seek to purchase products from an ex-

panding set of imperfectly substitutable product categories. In each category, there are

1Digital advertising has vastly outgrown any other advertising method: by 2024, it accounted for roughly
60% of total ad revenue worldwide, and it is expected to surpass 70% by 2028 (data by Dentsu, sourced from
Statista: https://www.statista.com/statistics/375008/share-digital-ad-spend-worldwide/).
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a finite number of firms producing horizontally differentiated products and competing

strategically. Consumers are heterogeneous in their idiosyncratic tastes for the different

products within each product category. To this standard expanding-varieties model, we

introduce information frictions in the form of limited product awareness: at each point in

time, consumers are only aware of a subset of the products that are being sold in each

product category.2 Idiosyncratic awareness sets evolve endogenously as new consumer-firm

connections are formed as a result of the firms’ strategic advertising choices. Thus, our

framework models demand as an endogenous network between consumers and producers,

nesting the standard Dixit-Stiglitz demand structure as a limiting case when networks are

fully saturated.

In this economy, each consumer purchases, in equilibrium, at most one product from

each product category — the one which offers the best price-to-valuation comparison

among the set of known alternatives. A firm’s demand is thus not only a function of prices

along the intensive margin, i.e., incumbent customers purchase a lower quantity if the price

increases, but also along the extensive margin: price changes induce some consumers to

switch away from their incumbent sellers into firms in their awareness set that offer better

price-to-valuation ratios. Throughout the paper, we refer to this extensive margin as the

“sorting component of demand”.

To this framework, we introduce advertising as a technology that affects how connections

are formed between consumers and firms over the product’s life-cycle. There are two

dimensions to advertising in our model. First, firms can directly affect the rate at which

they form new network connections at random, i.e., the rate at which consumers randomly

match with firms and learn about them for the first time. We call this contacting. Second,

firms can distort the probability of meeting a consumer with a high valuation for their

product. We call this dimension targeting, as it allows firms to reach consumers with higher

idiosyncratic preferences earlier on, expanding demand along the intensive margin at given

prices. In sum, advertising fulfills two related but distinct roles in our model: it raises

product awareness, and it facilitates the formation of better matches with fewer network

connections.3

To characterize the equilibrium, we assume that firms make their advertising decisions

2We label information frictions for consumers within the network with the term “limited awareness”
following the empirical literature on this topic (e.g., Goeree (2008) and De Los Santos, Hortaçsu and
Wildenbeest (2012)). Limited awareness captures frictions such as a consumer having no knowledge of a
product’s existence, the idiosyncratic match to their preferences, and/or the location of a distributor.

3While our paper focuses on informative advertising, advertising could also serve a persuasive role, a
dimension that is absent from our baseline model. In Appendix C, however, we propose an extension of the
model that incorporates persuasive advertising.
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strategically (i.e., offering a best response to the decisions of others) and once-and-for-all at

birth. Moreover, firms make their pricing decisions simultaneously in a repeated Bertrand

game. While our focus is on a Markov Perfect Equilibrium with symmetric strategies, we

derive firms’ best response functions by allowing for unilateral, off-equilibrium deviations

in both advertising and pricing strategies.

Given advertising strategies, we show that a firm’s optimal pricing policy is to set a

markup which declines in the price-elasticity of the sorting component of the firm’s demand

— an object that we label the “extensive-margin demand elasticity”. Intuitively, when the

consumer is aware of few alternatives to her current seller, a price change is less likely

to induce a separation. As a result, firms wield more market power when networks are

sparse. However, when product awareness sets are more saturated and consumers know

about more firms, demand curves become more price-elastic along the extensive margin,

implying lower price markups. We further show that in an equilibrium with symmetric

pricing and advertising strategies, the extensive-margin demand elasticity is an increasing

function of the average size of awareness sets (namely, the number of competitors that

the firm is effectively facing) but not of their composition (namely, which firms compete

with which). As an implication, markups are monotonically decreasing in the saturation

of firm-consumer networks: greater product awareness strengthens competition between

firms and lowers markups in the industry.4

The core mechanism of our model lies in how the two different dimensions of advertising

(contacting and targeting) interact with the firms’ pricing strategies just described. On the

one hand, a higher contact rate accelerates network formation and, therefore, yields lower

consumer misallocation through better sorting: with more (random) contacts per unit of

time, consumers have more alternatives to choose from, so they gain faster access to prod-

ucts that they may prefer over those that they are currently purchasing. As networks expand

faster, firm competition intensifies earlier on, and markups decline faster as information

disseminates. On the other hand, a high degree of targeting allows firms to more rapidly

find high willingness-to-pay consumers — those less likely to switch to new products as

their networks expand. This allows a firm to extract a higher match surplus while being

able to maintain high prices. Hence, targeting lets firms segment their market and more

easily find the most profitable and least price-sensitive consumers, weakening competition.5

4In our parameterization, networks tend to become denser as the product category ages. However, the
model admits other relationships between markups and firm age in equilibrium, so long as parameter values
are such that networks do not monotonically expand on average with age. Our theory is, therefore, flexible
enough to accommodate different age profiles of markups.

5To be precise, this is a partial-equilibrium logic that applies to off-equilibrium deviations in targeting from
the symmetric strategy. In the symmetric equilibrium, targeting has no direct effect on product awareness
nor, therefore, on markups. However, targeting affects the return to contacting, so it indirectly does impact
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To make progress on the aggregate effects of advertising, we show that, in spite of

the underlying heterogeneity, our model aggregates to a representative-agent neoclassical

growth economy with endogenous aggregate TFP. Aggregate TFP, in turn, increases in what

we call “aggregate match quality”, an endogenous object that encompasses the aggregate

effects on productivity of targeting and demand sorting.

Equipped with this characterization, we compare the symmetric decentralized equilib-

rium allocation to that of a constrained social planner that is subject to the same product

market frictions as the agents in the market economy. In this comparison, we uncover

various inefficiencies. First, there are static losses in aggregate TFP from market power,

and, in particular, from markups being dispersed across product categories, reflecting that

both capital and labor are misallocated away from high-markup (i.e., low awareness) cate-

gories. Dynamically, markups generate underinvestment in physical capital, which further

depresses output relative to the efficient benchmark. Second, firms do not internalize the

effects of their advertising choices on aggregate outcomes. On the one hand, as they do

not appropriate the full consumer surplus when forming a new connection, there is under-

investment in both contacting and targeting. On the other hand, firms over-invest due to a

business-stealing effect: a higher advertising intensity increases the chances of attracting

customers of other firms. The planner, instead, understands that more targeting and faster

network formation both allow consumers to get matched with their most preferred firm

faster, increasing aggregate match quality, productivity, and consumption.6

Having characterized the relationship between advertising and industry dynamics theo-

retically, we then move to quantifying the effects of advertising and information frictions in

the product market on consumer sorting, competition, and welfare, by exploiting changes in

advertising technologies in the data. Specifically, we focus on the rise of digital advertising

in the United States. To implement this exercise, the stationary solution of our model is

calibrated separately to two time periods, 2005 and 2014, which saw a rapid increase in

the share of digital advertising in total advertising spending.7 We interpret the advent

of digital advertising in recent years as a rise in the effectiveness of targeting, using the

click-through rate of targeted vis-a-vis untargeted digital advertising in the data as a proxy

for the return to targeting in the model. Under this interpretation, our calibrations show

markups.
6While advertising exhibits both positive and negative spillovers theoretically, in all of our quantitative

exercises, we consistently find that the limited appropriability externalities are the quantitatively dominant
ones.

7In the United States, online advertising revenue — including search, social media, and mobile — grew
exponentially, increasing from 8.09 billion U.S. dollars in 2000 to 258.6 billion U.S. dollars in 2024 (source:
https://www.statista.com/statistics/183816/us-online-advertising-revenue-since-2000/).

4

https://www.statista.com/statistics/183816/us-online-advertising-revenue-since-2000/


that the rise of digital advertising was associated with a decrease in the cost of targeting,

but also (though to a lesser extent) in the cost of contacting new consumers. Through

the lens of our calibrations, these cost changes led to a surge in targeting investment —

matches were of higher quality on average, correlating more strongly with consumers’

idiosyncratic preferences —, but also to higher contact rates —awareness sets expanded

faster on average. In the aggregate, this caused an increase in aggregate TFP, due in part

to the strong effects of increased aggregate match quality (which combines the effects of

targeting and sorting) on overall product demand, raising both consumption and total

output.

To understand the degree to which these changes stem from cost savings in contacting

vis-a-vis targeting, we conduct a series of counterfactual exercises. Starting from the

late calibration, we re-compute the economy’s stationary equilibrium assuming that the

cost parameters related to both advertising technologies are set back to their (higher)

levels in the early period, while keeping all the other parameter values fixed at their

calibrated values for the late period. Our findings show that, had neither advertising cost

declined in this period, firms would have invested less in both targeting and contacting new

consumers, leading to a 10.7% lower aggregate match quality and a 10.6% lower aggregate

consumption — our headline number for welfare.8

The declines in targeting and contacting costs contribute differently to the welfare gains

from improved advertising technologies. To make this point, we compute two additional

counterfactuals: one in which only the cost of contacting is reverted back to its initial (and

higher) level, and another counterfactual in which the same is done for the cost of targeting.

We find that welfare gains in consumption-equivalent terms are about 4%, or two-fifths of

the total gains, from cheaper contacting, with the remaining gains being due to cheaper

targeting.9

These exercises also reveal that contacting and targeting have opposite effects on

competition and markups. Reverting only the cost of contacting to its early (higher) value

decreases the contact rate (by 12.3%), but raises targeting (by 1.6%), whereas reverting the

cost of only targeting increases the contact rate (by 6.9%), and lowers targeting (by 38.9%).

Therefore, contacting and targeting are substitutes at the firm level: a higher contact rate

8Consumption-equivalent welfare in this economy is equal to the percentage change in aggregate con-
sumption. The effect on aggregate consumption, in turn, comes in part from a decrease in the investment of
new product creation, leading to a lower measure of product categories. However, the gains of the rise in
digital advertising are still substantial, at 3.7%, when using normalized consumption (i.e., consumption per
product category) to measure welfare.

9In normalized consumption (i.e., consumption per product category), differences are more dramatic:
faster contacting contributes one-tenth of the welfare gains (0.4% out of the 3.7% of gains in normalized
consumption).
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accelerates network formation, and this lowers the return to targeting because it closes

the window of opportunity for �rms to set high markups via attracting higher valuation

consumers earlier on.10

Conducting the same counterfactual experiments on the constrained-ef�cient allocation

reveals that the planner's response to the change in advertising costs is also to substitute

between contacting and targeting. When compared to the market allocation response, we

�nd that the targeting rate moves further away over time from the constrained-ef�cient

level (widening the gap to the frontier from 1.3% to 3.5%), whereas the degree of underin-

vestment in contacting remains virtually unchanged (at a gap of around 3.3%). That is, in

response to the improved advertising technologies, �rms did not suf�ciently increase their

investment into targeting relative to what would have been socially optimal.

Literature review Our paper relates to several strands of the literature. Most directly,

we contribute to a literature in macroeconomics and international trade that studies the

implications of customer capital for �rm and industry dynamics. Contributions to this

literature include Fishman and Rob (2003), Luttmer (2006), Arkolakis (2010, 2016),

Dinlersoz and Yorukoglu (2012), Drozd and Nosal (2012), and Gourio and Rudanko

(2014a,b).11 In these models, �rms grow via the accumulation of idiosyncratic demand,

which the empirical literature has found to be an important determinant of both the overall

dispersion of �rm sales and the growth dynamics of �rms (see e.g., Foster, Haltiwanger

and Syverson (2008) for evidence in the manufacturing sector, and Hottman, Redding and

Weinstein (2016) and Einav, Klenow, Levin and Murciano-Goroff (2021) for retail markets).

Our paper contributes to this literature by showing that it is not just accumulated customers

that matter, but also the features of the interconnected network that aggregate to form the

�rm's customer capital.

Our interpretation for the slow-moving process of demand accumulation is related to

the idea that consumers accumulate information slowly about the producers that they can

purchase from. Goeree (2008) uses a similar notion of awareness as limited information

sets, but in a largely static fashion. Like us, Guthmann (2025, 2024) explores the dynamic

implications of limited awareness, but through word-of-mouth dynamics among buyers and

price-posting strategies on the side of sellers similar to those in Butters (1977). Our main

contribution in the limited awareness literature is to provide a connection with advertising

10This is a quantitative result. Theoretically, we argue that the cross-derivative of the returns to advertising
can have a positive sign as well.

11Some earlier models of advertising are due to Dorfman and Steiner (1954), Butters (1977), Stegeman
(1991) and Becker and Murphy (1993). For a survey of the advertising literature in economics, see Bagwell
(2007).
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choices along two margins, the speed at which new customers are contacted and the quality

of the �rm-customer matches via targeting. 12 Moreover, unlike previous papers, we analyze

how this process shapes market dynamics and aggregate welfare through its effects on

competition and sorting in a general-equilibrium setting.

Various studies lend support to our assumptions regarding demand formation. First, for

there to be signi�cant quantitative consequences of our information friction, networks must

remain relatively sparse and choice sets cannot be large. Empirical studies able to connect

individuals to choice sets consistently show that consumers choose between few options,

a surprising �nding in light of the rapid advances in advertising technology. For example,

De Los Santos et al. (2012) �nd that 35% of consumers only visit a single online bookstore

during 18 months of data, while Honka and Chintagunta (2016) document average choice

sets of size two to three in the market for auto insurance.13 We rely on these types of

�ndings to model demand as a network in which connections between �rms and consumers

are formed slowly in response to the advertising decisions, and awareness sets remain

relatively small.

Numerous studies have also documented that the entry and exit of products into house-

hold consumption baskets plays an important role empirically, e.g., Broda and Weinstein

(2010), Argente, Fitzgerald, Moreira and Priolo (2025), and Michelacci, Paciello and Pozzi

(2021). Our model can be seen as offering a micro-foundation for these dynamics.14 Finally,

in our model the prospect of accumulating demand also shapes the incentives to create new

products through innovation, as in Cavenaile and Roldan-Blanco (2021) and Ignaszak and

Sedlá�cek (2024). Therefore, changes in the advertising technology also affect the number

of products that enter the economy, which has consequences for welfare.

Part of the literature has emphasized the role of price dynamics in models with consumer

markets, such as in Klemperer (1995), Bergemann and Välimäki (2006), Shi (2016), Roldan-

Blanco and Gilbukh (2021), and Rudanko (2025), among others. In our paper, incomplete

12In our framework, �rms can access better matches not through prices, but through (nonpecuniary)
advertising. Cheaper advertising technologies can lead to increased market power because targeting may
diminish the incentives to invest in contacting, which fosters competition. Relatedly, Menzio (2023) offers
an alternative explanation for the decrease in competition in spite of better sorting, namely that �rms can
segment markets by designing more specialized varieties that provide higher utility to a smaller measure of
buyers.

13Looking at direct relationships of buyers and sellers using Colombian export data, Eaton, Eslava, Jinkins,
Krizan and Tybout (2025) also �nd very small networks, of around 1.5 buyers per exporter and 4 sellers
per buyer, on average. Bernard, Dhyne, Magerman, Manova and Moxnes (2022), Fitzgerald, Haller and
Yedid-Levi (2024) and Lenoir, Martin and Mejean (2023) also document that the customer margin plays an
important role in export markets among Belgian, Irish and French �rms, respectively.

14Like in our model, Paciello, Pozzi and Trachter (2019) build a theory in which �rms respond to changes
in their extensive-margin demand, though in that model this occurs because customers can choose to search
for other suppliers when faced with a price change.
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information on the side of buyers has implications for welfare due to misallocation effects

in the aggregate. In this sense, we also relate to papers where advertising and customer

markets give rise to misallocation through market power. Along these lines, Cavenaile,

Celik, Roldan-Blanco and Tian (2025) show that advertising can have bene�cial effects

on allocative ef�ciency, thereby alleviating static welfare losses from input misallocation,

albeit at the cost of crowding out R&D resources. Relatedly, De Ridder (2024) argues that a

more intensive use of intangible investments might give rise to increases in concentration,

and Afrouzi, Drenik and Kim (2023) show that �rms increase market shares through the

number of customers but exert market power through non-pricing activities, consistent with

our setting where customer accumulation is driven by advertising. We contribute to this

literature by proposing a new mechanism for market power coming from the endogenous

formation of consumer-�rm networks induced by advertising activities.

Finally, we also relate to a small but nascent literature that studies the effects of the rise

of digital advertising on the aggregate economy. Similar to our paper, though through a

very different setting, Baslandze, Greenwood, Marto and Moreira (2023) focus on how the

advent of digital advertising may have welfare implications; 15 Rachel (2024) argues that

the emergence of leisure-enhancing technologies, e.g., through media platforms �nanced

by advertising, may have had an adverse effect on hours worked and aggregate TFP; and

Greenwood, Ma and Yorukoglu (2025) argue that the rise in digital advertising may have

had positive effects on welfare because it alleviates an under-provision inef�ciency problem

in media goods, which are valued by consumers because they increase utility through

non-market activities. Complementing these studies, we argue that digital advertising

has positive effects from increased match quality, i.e., consumers having earlier access to

products that they value more.

2 Model

2.1 Environment

Time is continuous, runs forever, and is indexed byt. The economy is populated by

a measure-one continuum of in�nitely-lived and heterogeneous consumers indexed by

j 2 [0, 1], with preferences over a continuum of product categories. The measure of product

15In their case, welfare effects come through an increase in product categories. While this effect is also
present in our quantitative exercises, we argue that the welfare effect is to a signi�cant extent also due to the
increase in match quality.
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categories is endogenous and denoted byM t > 0 .16 Each categorym 2 [0, M t ] is populated

by the same exogenous numberN 2 Z + of identical single-product �rms, indexed by

i = 1, . . . , N , who are born at the time at which the product category is created and exit

only when the product category is destroyed. TheN �rms repeatedly interact strategically

within their product category in various ways, as detailed below.

A synthetic �nal good can be used either for consumption or investment.17 There are

three types of investment: in physical capital, in advertising, and in product category

creation. Consumers supply labor inelastically in a frictionless labor market at a wagewt ,

and they own the stock K t of physical capital in the economy. Capital is rented to �rms at

the perfectly competitive rental rate RK
t . Consumers also receive dividends from the �rms'

pro�ts, and trade in �nancial assets that pay the net interest rate r t .

2.1.1 Consumers

Consumer j 2 [0, 1] maximizes lifetime utility:

Z +¥

0
e�rt

C1�g
jt

1 � g
dt, (1)

where r > 0 is the time discount rate, g > 1 is the coef�cient of relative risk aversion,

and Cjt is individual j's level of consumption. Every individual j can purchase from each

and every one of the N different �rms i = 1, . . . , N in every product category m 2 [0, M t ],
provided that the consumer is aware of the product (as described below). Henceforth, the

pair (i, m) uniquely identi�es a product.

Consumers are heterogeneous along two dimensions. First, there are permanent het-

erogeneous preferences across products, captured by a time-invariant, consumer-product

speci�c preference shifter ximj > 0 . We make the following assumption regarding the

distribution of these idiosyncratic preferences:

Assumption 1 (Idiosyncratic preferences). Preference shifters(x imj ) for the population of

consumers are independent and identically distributed (i.i.d.) across consumers, product

categories and �rms according to a Gumbel distribution, with location parameter equal to zero

and scale parameter equal to one.

16Throughout, we use the following convention on notation: lowercase letters and symbols refer to variables
at the �rm level, uppercase letters and symbols are variables at the product category level, and uppercase
ones in boldface refer to aggregate variables.

17The synthetic �nal good is formally de�ned later on in equation (12). It shares the same CES aggregator
as the consumption bundle de�ned in equation (2).
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The second dimension over which consumers are heterogeneous is the set of �rms that

they are aware of within any given product category at each point in time. Consumer j may

only purchase goods from the subsetAmjt � f1, . . . , Ng of �rms that produce in product

category m that the consumer is aware of at time t. The evolution of the awareness sets

Amjt over time is endogenous, stochastic, and idiosyncratic to each consumer-category pair,

as described below.

With these assumptions in place, we de�ne the individual-speci�c consumption bun-

dle Cjt from equation (1) as a constant-elasticity-of-substitution (CES) composite of the

consumption of the different products in the consumer's awareness set:

Cjt =

2

6
4

Z M t

0

0

@ å
i2A mjt

Gesx imj cimjt

1

A

k�1
k

dm

3

7
5

k
k�1

, (2)

where k > 1 is the elasticity of substitution between different categories, s 2
�

0, 1
k�1

�

measures the degree of preference differentiation between �rms within a product category,

and G � G(1 � s(k � 1))
1

1�k is a normalizing constant, where G(�) is the Gamma function.18

Equation (2) shows that, up to idiosyncratic tastes, products within a category are

perfect substitutes. More precisely, the total consumption in categorym is the weighted

sum of the consumption of each individual �rm i that the consumer is aware of at that time.

The resulting utility is shifted by the ximj idiosyncratic taste, which we refer to as the quality

of the match between �rm and consumer.

2.1.2 Firms

Firm i = 1, . . . , N in product category m 2 [0, M t ] produces with technology:

yimt = zka
imt l

1�a
imt , (3)

where a 2 (0, 1), kimt is capital, l imt is labor, and z > 0 is a common and time-invariant

productivity component. Firm heterogeneity is driven entirely by the network of connections

to consumers —in particular, by the joint distribution of idiosyncratic preferences and

awareness sets of those consumers who have that particular �rm in their choice sets.

Firms compete strategically, engaging in a repeated static Bertrand pricing game within

the product category. In this game, �rms simultaneously choose their price as a best response

18The Gamma function is de�ned over positive real numbers by G : x 7!
R+¥

0 tx�1 e�t dt. The constant G
simpli�es some algebraic expressions in equilibrium but carries no economic intuition.
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to their competitors' prices, which they take as given. Firms also compete strategically in

advertising, offering best responses to their competitors' advertising choices, which they

take as given. Each �rm i makes two advertising choices,qi and m0,i, whose effects are

explained below. These choices are made once-and-for-all at �rm birth, but they affect

�rm-level pro�ts at every future period because they shape the evolution of consumer

awareness sets within the product category, as described below.

In both the repeated pricing and the time-zero advertising games, we solve for a Nash

equilibrium with symmetric strategies. However, to compute this symmetric equilibrium, we

allow for unilateral, off-equilibrium deviations in both advertising and pricing. Unilateral

deviations in time-zero advertising generate subsequent asymmetry in awareness, which in

turn renders the repeated static Bertrand pricing game also asymmetric.

2.1.3 Evolution of awareness sets

Awareness setsAmjt evolve endogenously and stochastically for each consumer-category

pair, (m, j) 2 [0, M t ] � [0, 1] , as a result of �rms' advertising choices. In principle, this

would require us to specify a law of motion for each and every consumer and product

category in the continuum, a complicated object. However, as we show in Proposition 2, a

suf�cient statistic to calculate �rm pro�ts and prices in the symmetric equilibrium is the

distribution of the count of �rms in consumer awareness sets at each product category age.

In anticipation of this result, we lay out assumptions regarding the law of motion of this

distribution as the product category ages.

Let a 2 R+ denote the age of a product category. De�ne the proportion of consumers

aware of n 2 f0, 1, . . . , Ng �rms at product category age a as fn(a), a probability mass

function with fn(a) � 0 and å N
n=0 fn(a) = 1 , for any a � 0 . Let us present these probability

mass functions as a row vector~f (a) � [ f 0(a), f1(a), . . . , fN (a)]. The evolution of this

distribution is assumed to follow a continuous-time Markov process, as stated in our next

assumption.

Assumption 2 (Evolution of awareness). The law of motion of ~f (a) is:

¶a~f (a) = ~f (a) � Q(q), (4)

given an initial condition ~f (0) 2 [0, 1]N+1 , where the in�nitesimal generator matrix Q(q) is

the following tridiagonal matrix: 19

19It is worth pointing that nothing in our theory is tightly connected to this particular generator matrix,
which we are taking as a model primitive. Richer versions, as well as limiting cases (e.g.,N ! +¥ and z = 0,
which relates to a pure counting process) could be used.
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Q(q) �
1
N

2

6
6
6
6
6
6
6
6
6
6
6
6
4

�Nq Nq 0 . . . 0 0 0

z �z � (N � 1)q (N � 1)q . . . 0 0 0

0 2z �2z � (N � 2)q . . . 0 0 0

0 0 3z . . . 0 0 0
...

...
...

. . .
...

...
...

0 0 0 . . . (N � 1)z �(N � 1)z � q q

0 0 0 . . . 0 Nz �Nz

3

7
7
7
7
7
7
7
7
7
7
7
7
5

.

(5)

Assumption 2 states the following regarding network formation and destruction. 20 First,

we assume that with (exogenous) intensity z/N � 0 , the consumer loses the link with any

one �rm that she was already aware of. Second, each consumer has an intensityqi > 0 of

becoming aware of �rm i in the product category. As qi = q in a symmetric equilibrium,

then when the consumer is already aware ofn � N �rms, the intensity with which she

becomes aware of a new �rm (i.e., of a �rm that was not already in her awareness set) is

equal to N�n
N q.

2.1.4 Advertising: Contacting and Targeting

The rate q of link formation introduced in Assumption 2 is chosen by �rms at birth

(i.e., at product category age a = 0).21 This choice entails a time-zero cost in units of the

synthetic �nal good, which we introduce below. As this rate affects the speed at which �rms

contact new random customers, we call this form of advertising “contacting”.

Targeting, in contrast, allows �rms to affect the quality of their matches directly. As

seen above, our assumption on preferences for the population of consumers is that they

are Gumbel-distributed with location parameter equal to zero (Assumption 1). We further

assume that, at any product category agea � 0 , the preference shifters of consumers who

are aware of a speci�c �rm i are also distributed according to a Gumbel distribution from

the �rm's perspective, except with a location parameter emi (a). Targeting allows �rms to

20This discussion presumes that every �rm chooses the sameqi = q , as is the case in the symmetric
equilibrium. When we solve for this equilibrium in Section 2.2, however, we consider unilateral deviations,
which alter the way in which awareness sets evolve from the perspective of the deviating �rm. For this �rm,
the Q(q) matrix that is used to evaluate payoffs is no longer given by equation(5) , and a new generator
matrix that takes unilateral deviations into account must be introduced. See Appendix A.2 for the full details.

21We assume that �rms commit to this choice, and cannot revise their decision after age zero. This
assumption, which we make for tractability, does not imply, however, that �rms do not internalize the dynamic
implications of their advertising choices. To the contrary, in equilibrium, a �rm's advertising decisions take
into account the effects that these decisions have on future pro�ts through the evolution of product awareness
and match quality.
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pick the initial (age-zero) value of this location parameter, em0,i � emi (0) 2 [0, 1], directly

affecting the quality of the initial match: a higher choice for em0,i makes it more likely that

�rm i draws a high-valuation (i.e., high x imj) consumer at age zero.

This targeting choice is costly and, like the contacting choice, it is made once-and-for-all

at birth. Thereafter, targeting evolves according to the law of motion stated in our next

assumption. To state this assumption, we need to introduce two more pieces of notation.

First, we de�ne the set of awareness sets that contain a certain �rm i = 1, . . . , N by

A i �
�

A 2 A
�
� i 2 A

	
, where A � 2 f1,...,Ng is the power-set of �rm indices. 22 Second, we

denote by bf (a, A) the marginal density of awareness setA 2 A at age a, with the property

å A2A
bf (a, A) = 1, 8a > 0.

Assumption 3 (Evolution of targeting). At product category age a, the location parameter

for the Gumbel distribution from which �rm i draws new consumers equals:

emi (a) = em0,i
�
1 � s i (a)

�
, (6)

where si (a) denotes the degree of market saturation for �rm i at age a, de�ned by:

si (a) � å
A2A i

bf (a, A), (7)

Assumption 3 states that the degree of targeting drops in proportion to the rate at which

the �rm's network saturates, where by saturation we mean the proportion of awareness sets

that contain the �rm. 23 Intuitively, for a given choice em0,i, when the �rm is contained in the

awareness set of a large share of consumers, the likelihood with which it draws consumers

with high preference for its product relative to the population mean is lower. In the limit at

which every consumer is aware of every �rm (si (a) ! 1 ), it is no longer possible to have

any systematic selection, and the distribution of preferences matches the unconditional

distribution (i.e., emi (a) ! 0). 24

Figure 1 provides an illustration of how targeting works in this economy by plotting the

22For example, when N = 3 , then A =
�

Æ, f1g, f2g, f3g, f1, 2g, f1, 3g, f2, 3g, f1, 2, 3g
	

. So, for instance,

A1 =
�

f1g, f1, 2g, f1, 3g, f1, 2, 3g
	

. The cardinality of the power-set is jA j =
N
å

k=0

�
N
k

�
= 2 N .

23Note that this assumption implicitly de�nes some primitives regarding the meeting probabilities of
particular consumers with the �rm (a higher em0,i assigns more probability to meeting consumers with higher
ximj ). This modeling choice allows the derivation of some closed-form solutions, as is common in the
discrete-choice literature.

24It should be pointed out that, even though targeting changes the distribution of �rm draws at a certain
point in time, it respects the underlying Gumbel distribution in the full population for the range em0,i 2 [0, 1]. To
be speci�c, sF(x,em0,i(1 � s)) � F(x, 0), 8x and 8s 2 [0, 1] where F(x, em) = exp(�(x � em) � exp(�(x � em)))
is the probability density function.
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Figure 1: Targeting technology for different network saturation levels.

Notes: This �gure plots the distribution of tastes in the population (solid curves, centered at zero) and the
distribution from which �rms take draws (dashed curves, centered at em > 0), as �rm-consumer networks
become saturated. Panel (a) shows the situation at entry. Panel (b) shows an intermediate case in which
networks are still relatively sparse, 0 < s i (a) < 1 : the distribution from which the �rm takes its draws is still
distorted relative to the distribution in the population of consumers, but not as much as in panel (a). Panel
(c) shows the limiting case in which all consumers are aware of all �rms.

distribution of idiosyncratic tastes in the population of consumers (solid lines), which are

centered at zero, and the distributions from which the �rms draw their matches (dashed

lines). We plot these two distributions for three different con�gurations: at �rm birth (panel

(a)), for an incompletely saturated network (panel (b)), and for a fully saturated network,

s(a) ! 1 (panel (c)). Initially, the sampling distribution is shifted relative to the population

distribution by em0,i, allowing the �rm to sample consumers with tastes ximj > x with a

higher probability (the blue area) than they would otherwise (the orange area). When the

�rm is contained in a larger share of awareness sets, however, this likelihood shrinks (the

blue area becomes smaller, as seen in panel (b)). In the limit at which the �rm's network is

fully saturated, targeting is ineffective.

As stated, both contact and targeting advertising choices entail output costs for the �rm.

The advertising choices are paid upfront (at the inception of the product category) in units

of the synthetic �nal good. For the remainder of the paper, we use the change of variables

m0,i � exp( em0,i).25 With this notation, the advertising cost function at the �rm level is:

d(qi , m0,i) = nq 2
i + h(m0,i � 1) 2 (8)

where n > 0 and h > 0 are cost scale parameters which are common to all �rms.

25This re-centers the Gumbel draws for idiosyncratic tastes, which is convenient for the derivation of the
equilibrium conditions.
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2.1.5 Investment in capital and product category creation

On top of being used for consumption and advertising, the synthetic �nal good is also

used for investment technologies that increase the measure of product categories,M t , and

the stock of physical capital, Kt .26

The technology to create new categories generates a Poisson arrival ratezM I M
t of new

products categories, and its cost in terms of the synthetic �nal good is quadratic, equal

to (I M
t )2, and paid upfront. When a new product category is created, the owner of the

blueprint sells, at fair market value, perpetual licenses to the N entering �rms for using the

newly created production technology. After its creation, there is no further entry or exit of

�rms over the lifetime of a product category.

The investment technology for physical capital transforms synthetic �nal good into

physical capital one for one. Physical capital depreciates at an instantaneous ratedK > 0 ,

and product categories become obsolete at an exogenous rate dM > 0. Therefore:

¶tK t = I K
t � d KK t , (9)

¶t M t = z M I M
t � d M M t , (10)

where I K
t and I M

t denote the respective investments, in units of the synthetic �nal good.

The synthetic �nal good, denoted Yt , is used for consumption, advertising, and invest-

ment in physical capital and product category creation. The resource constraint is:

Yt = C t + I K
t +

�
I M
t

� 2 + D t , (11)

where Dt denotes aggregate advertising expenditures.27

26This implies investors are subject to the same product awareness frictions as the consumers. Alternatively,
we could assume that investment directly uses labor and/or capital. This would not fundamentally alter the
main mechanisms in our model.

27Just as the consumption goods are a synthetic composite aggregating demand of individual products
for each consumer (equation (2)), we conjecture that the �nal good, with which investment decisions are
made, has a comparable aggregation. This conjecture allows us to pose the aggregate resource constraint
of the economy in equation (11). In the equilibrium section, we solve for demand using a synthetic �nal
good (equation (12)), which is different for every consumer, and show that, in the symmetric Markov Perfect
equilibrium, all consumers have the same real income. Using this result, we then show that these individual
outputs aggregate up to a single �nal good, con�rming our conjecture that the equilibrium admits a single
aggregate resource constraint, as written in equation (11).
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2.2 Equilibrium

In this section, we solve for the Markov Perfect Equilibrium of the economy. We begin

by characterizing consumer choices (Section 2.2.1) and �rm choices (Section 2.2.2). For

the latter, we restrict attention to a symmetric equilibrium in which �rms choose best

responses taking their competitors actions as given. When computing these choices, and

before imposing symmetry, we allow for unilateral off-equilibrium deviations in both pricing

and advertising strategies. Having solved for all �rm choices, we then show (in Section

2.2.3) that the economy aggregates to a representative-agent Neoclassical growth model

with endogenous TFP and an endogenous number of product categories. Exploiting this

�nding allows us to compute �rm value, derive the time-zero optimal advertising choices of

the �rms, and clear all markets (Section 2.2.4).

2.2.1 Consumer Problem

By equation (11), the synthetic �nal good is used for consumption, advertising, and

investment in physical capital and product category creation. In the stationary equilibrium,

a constant share of �nal output is devoted to these various investments. In anticipation of

this result, we solve the individual's intra-temporal allocation problem across categories,

and of products within a category, as a static problem on quantities purchased,yimjt , rather

than consumed, cimjt .28

Mirroring equation (2), de�ne the synthetic �nal good for consumer j at time t as:

Yjt �

2

6
4

Z M t

0

0

@ å
i2A mjt

Gesx imj yimjt

1

A

k�1
k

dm

3

7
5

k
k�1

. (12)

Moreover, de�ne Wjt as the real income available to consumerj at time t, and Pjt as the

price index of her bundle of purchases.29 Taking her awareness sets
�
Amjt : m 2 [0, Mt ]

�

and her nominal income Pjt Wjt as given, the objective of consumerj 2 [0, 1] is to choose

purchasesyimjt for each i 2 A mjt and all m 2 [0, M t ] to maximize purchased quantity Yjt

28The inter-temporal allocation of resources to consumption is relegated to Section 2.2.3, after we show
that the economy aggregates to a representative-household model.

29Both Wjt and Pjt are solved in general equilibrium later (Proposition 5 and Appendix A.5), but for now it
suf�ces to express them generically as state variables in the consumer's problem.
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subject to the budget constraint:

Z M t

0
å

i2A mjt

bpimtyimjt dm � P jt Wjt , (13)

where bpimt is the (nominal) price of product (i, m) at time t. The following proposition

describes the solution to this static resource allocation problem:

Proposition 1 (Product demand). Given awareness sets
�
Amjt : m 2 [0, Mt ]

�
, real income

Wjt , and nominal prices
�
f bpimtgi2A mjt

: m 2 [0, Mt ]
�
:

1. (Extensive demand) In product categorym 2 [0, M t ], consumerj purchases from �rm i

and from no other �rm in her awareness set if, and only if,

ln
�

bpi0mt

bpimt

�
> s

�
xi0mj � x imj

�
, 8i02 A mjtnfig. (14)

2. (Intensive demand) Supposei 2 A mjt satis�es condition (14). Then, consumerj's

demand for �rm i is:

yd
imjt = G

k�1
es(k�1)x imj p�k

imjt Wjt , (15)

where pimjt � bpimt /P jt denotes the real price, and

Pjt = G
�1

 Z

M jt

�
e�sx i(m)mj bpi(m)mt

� 1�k
dm

! 1
1�k

(16)

is the price index, whereM jt � fm : A mjt 6= Æg � [0, Mt ] is the subset of product

categories for which consumerj is aware of at least one �rm at timet and, for every

m 2 M jt , i(m) denotes the �rm in A mjt that satis�es equation (14).

Proof. See Appendix A.1.

Proposition 1 states that, for each product categorym, the consumer demands from only

one �rm, almost surely, out of the jA mjt j �rms in her awareness set at time t. Particularly,

within each m, the consumer demands the producti(m) that satis�es condition (14), i.e.,

the �rm that offers the best price-to-valuation comparison among all �rms known to the

consumer.30 Equation (15) then provides the intensive demand for each such product,

30Intuitively, this is because �rms are perfect substitutes in the eyes of the consumer, up to idiosyncratic
tastes xi(m)mj (recall equation (2)).
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showing that the consumer's quantity demanded is increasing in preferencesxi(m)mj and

decreasing in the real price pi(m)mjt .

2.2.2 Firm Problem

Preliminaries Each �rm i = 1, . . . , N makes various choices. Upon entry, a �rm must

make an advertising choice forqi and m0,i. Subsequently, at every agea > 0, the �rm must

choose pricespi (a) and input quantities ki (a) and l i (a). Advertising and pricing choices

are strategic, i.e., the �rm takes the actions of the other N � 1 �rms as given and offers

a best response to them. As mentioned before, we focus on a symmetric equilibrium in

which all �rms choose the same q, m0 and p(a) at each agea > 0. However, when solving

for the �rm's optimal choices in the Markov Perfect Equilibrium, we allow for unilateral,

off-equilibrium deviations from the symmetric advertising and pricing strategies.

Considering off-equilibrium, unilateral deviations from the symmetric age-zero advertis-

ing strategy implies that the subsequent evolution of awareness sets as the industry matures

becomes asymmetric from the point of view of the deviating �rm. Given this asymmetry

in awareness, the static Bertrand-Nash Equilibrium (BNE) of the repeated pricing game

at each stage is also asymmetric, which the �rms considering unilateral deviations must

therefore take into account when evaluating future pro�ts and choosing their own optimal

time-zero advertising strategies.

To characterize the solution to this complicated problem, we proceed as follows. We start

by solving for the demand schedule that is faced by a particular �rm at a given point in time

(Proposition 2). Then, we present the solution to the pricing problem in the equilibrium that

is obtained from imposing symmetry in the optimality conditions that allow for unilateral,

off-equilibrium deviations in both advertising and pricing (Proposition 3). Given these, we

then derive the �rm's optimal choice of labor and capital inputs (Proposition 4). These, in

turn, allow us to compute equilibrium pro�ts and �rm value at time zero, which the �rm

evaluates upon entry to make her initial advertising choices (Section 2.2.4).

Firm demand To derive demand, we maintain the conjecture (which we verify in Proposi-

tion 5) that both the price index and real income are identical across consumers:Pjt = P t

and Wjt = W t , 8j 2 [0, 1]. Under this conjecture, every consumer pays the same real price,

i.e., pimjt = p imt . Henceforth, we drop the subscript m for brevity and identify the state of

the product category by its age, a.

Firm i = 1, . . . , N takes as given aggregate incomeWt and the joint distribution of

awareness sets and idiosyncratic preferences across those consumers whose awareness sets
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include the �rm. Further, let ~p(a) � [p 1(a), . . . , pN (a)]> 2 R N denote the vector of all

prices in the product category, of which prices fp i0(a)gi06=i are taken as given, and price

p � p i (a) is chosen by the �rm. Similarly, the �rm takes as given the competitors' degree of

targeting, fmi0(a)gi06=i.

By Proposition 1, the �rm faces demand from the subset of consumers whose awareness

sets contain its product and who, additionally, choose the �rm's product over the other

products in the awareness set, if any. In principle, this requires that the �rm keeps track of

the joint distribution of awareness sets and idiosyncratic preferences across those consumers

whose awareness sets contain the �rm at each agea, a potentially complicated object.

However, as we show in Appendix A.2, exploiting Bayes' rule and the fact that preference

shifters are independently and identically Gumbel-distributed, the demand schedule of an

individual �rm can be simpli�ed to:

yit (a,~p) =
�
mi (a)

� s(k�1)
p�k Wtqi (a,~p), (17)

with

qi (a,~p) � å
A2A i

bf (a, A)

0

@1 + å
i02Anfig

mi0(a)
mi (a)

�
pi0(a)

p

� � 1
s

1

A

s(k�1)�1

, (18)

We provide an economic interpretation of this demand after we state our next propo-

sition. For now, we note that evaluating equation (17) requires that the �rm computes
bf (a, A), the marginal density (as of age a) of awareness sets, over all sets that contain

the �rm, A 2 A i . However, as we explain in detail in Appendix A.2, this density can

be computed using the logic of a combinatorial urn-ball problem without replacement.

Instead of summing densities across sets, as stated in equation(18) , we can instead sum

probabilities of drawing sets of different sizes that contain the �rm. Precisely, the probability

of drawing a speci�c set of size n � jAj is fn(a)/ (N
n ), i.e., the product of the probability

of drawing any set of n (out of N) �rms without replacement (ignoring order), equal

to 1/ (N
n ), times the share of awareness sets of sizen, de�ned as fn(a) in Assumption 3.

Thus, since the number of size-n subsets that contain a speci�c �rm equals (N�1
n�1 ), the

aggregate probability that a consumer's awareness set has sizen and contains the �rm

equals bf (a, A) = f n(a)(N�1
n�1 )/ (N

n ), or:

bf (a, A) =
n
N

fn(a). (19)

Our next proposition states the expression for demand that results from imposing

equation (19) into equation (18) . For this, we must introduce one more piece of notation.
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We de�ne the expectation at age a of any real-valued function g de�ned over support

bn = 1, . . . , N (excluding zero, i.e., bn � njn � 1) as follows:

Ea
�
g(bn)

�
�

N

å
n=1

hn(a)g(n), (20)

where hn(a) � fn(a)
1� f 0(a) is a re-normalized probability mass function that conditions on n � 1 ,

and thus satis�es å N
n=1 hn(a) = 1. We are now ready to state our main result.

Proposition 2 (Firm demand with symmetric strategies). Given real income Wt , in an

equilibrium with symmetry in q, i.e., qi = q for all i = 1, . . . , N , and symmetry in competitor

prices and targeting, i.e.,pi0(a) = p �i and mi0(a) = m�i for all i06= i, �rm demand is given by

yi (a,~p) = (1 � f 0(a))
| {z }

Awareness

�
mi (a)

� s(k�1)

| {z }
Targeting

p�k
i

Wt

N| {z }
Downward-

sloping demand

qi (a,~p)
| {z }
Sorting

, (21)

where

qi (a,~p) � E a

2

4 bn

 

1 + ( bn � 1)
m�i

mi

�
p�i

pi

� � 1
s
! s(k�1)�1 3

5 , (22)

and bn � njn � 1.

Proof. See Appendix A.2.

Proposition 2 shows that, in an equilibrium with symmetry in competitor strategies,

demand is composed of four multiplicative terms.

First, demand is increasing in
�
1 � f 0(a)

�
, the proportion of consumers that are aware

of at least one �rm and, thus, a measure of overall awareness. Intuitively, a single �rm's

demand is higher when more consumers are aware of the product category as a whole.

Second, a �rm's demand is increasing in its degree of targeting,mi (a): as the distribution

from which �rms samples new consumers is right-shifted relative to the population's

distribution (Figure 1), higher targeting implies higher willingness to pay at given prices.

Precisely, recall that at agea, mi (a) = m1�s i (a)
0,i , where m0,i is the age-zero targeting choice

of the �rm and si (a) = å A2A i
bf (a, A) is the �rm's network saturation as of age a. Under

symmetry, all �rms face the same market saturation which, using equation (19) , can be

written as:

s(a) =
1
N

N

å
n=1

n fn(a) = (1 � f 0(a))E a

�
bn
N

�
. (23)
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Thus, equation (21) shows that, by choosing a higher degree of targeting investment

initially, and for as long as not all consumers are aware of all �rms (i.e., fN (a) < 1 , so

s(a) < 1), a �rm is able to target consumers with (on average) higher preference for the

product, and thereby increase intensive demand at given prices. The impact of targeting

on �rm demand is controlled by the elasticity s(k � 1) : demand is more responsive to

targeting if products are more substitutable and/or if idiosyncratic preferences are more

dispersed (for in this case there is a larger scope to match with high-valuation consumers).

Third, demand is shifted by p�k
i Wt /N , a standard component in Dixit-Stiglitz demand

systems: the incumbent customers of the �rm increase the quantity demanded of the �rm's

product when their available income per product Wt /N is higher and/or when the price

is lower. Along this margin, the price-elasticity of demand coincides with the elasticity of

substitution between product categories, k, as in standard Dixit-Stiglitz demand systems.

Finally, demand is increasing in qi (a,~p), a term which we label “sorting”. 31 This term,

central to our analysis, summarizes demand along the extensive margin. It captures changes

in the set of consumers that, other things equal, choose to sort into the �rm out of all of the

alternatives that are available to them. Intuitively, because consumers purchase from only

one �rm in their awareness set —the one providing the best price-to-valuation comparison,

as shown in Proposition 1—, then if a �rm were to undercut its price, it would induce some

consumers to switch away from their suppliers and toward the �rm in question, whose

customer base would expand as a result. This can be seen directly in equation(22) : a �rm's

demand increases viaq(a) when the �rm undercuts its price relative to its competitors,

pi < p �i . A higher relative degree of targeting (mi > m�i ) triggers a similar effect.

Importantly, these effects on extensive demand are a function of how many �rms

consumers are aware of,bn. When a consumer knows of no alternatives to its current seller

(bn = 1 ), she is trivially insensitive to price changes from �rms other than her own. In

contrast, when consumers have a lot of �rms to choose from, �rms can create larger swings

in extensive demand by inducing consumers to sort into them via undercutting prices or

marginally increasing their targeting.

In an equilibrium with full symmetry, which is our focus, relative prices and relative

targeting becomes irrelevant for sorting. Setting pi /p �i = mi /m �i = 1 in equation (22)

yields:

31There is a slight abuse of notation here. As we have re-scaled thefn distribution to consider only
non-empty awareness sets and be able to use theEa operator, the qi de�ned in equation (22) is also a
re-scaled version of the one de�ned in equation (18) , by a factor of proportionality (1 � f 0(a))/N . This is
inconsequential for our analysis: as we will see, the key object of interest is the elasticity of sorting, but this
elasticity is invariant to (1 � f 0(a))/N.

21



q(a) = E a

h
bns(k�1)

i
. (24)

In this case, sorting effects on demand are still present, but only through the size of

awareness sets,bn. Intuitively, when awareness sets are on average larger, �rms face higher

demand because consumers, who have a wider range of alternatives to choose from, can

sort towards products that yield a better match to their preferences. For the �rm, this means

on average more customers at given prices and targeting.

In equilibrium, �rms exploit these properties of demand to wield market power over

their customers, a question to which we turn next.

Demand elasticity and markups To characterize �rm's optimal pricing policies, it is �rst

useful to note, that because the �rm's technology is Cobb-Douglas, a �rm's marginal cost is

constant in the level of output and only a function of real input prices
�
wt , RK

t

�
, which the

�rms take as given. A �rm's input choice problem reads:

TC t (y) � min
k,l

n �
r t + dK

�
k + w t l , such that y = zkal1�a

o
, (25)

where r t = R K
t � d K is the interest rate in the economy. As we show in Appendix A.4, the

marginal cost is common across all �rms and product categories, and given by

mct � ¶ yTC t (y) =
1
z

�
r t + dK

a

� a �
wt

1 � a

� 1�a

. (26)

Firms in a product category compete to maximize pro�ts by playing a repeated Bertrand

game, choosing a price policy taking as given the pricing decisions of the other �rms. As

the evolution of awareness sets is not directly affected by pricing decisions, only indirectly

through general-equilibrium effects, there are no dynamic incentives in this pricing game,

and we solve for the case of a repeated static Nash equilibrium in pure strategies. Recall,

however, that we allow for unilateral, off-equilibrium deviations in initial advertising choices

q and m0, which alter the perceived evolution of awareness sets from the point of view of

the deviating �rm and, in turn, may trigger subsequent unilateral deviations in the pricing

strategies of this, as well as other, �rms. These deviations impact the symmetric pricing

solution because they affect how a �rm that unilaterally deviates from the (q, m0) symmetric

strategy evaluates subsequent period pro�ts. In Appendix A.3 we fully characterize the

solution of the Bertrand-Nash equilibrium with deviations, while in the main text we

restrict attention to the implications that follow from imposing symmetry on the optimality
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conditions that arise from the pricing problem with deviations. 32

Taking aggregate incomeWt , the marginal cost mct , and competitor prices fp i0gi06=ias

given, in the pure-strategy Bertrand Nash-equilibrium at age a, �rm i chooses

pi (a) = arg max
p

n�
p � mc t

�
yi (a,~p)

o
, (27)

where yi (a,~p) is given by equation (17) . The solution to this problem is characterized in

the following proposition.

Proposition 3 (Equilibrium markups). Taking Wt , mct , and fp i0gi06=ias given, �rm i sets a

price pit (a) = L i (a,~p)mct . The markup is equal to:

L i (a,~p) =
Ei (a,~p)

Ei (a,~p) � 1
(28)

where Ei (a,~p) is the price-elasticity demand for �rm i at age a, equal to:

Ei (a,~p) = k|{z}
Intensive-margin
price elasticity

+
�

�
¶qi (a,~p)

¶p
p

qi (a,~p)

�

| {z }
Extensive-margin

price elasticity

(29)

In an equilibrium with symmetric pricing and targeting, the extensive-margin elasticity equals

¶qi (a,~p)
¶p

p
qi (a,~p)

=
s(k � 1) � 1

s

2

41 �
Ea

h
bns(k�1)�1

i

Ea
�
bns(k�1)

�

3

5 < 0, (30)

so the markup is constant across �rms within the product category, Li (a,~p) = L(a).

Proof. See Appendix A.3.

Proposition 3 states that each �rm sets a price markup over the marginal cost, which is

equal to a decreasing function of the �rm's price elasticity of demand, denoted by Ei (a,~p).
While this result is standard, the forces that make demand elasticities endogenous are new.33

32In our equilibrium with symmetric pricing strategies, there is price dispersion between product categories:
product markets with denser consumer networks have higher levels of competition and lower markups, similar
to Burdett and Judd (1983). However, in our theory consumers do not search, so they cannot engage in
price experimentation: in equilibrium, consumers only purchase from their most preferred �rm within their
awareness set (Proposition 1). This rules out such strategic pricing considerations within product categories
that can result in price dispersion between �rms.

33The negative relationship between the price-elasticity of demand and markups is present in most models
of variable markups, which obtain this relationship from, e.g., oligopolistic competition à la Atkeson and
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Particularly, equation (30) shows that the price-elasticity of demand has two additively

separable components: (i) an intensive-margin elasticity, coming from changes in intensive

demand from captive customers of the �rm, and equal to the elasticity of substitution

across categoriesk; and (ii) and extensive-margin elasticity, equal to the price-elasticity

of qi (a,~p), the sorting component of demand that we de�ned in Proposition 2. While

the intensive-margin component is familiar from models using CES demand systems, the

extensive-margin component is new to our paper.

Following our intuition in the previous section, the extensive-margin elasticity ¶qi (a,~p)
¶p

p
qi (a,~p)

governs how sensitive consumers are to price changes when choosing which �rm in the

awareness set to sort into.34 In a symmetric equilibrium, all �rms set the same price and the

consumer chooses the product that yields the highest price-to-valuation ratio (Proposition

1). If a �rm were to marginally increase its price from this symmetric strategy, it would lose

those customers that can �nd cheaper taste-adjusted prices elsewhere in their awareness

set (equation (14) ). Thus, a �rm can set a higher price markup when its customers are not

aware of too many alternatives, for this is when the sensitivity of consumer switching due

to marginal price changes is lowest.

This sensitivity is time-varying as networks evolve. To see this, Figure 2 plots the life-

cycle of the density of awareness sets (panel (a)), the sorting component of demand (panel

(b)), the extensive-margin elasticity of demand (panel (c)), and the markup (panel (d)), as

a function of age. In this parameterization, the same that we use to calibrate the model

in Section 3.1, no consumer knows of any �rm at the product category's inception (i.e.,

f0(0) = 1 ). Therefore, shortly after the entry of a new product category, awareness sets

are still sparse: consumers know at most one �rm (panel (a)), so the sorting component

of demand is inactive (i.e., q(a) = 1, panel (b)) because the customers of any given �rm

know of no other �rm that they could buy from. Effectively, �rms act as monopolists: their

demand functions are perfectly inelastic along the extensive margin, i.e., ¶q
¶p

p
q � 0 (see

panel (c)), and they set the unconstrained monopolist markup, L = k
k�1 (panel (d)). 35 In

this calibration, networks expand with time, which intensi�es competition between �rms

as the product category matures.36 Over time, consumers learn about new �rms (panel

Burstein (2008), or non-CES (e.g., Kimball) preference aggregators, as in Boar and Midrigan (2025).
34This result is reminiscent of Paciello et al. (2019), where demand is also imperfectly elastic along the

extensive margin. In that model, this occurs because consumers can search for alternative suppliers in
response to price changes.

35In this example, k = 3, so the unconstrained monopoly markup is 50%.
36Importantly, the relationship between network formation and age is not a theoretical prediction of the

model. Our assumption is that markups are higher in categories where networks are more saturated, but
these categories need not be the older ones. To see this, Appendix Figure D.1 shows an example in which the
initial distribution of awareness is uniform, fn(0) = 1

N+1 for all n = 0, 1, . . . , N. For this case, markups may
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Figure 2: Life-cycle dynamics of a product category.

Notes: This �gure plots the life-cycle of awareness counts (panel (a)), the sorting component of demand
q(a) (panel (b)), the extensive-margin elasticity of demand (panel (c)) and the markup (panel (d)), in the
symmetric equilibrium. This �gure uses the calibrated parameter values from the “early calibration”, discussed
in Section 3.1.

(a)) and the set of alternatives available to them expands (panel (b)), making their sorting

behavior more sensitive (panel (c)). This, in turn, reduces �rms' market power (panel (d)).

How do advertising choices alter these dynamics? On the one hand, faster contacting

(higher q) accelerates the rate at which �rms meet new consumers at random.37 As the

average consumer has more alternatives to choose from, demand is more elastic and �rms

set lower markups at each point in time when q is higher (ceteris paribus).38 On the other

hand, stronger targeting does not directly affect sorting q (nor, therefore, markups) in a

symmetric equilibrium, because it shifts demand only via the intensive margin. However,

targeting alters the returns to contacting, changing the equilibrium dynamics. We relegate

this discussion to the section presenting our quantitative results (speci�cally, in Section

decrease, be �at or increase in age, depending on the rate of link destruction (z). Empirically, there is no
systematic evidence on the behavior of markups in �rm age, though some studies �nd no dynamics in speci�c
settings (see, e.g., Fitzgerald et al. (2024) and Argente et al. (2025)).

37Recall that q determines the evolution of fn(a) directly: a higher q makes fn(a) decline (rise) faster with
age for lower (higher) n's, making networks saturate faster.

38An illustration of this direct effect of contacting on market dynamics is provided in the context of our
counterfactual experiments (see, e.g., Figure 6).
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3.2.2).

Input choice Having described the pricing problem, we can now solve for the optimal

labor and capital input choices of the �rm.

Proposition 4 (Firm's input demands). Given real input prices
�
wt , rt

�
, real incomeWt and

marginal cost mct , the �rm's demand for labor and capital inputs is given by:

l(a) =
1 � a

wt
mcty(a), (31a)

k(a) =
a

r t + dK
mcty(a), (31b)

In a symmetric equilibrium, �rm output y(a) is equal to:

y(a) = (1 � f 0(a))m(a)s(k�1) mc�k
t L(a) �k q(a)

Wt

N
. (32)

Proof. See Appendix A.4.

An implication of this proposition is that the labor and capital shares of �rm sales are

only a function of the markup, wt
l(a)

p(a)y(a) = (1 � a)L(a) �1 and (r t + dK) k(a)
p(a)y(a) = aL(a) �1 .

Using equation (32) and p(a) = L(a)mc t , we can write the period pro�ts of the �rm as a

function of the marginal cost, the markup, and the different components of �rm demand

identi�ed above:

p(a) = (1 � f 0(a))(L(a) � 1)L(a) �k �
m(a)

� s(k�1)
mc1�k

t
Wt

N
q(a) (33)

2.2.3 Aggregation

Having found the optimal choices of consumers and �rms, and before deriving the

optimal advertising choices, we next characterize the dynamics of product categories and

of the aggregate economy. To this end, we �rst show that, in spite of the rich underlying

household heterogeneity, the model aggregates to a representative-agent neoclassical

growth economy in which limited awareness at the microeconomic level is embedded in

wedges to aggregate TFP at the macroeconomic level.

To arrive at this result, we aggregate up from the product category level. Let us denote

by F t (a) the cumulative density function (cdf) of the age distribution of product categories

as of time t, with F t (0) = 0 and lim a!+¥ F t (a) = 1 , for all t 2 R + . Let f t (a) be the

probability density function (pdf) associated to this distribution. Since the instantaneous
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rate of product category creation (i.e., the �ow of new product categories per unit of time)

equalszM I M
t , the law of motion for the age distribution of product categories is given by

the Kolmogorov Forward Equation:

¶t bF t (a) = � ¶ abF t (a)
| {z }
Categories

aging

� d M bF t (a)
| {z }

Obsolescence

+ z M I M
t| {z }

New category
creation

, (34)

where we have de�ned bF t (a) � M tF t (a).39

We de�ne the total labor demand in a product category of age a by L(a) � Nl(a) , with

l(a) given by equation (31a). As there is a unit supply of labor and a measureM t of product

categories, the total labor demand in the economy isL t � M t
R+¥

0 L(a)f t (a)da. The labor

market clearing condition reads L t = 1 . We may also de�ne the aggregate stock of capital

by K t � M t
R+¥

0 K(a)f t (a)da, where K(a) � Nk(a) is the product category's demand

for capital and k(a) is �rm-level capital demand, given by equation (31b). Likewise, we

de�ne aggregate pro�ts by P t � M t
R+¥

0 P(a)f t (a)da, where P(a) � Np(a) are product

category-level pro�ts and p(a) are �rm-level pro�ts, given by equation (33).

Finally, we de�ne the following objects, whose interpretation we provide below:

Q t �

 Z +¥

0

(1 � f 0(a))L(a) 1�k m(a)s(k�1) q(a)f t (a)da

! 1
k�1

, (35a)

Bt �

Z +¥

0
(1 � f 0(a))L(a) �k m(a)s(k�1) q(a)f t (a)da

Z +¥

0
(1 � f 0(a))L(a) 1�k m(a)s(k�1) q(a)f t (a)da

. (35b)

With these de�nitions, we arrive at our main aggregation result:

Proposition 5 (Aggregation). The economy aggregates to a representative-agent neoclassical

growth model, in the following sense:

1. The price index and real income are identical across consumers:Pjt = P t and Wjt = W t ,

8j 2 [0, 1]. Moreover, real income equals total output from the composite good de�ned in

equation (12), i.e., Wt = Y jt = Y t , and it can be expressed as follows:

Yt = Z tKa
t L1�a

t , (36)

39Equivalently, ¶tF t (a) = �¶ aF t (a) + (1 � F t (a)) zM I M
t

M t
.
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where Zt is aggregate TFP, de�ned by:

Z t � zM
1

k�1
t Q t B�1

t . (37)

The marginal cost of the economy equals mct = M
1

k�1
t Q t .

2. Real income is exhausted by labor, capital and pro�t income payments, i.e.,

Yt = w t L t + (r t + dK)K t + P t , (38)

with the following income shares:wt L t
Yt

= (1 � a)B t ,
(r t+dK)K t

Yt
= aB t , and P t

Yt
= 1 � B t .

Proof. See Appendix A.5.

This proposition states that the symmetric equilibrium of our economy collapses to that

of a representative-agent neoclassical growth model, in which the micro-level frictions (in

the form of slow-moving product awareness sets) are implicit in aggregate TFP.

Aggregate TFP, de�ned in equation (37), has different components. First, it scales with

the common physical productivity of �rms, z. Second, it increases withM t , the measure

of product categories in the economy: since product categories are strong substitutes in

preferences (k > 1), the introduction of new categories boosts aggregate productivity, as is

standard in expanding-variety models with love-for-variety. Third, aggregate TFP is shifted

by Q t B�1
t , a term that is new to our model and which summarizes the aggregate effects of

limited awareness in equilibrium.

In this term, Q t , de�ned in equation (35a), is an endogenous aggregate measure of

match quality: it incorporates (i) the share of consumers that are aware of �rms, 1 � f 0(a),
and the degree of connectedness of awareness sets within different product categories (the

sorting component of demand, q(a)), both of which increase demand along the extensive

margin; (ii) the level of targeting in advertising, m(a), which increases demand along

the intensive margin for given prices; and (iii) markups L(a) across product categories,

which endogenously respond to the elasticity of demand along both intensive and extensive

margins, as described earlier. Aggregate match quality is then adjusted by the termB�1
t > 1 ,

which dampens productivity for the existence of market power. Indeed, higher B�1
t implies

that a higher share of output is diverted to corporate pro�ts, as P t /Y t = 1 � B t .
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2.2.4 Advertising and Dynamic Resource Allocation

Equipped with these results, we are ready to solve for the age-zero advertising choices

and the inter-temporal consumption-saving decisions. In the previous section, we showed

that all consumers have identical price indices and identical real incomes despite the

heterogeneity in their purchases. Therefore, we can study dynamic decisions as though

they were made by a representative household that solves the inter-temporal allocation of

aggregate resources into consumption and savings using the composite good, Yt .

This household invests in and rents away physical capitalK t to the �rms at the rental

rate r t + dK, supplies labor inelastically in exchange for the equilibrium wage wt , invests

into the creation of new product categories I M
t , and accumulates wealth A t at the interest

rate r t . The household trades in �rm shares, so total �nancial wealth is given by:

A t = M t

Z +¥

0

 
N

å
i=1

bVit (a)

!

f t (a)da, (39)

where bVit (a) denotes the value of �rm i at calendar time t and product category agea. This

value is computed as the present discounted sum of all future stream of pro�ts of the �rm:

bVit (a) �
Z +¥

t
e�

Rt0

t (r t +d M )dt p it 0(a + t 0� t)dt 0, (40)

where p it 0(a0) are the period pro�ts of �rm i at time t 0and �rm age a0= a + t 0� t.

Nash equilibrium in advertising choices When a new product category is created, the N

entering �rms simultaneously choose once-and-for-all contact rates and targeting. Taking

fq i0gi06=iand fm0,i0gi06=ias given, �rm i chooses (qi , m0,i) to maximize

V0
it � max

qi ,m0,i

�
bVit (0) � d(q i , m0,i)

�
, (41)

where d(q, m0) � nq 2 + h(m0 � 1) 2 is the �rm-level advertising cost function de�ned in

equation (8). Note bVit (0) is an implicit function of the advertising choices of all �rms, as

these affect the evolution of awareness sets and directly impact �rm demand by affecting

match quality, i.e., the combined effects of sorting and targeting (Proposition 2).40

40In Appendix A.2 we argue that the perceived probability that awareness sets include a given �rm depends
on whether this �rm follows the symmetric Nash-equilibrium strategy or whether it unilaterally deviates
from it. While non-deviating �rms update this probability using the Q(q) generator matrix introduced in
Assumption 2, the unilaterally deviating �rm (choosing qi 6= q) uses instead a larger matrix, which we call
eQ(qi , q) in the appendix. We refer the reader to Appendix A.2 for details.
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Taking the �rst-order conditions of problem (41) gives the equilibrium choices:

qit =
¶qi

bVit (0)
2n

and m0,it = 1 +
¶m0,i

bVit (0)
2h

. (42)

In a stationary symmetric equilibrium, the contact rate and targeting are constant across

�rms, product categories and time, so we impose qit = q and m0,it = m0, for all i = 1, . . . , N ,

on equation (42) . Thus, the value of a �rm is the same within and across product categories,

V0
it = V 0

t . We let V0
t � NV 0

t denote the value of the whole product category at age zero.41

Dynamic resource allocation After the advertising choice is made, a license to use the

blueprints of the production technology for the newly created product category is sold off

to the N �rms at fair value. Subsequently, the household solves its dynamic problem.

Given initial conditions A 0, K0, M0, and F 0(a), the problem is:

max
(Ct ,I K

t ,I M
t �0) t2R +

Z +¥

0

e�rt C1�g
t

1 � g
dt, (43a)

subject to ¶t A t = r t A t + w t + (r t + dK)K t � C t � I K
t �

�
I M
t

� 2 + z M I M
t V0

t , (43b)

¶tK t = I K
t � d KK t . (43c)

The �ow budget constraint (43b) states that the change in total assets comes from the

returns on outstanding assets, income from supplying labor and renting capital to the �rms,

and the return from creating new product categories, net of consumption and investment

expenditures. This problem yields a standard Euler equation:

Proposition 6 (Euler equation). The law of motion of aggregate consumption is:

¶tCt

Ct
=

r t � r
g

. (44)

The optimal investment in product creation holds IMt = 1
2zM V0

t .

Proof. See Appendix A.6.

41In Appendix Figure D.2 we show that, in our calibration, �rms' best response functions in advertising are
downward-sloping, i.e., advertising choices are strategic substitutes: an increase in the advertising investment
(in contacting or targeting) of one �rm decreases the marginal gain from advertising for other �rms. Therefore,
the symmetric Nash equilibrium (q, m0) is interior.
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To close the model, we impose market clearing conditions. The market clearing prices in

the capital and labor markets solver t = azM
1

k�1
t Q tKa�1

t � d K and wt = (1 � a)zM
1

k�1
t Q tKa

t ,

respectively. The resource constraint of the economy is given in equation (11) where, in a

symmetric equilibrium, aggregate expenditure in advertising D t is given by:

D t � z M I M
t Nd(q, m0). (45)

Advertising expenditures are equal to the upfront per-�rm costs d(q, m0), times the measure

of entering �rms at time t (when a new product category is created), equal to z M I M
t N.

In our quantitative analysis, we focus on a stationary equilibrium, for which r t = r

and wt = w , the age distribution of product categories is time-invariant, F t (a) = F(a) ,

and economic aggregates are constant over time. In this case, we can obtain the following

closed-form solution for the invariant distribution of product categories:

Proposition 7 (Stationary age distribution). The invariant age distribution is given by:

F(a) = 1 � e �d M a. (46)

Proof. See Appendix A.7.

2.3 Constrained-Ef�cient Allocation

How do product market frictions distort the allocation of resources? To answer this

question, in Appendix B we solve the problem of a social planner that is constrained by the

same product market frictions as those faced by consumers in the market economy.

Our results reveal various sources of inef�ciencies. First, the symmetric decentralized

equilibrium features static misallocation of inputs across product categories, leading to

aggregate TFP losses relative to the constrained planner's solution. This misallocation, in

turn, is caused by markup dispersion generated by limited awareness (recall Proposition 3

and our subsequent discussion). Intuitively, market power is higher in product markets with

low levels of awareness, misallocating inputs away from them, and generating sub-optimal

levels of aggregate output and consumption.

Second, there is dynamic underinvestment in both physical capital and the creation

of new product categories. On the one hand, pro�t rents generated by markups lead to

underinvestment in physical capital. On the other hand, the value of the �rms generated

with a new category does not fully capture the full social value from its creation, due to

love-for-variety preferences.
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Third, and new to our framework, �rms in the decentralized economy choose, in general,

sub-optimal levels of both the contact rate and targeting. This is because the private gains

from advertising (given by the change in �rm value, in equation (42) ) are not generally

equal to the social gains. On the one hand, as �rms do not extract the full surplus from their

customers, they fail to internalize that their advertising choices raise match quality in the

aggregate, a positive “limited appropriability” externality that pushes for under-investment

in advertising. The planner, by contrast, choosesq and m0 taking into account that they

both increase productivity through aggregate match quality, equating the marginal cost

of advertising to the present-discounted sum of elasticities of match quality to advertising

for different cohorts of �rms (see equations (B.2.12a)-(B.2.12b) in the Appendix). On

the other hand, �rms do not internalize the losses that they cause on other �rms when

they make advertising choices to lure customers away from them in order to increase their

own market share and pro�ts, a negative “business-stealing externality” that pushes for

over-investment in advertising.

While theoretically there might therefore be both under- and over-investment in ad-

vertising, in our quantitative exercises from Section 3, we �nd that the positive spillovers

quantitatively dominate business-stealing forces, so �rms under-invest in both contacting

and targeting relative to the constrained-ef�cient allocation.

3 Implications of Improved Advertising Technologies

Over the last few decades, the advent and rise of digital advertising has dramatically

changed the advertising landscape. One notable difference between digital and more

traditional advertising media resides in the degree to which digital advertising can be

targeted to consumers who are more likely to purchase the product. In this section, we

calibrate the model to analyze how these improvements in advertising technologies have

affected consumers' product awareness, match quality, �rm dynamics, markups, and welfare

over time.

3.1 Calibration Strategy

We separately calibrate the model twice, for the years 2005 (henceforth, “early calibra-

tion”) and 2014 (henceforth, “late calibration”). Over this period, the share of Internet

advertising to total advertising increased signi�cantly, from 6.03% to 26.65%. 42 Yet, aggre-

42Obtained from Statista, using data from Zenith's Advertising Expenditure Forecasts (December 2021
report): https://www.statista.com/statistics/429036/advertising-expenditure-in-north-america/.
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gate advertising spending remained relatively constant as a share of U.S. GDP at around

2.2% (see, e.g., Greenwood et al. (2025)). Our purpose in this exercise is to understand

the degree to which this compositional shift in advertising technologies may have had

consequences for product dynamics and economic aggregates, including welfare.

For each period, we have 13 parameters to calibrate. We externally calibrate several

parameters commonly encountered in macroeconomic models. The remaining parameters,

which are most closely related to advertising, are internally calibrated.

3.1.1 Externally calibrated parameters

We set the following parameters externally, which are kept constant across the two

calibrations. The model's period is one year, and we set the time discount rate tor = 0.04 .

The risk aversion parameter is set tog = 2 , consistent with an elasticity of inter-temporal

substitution of 0.5, documented for the U.S. by Havranek, Horvath, Irsova and Rusnak

(2015). We normalize the common �rm-level productivity to z = 1.43 The capital share as

a fraction of non-pro�t income is set to a = 1/3 , and the physical capital depreciation rate

is set to dK = 0.069, as in Celik, Tian and Wang (2022), who in turn compute this number

using data from the U.S. NIPA tables. The cross-product-category elasticity of substitution is

set to k = 3 , which is consistent with the range of estimates calculated in Ober�eld and

Raval (2021) for disaggregated industries.44

The parameters governing awareness are newer to the literature. First, we assume as

the initial condition for awareness density that f0(0) = 1 . That is, the state of the product

category at birth is that no consumer is aware of any �rm. We set the exogenous rate of

losing connections toz = 0.15, a mid-point in the range of estimates for consumer separation

rates found by Gourio and Rudanko (2014b) and the studies referenced therein.45 As z > 0,

in our calibration networks never become fully saturated, so targeting remains active at all

ages of the product category (i.e., s(a) < 1, and thus m(a) > 1, for all a > 0).

Since our analysis focuses on sectoral-level output and markups, our choice ofN is

guided by what the empirical literature �nds for the “effective number of �rms”, de�ned

as the inverse of the HHI in an industry. In the symmetric equilibrium of our model, all

43This comes without loss of generality becausez scales the marginal cost of production faced by �rms,
which is common to all �rms. Thus, changes in aggregates across calibrations and across counterfactual
experiments are invariant to z.

44This choice for k puts an upper bound on net markups at 50%, corresponding to the monopolistically
competitive markup (recall our discussion following Proposition 3).

45To be precise, in our model consumers separate from their �rms for two reasons: because they lose the
connection (z) or because they �nd a better alternative. Therefore, the 15% should be considered as a lower
bound. Yet, Gourio and Rudanko (2014b) report that annual separation rates are as high as 20-25% in some
industries, such as retail, cell phone providers, and online banking.
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�rms have the same market share within the product category, so the effective number of

�rms equals N. We chooseN = 10 , a conservative choice that is at the upper end of the

empirical estimates.46

Finally, in our model, a product category obsolescence shock (at ratedM ) discontinues

the production of the category altogether, destroying all the �rms at once. Given our choices

for N and k, we think of product categories as being de�ned at a low level of disaggregation

in the data. Therefore, we choose a low value ofdM = 0.03, meaning that on average a

product category survives for about 33 years, and provide robustness checks on this value

in the appendix.47 This choice provides suf�cient time for networks to expand and markups

to converge before the product category ceases to exist.

3.1.2 Internally calibrated parameters

There are four remaining parameters: the cost of new product category creation (zM ),

the degree of product differentiation in preferences (s), and the advertising cost scale

parameters for contacting (n) and targeting ( h). We calibrate these parameters internally.

For each of the two calibrations, we choose values for the four parameters that minimize

the distance between model-generated moments and their empirical counterparts.

For both calibrations, we normalize the measure of product categories toM = 1 , which

allows us to pin down the value of the cost of creating new product categories,zM . We

then target the ratio of advertising expenditures to GDP, using data from Greenwood et al.

(2025); the cost-weighted average markup, using estimates from Edmond, Midrigan and Xu

(2023); and a measure of the effectiveness of digital advertising. Finding a reliable measure

of the effectiveness of digital advertising is challenging due to the lack of non-con�dential

data that is both representative in the cross-section of �rms and consistent over time. To

overcome this challenge, we rely on estimates from a �eld experiment, and combine them

with time-series data on the share of digital advertising over the period of analysis. Our

implicit assumption in doing this is that digital advertising is targeted whereas contacting

46Some examples include Mongey (2021), who reports a median of 40.7 �rms per market but a median
effective number 1/HHI � 3.73 in IRI retail data; and Edmond, Midrigan and Xu (2015), who �nd a
median inverse HHI of 3.92in 7-digit Taiwanese manufacturing data and a median of 10 producers per sector
(p. 3201). Thus, N = 10 places our model on the competitive side of these effective counts. Consistent with
this, Bresnahan and Reiss (1991) document empirically that “once the market has between three and �ve
�rms, the next entrant has little effect on competitive conduct.”

47Tables D.3 and D.4 display the results of a robustness check in which we setdM = 0.06, decreasing the
average duration of categories to about 17 years. Our results mostly remain qualitatively unchanged. One
noteworthy exception is that, despite the cost of both contacting and targeting going down over time, the
contact rate decreases between the two calibrations (Columns (1) and (2) of Panel A in Table D.4). This is
due to the degree of substitutability between contacting and targeting being strong enough for the contact
rate to decrease, as its relative cost increases over time.
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advertising is not.

The effectiveness of targeted advertising is based on empirical evidence on the return

to targeting reported in Farahat and Bailey (2012). This study �nds, using a natural �eld

experiment from ads on the Yahoo! homepage, that targeting increased the click-through

rate for brands by 79.9% on average. As the share of digital advertising expenses in total

advertising expenditures in the data increased from 6.03% to 26.65% between 2005 and

2014, we weight the return to targeting by the share of digital advertising to be able to

compute the average return to targeting. By this measure, the return to targeting goes from

0.048 in 2005 to 0.213 in 2014, nearly a �ve-fold increase. In the model, we measure the

return to targeting by computing the expected increase in a given �rm's sales under the

assumption that every other �rm in the product category does not use targeting at all, i.e.,

that all other �rms in the same market choose m0 = 1 , which is intended to replicate the

experiment conducted in Farahat and Bailey (2012) using our model.48

For the late calibration, the internally calibrated parameters are estimated against the

empirical values of same set of moments as of 2014. In addition, we also make sure that

the growth rate of real GDP per capita between the two calibrations is in line with what is

observed in the data.49

3.2 Calibration Results

Table 1 reports the results for the early and late calibrations in terms of model �t, and

provides the corresponding parameter values. The model matches all moments closely. Our

calibrations predict little change in consumer preference heterogeneity, from s = 0.222 in

2005 to s = 0.219 in 2014, due to the fact that the average markup changed very little over

this period. Instead, the large changes in the composition of advertising seen in the data are

being captured mostly through changes in the advertising technology parameters, (n, h).
Importantly, our calibrations predict that both the cost of contacting ( n) and the cost of

targeting ( h) were lower in the late period relative to the early period. The decrease in the

cost of targeting is predicted to have been large, fromh = 0.6461 to h = 0.0800, an 88%

decline. The contact rate cost decreases as well, albeit to a lesser extent, fromn = 0.3295to

n = 0.2392, a 27% decline. As we argue next, both of these changes are consequential for

48In Appendix Tables D.5 and D.6, we explore robustness checks in which our calibration targets a return to
targeting that is 50% lower in 2005 and 50% higher in 2014 compared to our baseline calibration. These
results show that matching larger changes in the return to targeting over time does not change our main
results qualitatively. Quantitatively, most results in our counterfactual experiments (described in Section 3.3)
are magni�ed.

49Data on GDP per capita is obtained from the St. Louis Federal Reserve Bank's FRED database, and is
available at https://fred.stlouisfed.org/series/A939RX0Q048SBEA#0.
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Table 1: Set of internally identi�ed parameters and model �t

Parameter Value Moment Data Model

A. Early calibration (2005)

Product differentiation s 0.2221 Cost-weighted average markup 0.247 0.247

Product category creation ef�ciency zM 0.111 Mass of categories (normalization) 1 1

Contact rate cost n 0.3295 Advertising share of GDP 0.0220 0.0220

Targeting cost h 0.6461 Return to targeting 0.0482 0.0482

B. Late calibration (2014)

Product differentiation s 0.219 Cost-weighted average markup 0.246 0.244

Product category creation ef�ciency zM 0.1067 Mass of categories (normalization) 1 1

Contact rate cost n 0.2392 Advertising share of GDP 0.0224 0.0225

Targeting cost h 0.0800 Return to targeting 0.2129 0.2127

Real GDP per capita growth 0.0523 0.0523

Notes: This table reports parameter values and model �t for the early calibration, corresponding to data
moments from 2005, and the late calibration, corresponding to 2014.

the effects of improved advertising technologies on productivity, competition, and market

dynamics.

3.2.1 Effects on Economic Aggregates

Table 2 reports the baseline results for the early and late calibrations on a number

of selected variables, including various advertising outcomes and variables related to

markups and the sources of aggregate expenditure. As a result of the changes inn and h

between the two calibrations, initial targeting m0 goes up strongly between the early and

late calibrations, from m0 = 1.1715 to m0 = 1.9036, a 62% increase, owing to the fact that

the return on targeting increased sharply over this period. The contact rate also increases,

from q = 0.7573to q = 0.8141, a 7.5% increase between the two periods. Therefore, our

calibrations predict that �rms have increased the probability of contacting new customers at

random over time, but have also become better at targeting those consumers with a greater

preference for their products.

As a result of these changes, both overall output and overall consumption go up, by

5.2% and 5.0%, respectively.50 Correspondingly, the level of aggregate distortions is lower

in the late economy: recalling that QB �1 is the endogenous component of aggregate TFP,

50For now, we abstain from inferring predictions on welfare from these numbers because, in both of these
calibrations, the measure of products (a contributor to welfare due to love-for-variety preferences) is kept
�xed at M = 1 . In our counterfactual exercises of Section 3.3, however, we letM adjust freely, which allows
us to have a complete picture of the welfare effects from the improvement in advertising technologies.
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Table 2: Baseline calibration results

(1) (2)
Early calibration Late calibration

A. Advertising and markups

Contact rate q 0.7573 0.8141
Targeting rate m0 1.1715 1.9036
Average return to targeting 0.0482 0.2127
Average cost-weighted markup 0.2470 0.2439

B. Expenditure shares of GDP

Consumption share C/Y 0.7830 0.7814
Advertising share D/Y 0.0220 0.0225

Category creation investment share (IM )2/Y 0.0258 0.0265

Capital investment share IK /Y 0.1692 0.1696

C. Income shares of GDP

Labor share wL/Y 0.5346 0.5360
Capital share (r + dK)K/Y 0.2673 0.2680
Pro�t share P/Y 0.1981 0.1961

D. Economic aggregates

Wage w 1.5159 1.5993
Consumption level C 2.2202 2.3316
Match quality Q 1.1913 1.2346

Distortion-adjusted match quality QB �1 1.4856 1.5357

E. Constrained-ef�cient allocation

Ef�cient contact rate q � 0.7836 0.8411
Ef�cient targeting rate m �

0 1.1871 1.9718
Ef�cient match quality Q � 1.4923 1.5433

Notes: Results from our calibrations on selected equilibrium variables. Column (1) reports the baseline
results for the early calibration (2005). Column (2) reports results for the late calibration (2014).

we obtain that QB �1 increases by 3.4%, fromQB �1 = 1.486 in 2005 to QB �1 = 1.536

in 2014, a combined result of the change in aggregate match quality (Q), and aggregate

distortions from market power (B �1 ).

3.2.2 Effects on Market Dynamics

These effects at the aggregate level underlie changes in the dynamics of product cate-

gories, to which we move next.

Figure 3 shows the evolution of product awareness over time within a product category.

Each solid line (respectively, dashed line) represents the share of consumers aware of
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Figure 3: Proportion of consumers aware of n �rms, fn(a): Early vs Late calibrations.

Notes: This �gure plots the proportion of consumers that are aware of n = 0, 1, . . . , N �rms over product
category age a, for the early calibration (solid lines) and the late calibration (dashed lines).

a certain number n of products, fn(a), in the early (respectively, late) calibration, as a

function of the age a of the product category.51 As time goes by and the product category

ages, consumers become gradually aware of the existence of products. Comparing these

dynamics in the early and late periods reveals that networks expand faster in the latter.

This is because �rms in the late period choose a higher contact rateq, enabling consumers

to become aware of more �rms earlier on.

Figure 4 shows the consequences of these dynamics on various �rm-level outcomes.

First, the degree of targeting is higher in the late period, especially in the early stages of the

product category, when sorting is low and �rms retain a relatively high degree of market

power (panel (a)). Second, markups are lower in the late period (panel (b)): as consumers

in the late period become aware of more alternatives earlier on, their demand is more

price-elastic at every age of the product's life-cycle, and �rms' market power is diminished.

In spite of lower markups, the late calibration features higher prices at all ages.52 Thus,

�rm-level demand (panel (c)) re�ects the con�icting effects of higher prices and higher

targeting. In the early stages of the product category, higher targeting dominates over price

effect, making demand higher in the late period. As consumers become aware of more �rms

over time, targeting differences between the early and late calibrations narrow, and price

51For visual clarity, we only provide the plots for n 2 f1, 2, 5, 7g.
52To understand this, recall that p(a) = L(a)mc , where L(a) is the markup and mc = M

1
k�1 Q is the

marginal cost. As argued, markups are lower in the late period. However, aggregate qualityQ is much
higher due to the improved advertising technologies. As the measure of products is normalized to one in both
calibrations (M = 1), this implies higher prices.
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