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Abstract

Business dynamism – the process of firm entry, growth and exit – lies at the

heart of modern endogenous growth models. While productivity differences have

traditionally been seen as the main driving forces of business dynamism, a growing

body of evidence suggests that customer acquisition is at least as important. In light

of this evidence, we propose a novel endogenous growth model in which innovating

firms must first acquire customers to sell their products. Estimating our model

with aggregate and firm-level data, we find that expansions of firms’ customer

bases (market sizes) boost their incentives to innovate and shift resources towards

high-growth businesses (“gazelles”). Combined, these effects explain over 40% of

aggregate growth and substantially change predictions about the efficacy of growth

policies. Finally, we document support for key model predictions using firm-level

micro-data.
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1 Introduction

The continuous process of firm entry, growth and exit– “business dynamism”– plays a

key role in aggregate job creation and productivity growth (Haltiwanger, 2012). By now,

models incorporating business dynamism have been employed to understand a range of

important questions regarding e.g. international trade, long-run growth, unemployment,

inequality, market power, and monetary and fiscal policy.1 Typically, such models think of

business dynamism as a purely productivity-driven phenomenon whereby less productive

firms shrink and shut down, giving way to more productive and innovative businesses –

so called “creative destruction.”

However, innovation and creative destruction are not the sole drivers of business

dynamism. In fact, a growing body of recent empirical and theoretical research stresses

that a key source of business dynamism lies in customer accumulation.2 In this paper,

we argue that firm-level customer acquisition is also a quantitatively important driver

of aggregate economic growth. Moreover, we show that ignoring customer accumulation

leads to substantially different conclusions about the efficacy of growth policies. We then

proceed to document empirical support for key theoretical predictions of our framework

in firm-level micro-data.

To make our point, we propose a new model of endogenous growth which explicitly

considers firm-level customer accumulation. In our framework – as in existing growth

models – firms invest into improving their individual productivity levels, the ultimate

source of aggregate growth. In contrast to existing growth models, however, in our

framework firms must first acquire customers in order to sell their products. We consider

two distinct sources of customer accumulation. First, businesses can attract customers by

spending resources on marketing along the lines of e.g. Dinlersoz and Yorukoglu (2012),

Sedláček and Sterk (2017) and Abaluck and Adams-Prassl (2021). Second, firms can

also attract new customers by charging lower prices (markups) as in Foster et al. (2016),

Gourio and Rudanko (2014) and Rudanko (2022).3

We first analyze a “benchmark” version of our model in which we impose specific

restrictions allowing for analytical conclusions. In particular, we assume that R&D and

marketing costs scale one-for-one with firm size. Note that, as we discuss in detail below,

we relax these restrictions when taking the model to the data for a quantitative analysis.

With our benchmark model, we can show four central theoretical results. First, higher

1See e.g. Melitz (2003), Klette and Kortum (2004), Kaas and Kircher (2015), Jones and Kim (2018),
Peters (2020), Ottonello and Winberry (2020), Spencer (2022).

2See e.g. Foster et al. (2008), Dinlersoz and Yorukoglu (2012), Foster et al. (2016), Hottman et al.
(2016) ,Kaas and Kimasa (2021), Bernard et al. (2022), Eslava and Haltiwanger (2021), Einav et al.
(2022), Rudanko (2022).

3Examples price-driven customer accumulation include not only initial discount periods on products
such as newspaper subscriptions, mobile phone plans or gym memberships– but also longer-term pricing
strategies to build sufficiently large customer bases– including those applied by service and technology
firms such as AirBnB, DoorDash, Netflix or Uber.
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customer retention strengthens firms’ incentives to conduct R&D through a “firm-level

market size effect.” To understand this, note that higher firm-level productivity allows

businesses to produce at lower costs and earn higher profits from their existing customers.

Being able to hang on to more customers, therefore, raises the benefits of innovation

because lower production costs can apply to a larger market.

Second, the link between innovation and customer accumulation also runs in the

opposite direction, creating a new endogenous feedback loop. Specifically, since more

productive businesses can produce at lower costs, they can afford to invest more resources

into customer acquisition. The associated increase in firms’ customer bases (market

shares) boosts incentives to conduct R&D and so on.

Third, aggregating firm-level innovation decisions leads to our next result: higher

firm-level customer retention rates increase aggregate economic growth. However, it is

important to note that this happens “only” because higher customer base levels boost

firms’ incentives to innovate – our first theoretical result.

Fourth, changes in firms’ customer base levels alter their responsiveness to R&D

subsidies. Generally speaking, the prospect of larger market shares associated with an

expanded customer base tilts firms’ discounting towards future periods. This makes

businesses more sensitive to any changes in future profits, including those brought about

by R&D subsidies and associated lower innovation costs.

To gauge the quantitative importance of our theoretical results, we generalize the

benchmark model in two crucial dimensions. First, we relax the restriction that marketing

and R&D costs increase one-for-one with firm size. Instead, we use micro-data to directly

estimate these relationships. Second, we introduce endogenous entry and exit in order

to be able to speak to the process of creative destruction. We then discipline this “full”

model using a combination of aggregate moments, data on business dynamism and firm-

level information on R&D, marketing and markups – the key features of our framework.

To isolate the effect of customer acquisition on firm-level outcomes, we conduct a

series of decomposition exercises. First, within our full model, we consider a counterfac-

tual scenario in which firms expect lower rates of customer retention – such that average

customer base growth is zero among continuing businesses. Solving for optimal R&D

decisions under these counterfactual expectations, we then compare the resulting inno-

vation rates to those in the full model. The difference quantifies the role of customer

accumulation in our full model.

As a result of lower expected customer retention, firms optimally scale back on R&D

investment. This is precisely a reflection of the firm-level market size effect – our first

theoretical result. Quantitatively, the counterfactual features innovation rates which are

about 40% lower compared to our full model. Importantly, the vast majority of this effect

is driven by the feedback loop between innovation and customer acquisition. Considering

only the “direct” effect results in counterfactual firm-level innovation rates being only
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about 6% lower compared to the full model.

As a second decomposition exercise, we turn to analyzing the impact of customer

acquisition on aggregate growth. Changes in firms’ customer base levels affect aggregate

growth in two distinct ways. First, the firm-level market size effect described above di-

rectly influences aggregate growth. In particular, lower expected customer accumulation

weakens firm-level market size effects. In response, businesses scale down on R&D and

aggregate growth is about 1/5 lower than in our full model. In addition, there is a second

powerful channel through which changes in firms’ customer base levels affect aggregate

growth – through the reallocation of customers across firms.

In particular, the feedback loop between innovation and customer acquisition leads

to an endogenous reallocation of market shares (customers) towards firms with high pro-

ductivity levels. This happens because highly productive firms can afford to invest more

into customer accumulation. Combined, the firm-level market size effect and the reallo-

cation effect account for 44% of aggregate growth. Therefore, while aggregate growth has

typically been considered a purely supply-side phenomenon, our framework shows that

customer acquisition is a quantitatively important driver of aggregate economic growth.

As a final step in our quantitative analysis, we turn our attention to analyzing the

impact of two common policy interventions: subsidies to R&D and to firms’ operations.

We do so in our full model and an identical economy which, however, ignores customer

accumulation.4 First, we show that in our full model with customer acquisition frictions,

R&D subsidies are much more successful (about twice as much) at boosting aggregate

growth – confirming our analytical results.

In contrast, subsidizing firms’ operations leads to a stronger decline in aggregate

growth in the full model compared to an economy which ignores customer accumulation.

The key reason is the different nature of business dynamism across the two economies. In a

model without customer accumulation, firm growth and survival are purely productivity-

driven. In the full model, however, aggregate growth is a customer-weighted average of

firms’ productivity growth rates. Therefore, the overall effect depends on changes to the

joint distribution of firms’ productivity and customer base levels.

Despite focusing only on two policy examples, our results are more general. This is

because our conclusions ultimately depend on how customer accumulation shapes business

dynamism and, in turn, aggregate outcomes. Therefore, using a model without customer

accumulation to analyze any policies (or shocks) which affect business dynamism may

provide a skewed view of their aggregate impact.

Finally, to establish the empirical relevance of the proposed mechanisms, we turn to

firm-level data and document support for key model predictions. First, we show that in

the cross-section of firms, marketing, R&D and markups all co-move in model-predicted

4We do not strive to determine optimal policies. Instead, we illustrate quantitatively that commonly
used policies have a vastly different impact in environments with and without customer accumulation.
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ways. This is true for both static (contemporaneous) relationships, but also for dynamic

(life-cycle) patterns. Second, we propose a model-consistent proxy of the severity of

customer base frictions and estimate them in the cross-section of industries. Using these

estimates, we show that – as predicted by the model – stronger frictions to accumulating

customers are related to weaker R&D investment.

Our paper straddles two large bodies of research. First, we build on the literature

studying firm dynamics (see e.g. Jovanovic, 1982; Hopenhayn and Rogerson, 1993, for

seminal contributions) and in particular on papers analyzing demand-side factors and

customer acquisition (see e.g. Drozd and Nosal, 2012; Dinlersoz and Yorukoglu, 2012;

Gourio, 2014; Arkolakis, 2016; Perla, 2019; Kaas and Kimasa, 2021; Rudanko, 2022;

Argente et al., 2025).5 We add to these papers the context of aggregate growth. Sec-

ond, our paper connects to endogenous growth models which, however, typically ignore

demand-side factors (see e.g. Klette and Kortum, 2004; Lentz and Mortensen, 2008; Ak-

cigit and Kerr, 2018; Acemoglu et al., 2018). Exceptions include Cavenaile et al. (2021)

and Einav et al. (2022). The former present a model in which advertising statically in-

creases (perceived) product quality. The latter use Visa transaction data to document

the importance of customers for sales (growth) heterogeneity in the retail sector and ra-

tionalize these findings using a model in which customers are a static function of current

advertising expenditures.6 While in both these models advertising affects sales in a static

manner, our paper stresses the dynamic nature of firm-level customer accumulation and

how it forms an endogenous feedback loop with firm-level productivity growth.

The paper is structured as follows. The next Section describes the benchmark frame-

work and derives our central analytical results. Sections 3, 4 and 5, respectively, describe

the full model, parameterize it and provide quantitative results. Section 6 documents

support for key model predictions and the final section concludes.

2 A Benchmark Theoretical Framework

The primary goal of our theoretical analysis is to study how customer acquisition and

R&D investment influence each other at the firm level and, in turn, how their interaction

affects aggregate growth. We begin by considering a “benchmark” environment which

allows us to derive closed-form solutions and build intuition for our proposed mecha-

nism. As will become clear, these insights carry over to our full model which extends the

benchmark along several dimensions and quantifies it using U.S. (micro-)data.

5Dynamic customer accumulation has also been studied in various other macroeconomic contexts not
directly related to business dynamism, see e.g. Ravn et al. (2006), Nakamura and Steinsson (2011),
Petrosky-Nadeau and Wasmer (2015), Shi (2016) or Fernández-Villaverde et al. (2021).

6A related paper is Rachel (2021), which studies leisure-enhancing technologies (and associated ad-
vertising) and how they raise firms’ sales via brand equity.
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2.1 The Model

In what follows, we use upper-case letters to denote aggregates and lower-case letters to

denote firm-level variables. Time is discrete and we use primes to indicate next period’s

values.

Consumers: Preferences. We assume a representative household consisting of a con-

tinuum of members, indexed by k. Household members jointly supply a fixed amount

of labor, N , consume a final good, C, and invest into assets, A. They do so in a way

that maximizes the life-time utility of the representative household, U =
∑∞

t=0 β
t lnCt,

where β is the discount factor and where choices are made subject to a budget constraint

described below.

Aggregate consumption – the economy’s numeraire with a normalized aggregate price

P = 1 – is a bundle of goods varieties, indexed by j and produced by individual firms. In

what follows we use the subscript j interchangeably to denote firms and good varieties.

The key novelty of our framework lies in the treatment of customers for each goods

variety. In particular, in order to consume good variety, j, household members first

need to be aware of it. This happens by costly investment on the part of firms which

we describe in detail below. Formally, aggregate consumption is a constant elasticity of

substitution (CES) aggregate given by:

C =

[∫
j∈Ω

∫
k

1j,kc
η−1
η

j,k dk dj

] η
η−1

, (1)

where Ω is the set of producers and η > 1 is the elasticity of substitution between goods

varieties.7 Importantly, 1j,k is an indicator function equal to one if household member k

is consuming good j and cj,k is the associated quantity.

For future reference, it will be useful to denote the “customer base” of firm j, i.e. all

household members consuming its good, by bj =
∫
k
1j,k dk. While existing endogenous

growth models typically treat the customer base of individual goods varieties as constant

and common across firms, we allow them to vary endogenously. This is described in detail

below.

Consumers: Optimal decisions. The representative household chooses consumption

of individual goods and asset holdings to maximize life-time utility subject to the budget

constraint

A′ +

∫
j∈Ω

∫
k

pjcj,k dk dj = WN + (1 +R)A, (2)

7We choose the CES structure for direct comparability with the vast majority of existing models of
endogenous growth (see e.g. Acemoglu et al., 2018). With slight abuse of notation, Ω refers to both the
set and mass of producers.
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where total assets are given by A =
∫
j∈Ω vj dj, with vj being the value of a firm producing

variety j, pj are variety-specific prices (relative to the aggregate price index P ), W is the

wage and R is the interest rate. The resulting Euler equation and demand for individual

goods take on familiar forms:

1 =βE
C

C ′ (1 +R′), (3)

cj =bjp
−η
j C, (4)

highlighting that the customer base, bj, directly affects the demand for a firm’s product.

Firms: Production. Each goods variety is produced by an individual firm using labor,

ncj, and a firm-specific (endogenous) productivity level, qj. The production technology is

given by:

cj = qjn
c
j. (5)

Firms: R&D. Firms strive to improve their production efficiency by investing nxj units

of labor into R&D. In return, firms obtain an innovation probability xj determining the

success rate of their R&D efforts. We assume that R&D costs are convex in the innovation

probability:

nxj = xmσx
j x

ψx
j , (6)

where x > 0, ψx > 1 and σx > 0 and where mj is a firm-specific scaling factor which we

define below. If successful, innovations lead to an increase in firm-level productivity by a

factor of (1+λ) where λ > 0. If unsuccessful, firm-level productivity remains unchanged:8

q′j =

{
qj(1 + λ) with probability xj,

qj with probability 1− xj.
(7)

Firms: Customer acquisition. We assume that firms are allowed to invest into accu-

mulating customers, enabling them to directly influence the demand for their products.

Specifically, we consider two channels through which firms can attract new customers.

First, businesses can engage in costly “sales and marketing” activity to attract new

customers. This channel builds on the tradition of models with informative advertising

which have been used to study firm dynamics, business cycles or industry life-cycles (see

e.g. Dinlersoz and Yorukoglu, 2012; Sedláček and Sterk, 2017; Abaluck and Adams-Prassl,

2021). Expenses on sales and marketing should be viewed as relatively broad and include

not only investment into advertising, but also for instance customer service, spending

8Note that modeling productivity as cost-saving is purposefully conservative. Considering also product
innovation – which may more directly impact customer accumulation through the creation of new product
lines – is an interesting avenue for future research.
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on sales force, or building brand value. In what follows, we will the terms “sales and

marketing” and “marketing” interchangeably.

Second, businesses in our model can also expand their customer base through (past)

sales. This channel follows existing models of “customer markets” which have been used

to understand international prices, firm investment or labor market dynamics (see e.g.

Ravn et al., 2006; Foster et al., 2016; Fitzgerald et al., forthcoming).

Given that each of these channels finds empirical support in the literature (see e.g.

Foster et al., 2016; Piveteau, 2021; Afrouzi et al., 2021; Fitzgerald et al., forthcoming; He

et al., 2025), we consider both in our framework simultaneously. Through the lens of our

“full” model – presented in the next section – we then use micro-data to discipline the

relative strength of these two channels for driving firms’ customer accumulation.

The flip side of customer accumulation is customer attrition, for which we also consider

to distinct reasons. First, all incumbent firms face an exogenous customer separation rate,

ζ ∈ (0, 1). Second, all customers of businesses which shut down also separate. We explain

the process of firm exit and entry in detail below.

Given the above, the law of motion for the customer base of a continuing firm j is

formally given by:

b′j = bj(1− ζ) (1 + γaj + (1− γ)sj) , (8)

where aj is marketing-driven customer accumulation, sj is sales-driven customer acquisi-

tion and where γ ∈ [0, 1] is the relative weight on the two.

Investing into customer accumulation is costly. Similar to R&D costs, we assume that

sales and marketing costs (denoted in labor units) are convex in the marketing rate:

naj = amσa
j a

ψa
j , (9)

where a > 0, σa > 0 and ψa > 1.

In contrast to marketing, the costs of attracting customers via pricing come in the

form of foregone profits. Building on e.g. Foster et al. (2016), we assume that the rate

at which relatively lower prices translate into new customers is given by:

sj = mσs
j

pjcj
PC

. (10)

Firms: Entry and Exit. In the benchmark model, we assume that incumbent busi-

nesses shut down at an exogenous rate, δ ∈ [0, 1], and are replaced by an equal mass,

δΩ, of entrants. All startups are assumed to enter with a common initial endowment

of customers, be > 0, and to obtain a random draw of initial firm-specific productivity,

qe. The latter is distributed identically and independently across firms according to the
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cummulative distribution function Hq(qe).
9 In our full model in Section 3, we endogenize

both entry and exit decisions.

Firms: Optimal decisions. Incumbent firms choose prices, production labor, R&D

and marketing in order to maximize the discounted value of all their future profits (firm

values, vj):

v(qj, bj) = max
pj ,ncj ,n

x
j ,n

a
j

pjcj −W (ncj + nxj + naj ) +
1− δ

1 +R′

 xjv(qj(1 + λ), b′j)+

(1− xj)v(qj, b
′
j)


 (11)

s.t. cj =bjp
−η
j C, cj = qjn

c
j, nxj = xmσx

j x
ψx
j , naj = amσa

j a
ψa
j , sj = mσs

j

pjcj
PC

,

b′j =(1− ζ)bj(1 + γaj + (1− γ)sj), xj ∈ [0, 1]

where we have made explicit the dependence of firm values on the two firm-specific

state variables: productivity and the customer base. For future reference, we will de-

note E vc(q′j, b′j) = xjv(qj(1 + λ), b′j) + (1− xj)v(qj, b
′
j) as the unconditional continuation

(expected) firm value.

In this setting, firms will employ production labor to satisfy the demand from house-

holds, i.e. ncj = cj/qj. In addition, optimal innovation, marketing and pricing decisions

are given by:

ψxW
nxj
xj

=
1− δ

1 +R′

∂Evc(q′j, b′j)
∂xj

, (12)

ψaW
naj
aj

=
1− δ

1 +R′γ(1− ζ)bj
∂Evc(q′j, b′j)

∂b′j
(13)

pj =
µ

1 + Ξj

W

qj
, (14)

where µ = η
η−1

is the “static markup” and where Ξj =
1−δ
1+R′ bj

mσsj
C

(1−ζ)(1−γ)∂Ev
c(q′j ,b

′
j)

∂b′j
>

0.

In the above, optimal R&D investment (12) balances marginal costs – governed by

the cost function (10) – with marginal benefits. The latter is given by the increase

in expected firm value that follows from a successful innovation. Optimal marketing

decisions (13) have an analogous structure, with marginal benefits reflecting the impact

of a larger customer base on firm value. Finally, optimal prices (14) are set as markups

over marginal costs. However, since sales increase a firm’s customer base and the latter

9Note that our framework is characterized by entrants “standing on the shoulders of giants”, whereby
initial production efficiency, qe, is assumed to be proportional to last period’s aggregate productivity
index (Q−1).
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is valuable, businesses have incentives to set markups below the static value, µ. The

extent to which this happens is summarized by the term Ξj which – like the benefits of

marketing investment – depends on the marginal increase in firm value stemming from

additional customers.

Before moving on, we highlight two important features of our framework. First, all

three of the above decisions are dynamic and forward-looking. Second, through their

dependence on firm values, they also all depend on both firm-level productivity and the

customer base. As we explain below, these features create an important firm-level link

between R&D and customer accumulation.

Market clearing. Labor market clearing requires that all labor demanded by incum-

bent firms is supplied by the household:

N =

∫
j∈Ω

(ncj + nxj + naj ) dj. (15)

Finally, given that all costs are denoted in units of labor, the resource constraint

amounts to output being equal to consumption, i.e. C = Y .

Aggregate growth. Focusing on the balanced growth path (BGP) of the economy, we

note that all growing variables expand at the same rate given by 1 + G = Q′/Q, where

Q is an aggregate productivity index defined as:

Q =

(∫
j∈Ω

b̂jq
η−1
j dj

) 1
η−1

, (16)

where b̂j = bj/B is the customer share of firm j. Intuitively, aggregate productivity in our

economy is given by the customer-weighted average of firms’ productivity levels (adjusted

for the elasticity of substitution in consumption). Finally, let us note that along the BGP

we can stationarize our economy by dividing all growing variables by Q. In what follows,

we denote stationarized variables with “hats”, e.g. Ĉ = C/Q.

2.2 Central Theoretical Results

This section presents four sets of analytical results stemming from our benchmark model.

First, we analytically characterize optimal firm decisions. Next, our propositions shed

light on how customer accumulation alters firms’ incentives to conduct R&D, how it

impacts aggregate growth and how it changes the economy’s sensitivity to R&D subsidies.

We defer a formal definition of equilibrium as well as all proofs to the Appendix.
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Parametric and functional form assumptions. The following assumption – which

we relax in the full model described in Section 3 – allows us to derive closed form solutions.

Assumption 1. Assume the following parameter values and functional forms:

(a) ψx = ψa = 2,

(b) σx = σa = −σs = 1 and mj = bj q̂
η−1
j for all j,

(c) (1− δ)b′j/bj < 1 for all j.

Part (a) of Assumption 1 is not particularly restrictive. Empirical evidence on the

curvature of the R&D cost function typically points to a value of ψx = 2 (see e.g. Hall

and Ziedonis, 2001; Bloom et al., 2002). In addition, recent evidence suggests similar

values also for advertising costs (see e.g. Afrouzi et al., 2021). Next, as will become

clear, mj will be proportional to firms’ market shares, pjcj/(PC). Therefore, Part (b) of

Assumption 1 is akin to the “perfect scaling” assumptions in existing endogenous growth

models (see e.g. Akcigit and Kerr, 2018, for a discussion). Importantly for the purposes

of this subsection, Assumption 1 allows for closed form solutions and leads to analytically

convenient properties of the model, such as Gibrat’s law. Finally, Part (c) of Assumption

1 ensures a stationary aggregate customer base (see the Appendix for further details).

Optimal choices. Before presenting our theoretical results, we first describe optimal

firm-level choices under Assumption 1. In doing so, it will be convenient to define the

following firm-level growth rates of productivity (gq), customer base (gb) and employment

(gn):

1 + gq =x(1 + λ)η−1 + 1− x, (17)

1 + gb =(1− ζ)(1 + γa+ (1− γ)s), (18)

1 + gn =(1 + gq)(1 + gb)(1 +G)1−η. (19)

Proposition 1. Under Assumption 1, optimal firm-level innovation (x), marketing (a)
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and pricing (µ) decisions are constant, common to all firms and given by:

x =β̃
(1 + λ)η−1 − 1

2Ŵx (1 + gq)
v, (20)

a =β̃
γ(1− ζ)

2Ŵa(1 + gb)
v, (21)

1

µ
− 1

µ
=β̃

(1− ζ)(1− γ)

Ĉµ(1 + gb)
v, (22)

where β̃ = β(1− δ)(1 + gn) and where v is given by

v =
Ŵ 1−ηĈµ−η(µ− 1)− Ŵ (xx2 + aa2)

1− β̃
.

Proposition 1 shows that our benchmark framework is characterized by Gibrat’s law

where firm-level employment growth, gn, is independent of size (which in our model

is driven by a combination of productivity and customer base levels). Note also that

v reflects the net present value of all future profits, which are proportional to market

shares, i.e. vj = vmj.

Customer acquisition and firm-level innovation. With optimal choices at hand,

we now turn to understanding how firms’ R&D and customer accumulation decisions

interact. We do so by analyzing comparative statics in partial equilibrium which hold

all other variables (including aggregate growth) fixed. In particular, in what follows

we derive firms’ endogenous responses to exogenous changes in their customer base and

productivity growth rates. While the former is brought about by exogenous changes to

customer retention (1− ζ), the latter is due to exogenous changes in innovation step size

(1 + λ).

Proposition 2. Under Assumption 1, and all else equal,

(a) Firm-level innovation increases with customer base growth:

ϵx,1−ζ =
∂x

∂(1− ζ)

1− ζ

x
> 0.

(b) Firm-level customer accumulation increases with innovation

ϵa,1+λ =
∂a

∂(1 + λ)

1 + λ

a
> 0 and ϵµ,1+λ =

∂µ

∂(1 + λ)

1 + λ

µ
< 0.

Part (a) of Proposition 2 shows that innovation depends on the speed of customer base
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accumulation. Specifically, an exogenous increase in a firm’s customer base growth in-

creases its future profits. Aside from this “direct” effect, firms respond optimally by

increasing marketing investment (i.e. ∂a/∂(1 − ζ) > 0) and lowering markups (i.e.

∂µ/∂(1 − ζ) < 0). Both of these indirect effects endogenously increase customer ac-

quisition further. Combined, an exogenous increase in customer base growth raises firm

value which provides stronger incentives to conduct R&D. We dub this effect the “firm-

level market size effect.” Versions of this effect have been documented in a range of

empirical studies (see e.g. Acemoglu and Linn, 2004; Jaravel, 2019; Aghion et al., 2020).

Part (b) of Proposition 2 states that a similar effect also operates in the opposite

direction – from innovation to customer acquisition. In particular, an exogenous increase

in innovation step size leads to an endogenous rise in R&D investment as successful

innovation becomes more attractive (i.e. ∂x/∂(1 + λ) > 0). Both these effects raise

productivity growth and, in turn, firm value which provides stronger incentives to acquire

customers. Put together, our framework features an endogenous feedback loop between

customer acquisition and R&D. This feature of our model will be important for our

quantitative results.10

Customer acquisition and aggregate growth. The previous proposition analyzed

optimal firm-level R&D decisions. We now turn to understanding how these decisions

influence aggregate growth. Note, however, that in doing so, we “only” aggregate firms’

partial equilibrium responses and abstract away from the general equilibrium effect of

aggregate growth on firms’ innovation. As such, the following proposition speaks to

the impact response of aggregate growth that follows from exogenous changes in firms’

customer base levels. We leave the analysis of complete general equilibrium effects to the

full model in Section 3.

Proposition 3. Under Assumption 1,

(a) Aggregate growth is given by

Q′

Q
= 1 +G =

[
(1 + λ)η−1x+ 1− x

] 1
η−1 = (1 + gq)

1
η−1 .

(b) All else equal, aggregate growth increases with firm-level customer base growth

∂G

∂(1− ζ)
> 0.

First, Part (a) of Proposition 3 makes clear that aggregate economic growth is driven

by firms’ endogenous R&D choices. Importantly, notice that aggregate growth does not

10While Proposition 2 considers a change in ζ and λ which in our model are common to all firms,
the same results are obtained when considering firm-specific increases in customer attrition (ζj) and
innovation step size (λj).
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directly depend on the growth of firms’ customer base levels.

That said, Part (b) of Proposition 3 shows that expansions of firms’ customer base

levels do impact aggregate economic growth indirectly. This is because firm-level customer

base growth increases the incentives to conduct R&D, raising innovation rates – the firm-

level market size effect (see Proposition 2).

Therefore, Proposition 3 provides a new view on the driving forces of long-run eco-

nomic growth. In particular, it establishes that customer base accumulation has the

potential to affect aggregate growth through its impact on firm-level innovation incen-

tives.

Foreshadowing some of our quantitative results, there is also a second potential chan-

nel through which customer base accumulation may impact aggregate growth – through

the (re-)allocation of customers across firms with different productivity (growth rates).

Note that in the benchmark model presented here, all such effects are absent by con-

struction. This is because all firms grow at the same pace (see Proposition 1), leaving no

room for reallocation of customers towards faster-growing firms. In fact, Proposition 3

highlights that – since all firms grow at a common and constant rate – the distribution of

firms is immaterial for aggregate growth.11 While this feature of the model is important

for our analytical results, it will not hold in the full model where Assumption 1 is relaxed.

Customer acquisition and the sensitivity to R&D subsidies. Finally, we turn our

attention to understanding how the presence of customer accumulation at the firm-level

affects the sensitivity of the economy to R&D subsidies.

Proposition 4. Consider R&D subsidies such that a fraction τx of firm-level R&D

costs is paid by the government, financed by lump-sum taxes on the household. Under

Assumption 1,

(a) R&D subsidies raise innovation

ϵx,τx =
∂x

∂τx

τx
x
> 0,

(b) The efficacy of R&D subsidies increases with customer base growth

∂ϵx,τx
∂(1− ζ)

> 0.

Part (a) of Proposition 4 states that R&D subsidies lead to an increase in innova-

tion rates. This is intuitive as R&D investment becomes cheaper, raising incentives to

innovate.

11Notice that despite Proposition 1 establishing that all firms make the same choices, firms are het-
erogeneous in their productivity and customer base levels. This heterogeneity, however, does not impact
firms’ choices.
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Next, Part (b) of Proposition 4 shows that the sensitivity of innovation to R&D

subsidies is higher when the growth rate of firms’ customer bases is stronger. The intuition

lies in firms’ discounting of future profits. With higher growth in the stock of customers,

firms place more weight on future periods making them more sensitive to changes in profits

brought about by R&D subsidies. Overall, Proposition 4 highlights that it is important

to take firm-level customer accumulation into account when gauging the efficiency of

pro-growth policies.

Summary of theoretical results. Our benchmark model puts forward three key mes-

sages. First, incentives to conduct R&D depend on the speed of customer accumulation

(see Proposition 2). This occurs because expansions of the customer base increase the

benefits of successful innovations – the firm-level market size effect. Second, given that

aggregate growth is driven by firms innovative activity, changes in customer accumulation

also have the potential to affect aggregate growth (see Proposition 3). Finally, firm-level

market size effects change the sensitivity with which firms (and therefore the aggregate

economy) respond to the cost of R&D (see Proposition 4), e.g. due to governmental

subsidies.

3 The Full Model

In this Section, we introduce our “full” model which relaxes Assumption 1 and extends

the benchmark framework along several dimensions. We use the full model to quantify

the role of customer acquisition for firm-level R&D and aggregate economic growth –

effectively quantifying Propositions 2 to 4.

3.1 Generalizations and Their Implications

Since the full model retains the key structure of the benchmark framework – including

the optimal R&D, marketing and pricing decisions (12) to (14) – we now only describe

the novel features of the full model. We defer a formal definition of equilibrium to the

Appendix.

Imperfect scaling. Assumption 1 in the benchmark model imposed “perfect scaling,”

i.e. σx = σa = −σs = 1. This implies that the costs of R&D and marketing, as well as

the customer base benefits of past sales, all scale one-for-one with mj = bj q̂
η−1
j . While

analytically convenient, it is an empirical question whether these patterns hold in the

data. Therefore, as we discuss in detail in Section 3.2, in our full model we build on

Akcigit and Kerr (2018) and estimate the scaling parameters σx, σa and σs.

15



Endogenous firm exit. In order for our full model to be able to speak to the process

of firm selection and “creative destruction”, we endogenize firm entry and exit decisions.

We begin by describing endogenous firm exit.

In particular, we assume that, at the beginning of each period, firms must pay a per-

period cost κo (denoted in units of labor) in order to stay in operation. We assume that

such operational costs are stochastic, distributed identically and independently across

firms according to the cumulative distribution function F (κ) with mean µκ and dispersion

σκ.

If businesses choose not to pay the cost, they shut down and obtain a return of zero. In

this setting, firms will choose to shut down whenever operational costs exceed a threshold

level defined by

κ∗j =
v(qj, bj)

W
. (23)

Note that, unlike in existing growth models, the exit decisions depends not only on

productivity, but also on firms’ accumulated customers. This feature will be important

for understanding firm selection in our framework and we return to this point in our

quantitative analysis.

Before moving on, it will be convenient to denote the expected paid operational costs,

conditional on survival, by κ̃j =
∫ κ∗j κdF (κ). In addition, we will denote firm value net

of such paid operational costs and conditional on survival by

vcj = F (κ∗j) [vj − κ̃j] . (24)

Endogenous firm entry. We assume that every period a mass of potential startups

has the option to enter the economy. In order to do so, they must first pay a fixed entry

cost κe (denoted in labor units). Upon paying the entry cost, entrants obtain initial

values of customers, be, and productivity, qe. In the full model, we assume that both

initial productivity and customer base levels are stochastic and distributed according to

a joint cumulative distribution function He(qe, be). Assuming free entry, gives rise to the

following entry condition:

Wκe =

∫
vc(qe, be) dHe(qe, be). (25)

The above entry condition implicitly defines the mass of new entrants, Ωe. The mass

of firms, Ω, is endogenous in the full model where, in equilibrium, firm entry and exit

balance:

Ωe = Ω

(
δ + (1− δ)

∫
j

(1− F (κ∗j)) dj

)
. (26)
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Market Clearing. Given endogenous entry and exit, labor market clearing is given by

N =

∫
j∈Ω

(ncj + nxj + naj + κ̃j) dj + Ωeκe. (27)

which now includes labor demand of incumbent firms (including their operational costs)

and of potential entrants.

3.2 Taking the Full Model to the Data

We now describe how we map the full model to the data. The next section uses the

parameterized framework for a quantitative analysis.

Measuring investment into customers. Investment into customer accumulation

plays a central role in our paper. As we explained earlier, firms in our framework attract

customers through two distinct channels – pricing (markups) and costly investment into

sales and marketing. To measure these two activities, we lean on the existing literature.

In particular, we follow De Loecker et al. (2020) and measure markups as the inverse

share of variable costs in sales, multiplied by the respective cost-output elasticity. As

argued in de Ridder et al. (2024), while the level of markups requires price information,

variation in markups across firms can be identified from financial data. Therefore, assum-

ing that cost-output elasticities are constant across firms in a given year and industry, we

use firms’ balance sheets to estimate markups with cost-output elasticities being absorbed

by a set of fixed effects in our empirical specifications.

Next, existing studies typically use information on “selling, general and adminis-

trative” (SGA) expenses to measure firms’ investment into customer accumulation and

intangibles more generally (see e.g. Gourio and Rudanko, 2014; Crouzet et al., 2022).

However, SGA contains other variables which may not be closely related to customer

investment. Therefore, some studies focus on a much narrower concept of “advertising”

expenses (see e.g. Belo et al., 2014; Afrouzi et al., 2021).12

In this paper, we follow He et al. (2025) who explicitly measure “sales and marketing”

expenses. While this investment is a sub-component of selling, general and administra-

tive expenses, it is a broader concept than advertising expenditures alone as it includes

12Among others, SGA was used to measure customer acquisition investment in Drozd and Nosal (2012),
Gourio and Rudanko (2014), Afrouzi et al. (2021). The latter documents that both SGA as well as its
subcomponents of advertising expenses and rent expenses correlate well with the increase in the number
of customers at the firm level. Argente et al. (2025) use Nielsen retail data to constructs a direct measure
of customer acquisition in the food sector showing that two-thirds of sales growth after product entry is
due to the extensive margin of customers. They show further that advertising rather than pricing is the
main channel of customer acquisition. Alternative sources of information – such as estimates of brand
value, information on workers in sales and marketing occupations or customer churn based on credit
transaction data – have also been used in the literature to infer investment into customer accumulation
(see e.g. Larkin, 2013; Bronnenber et al., 2022; Baker et al., 2023).
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also spending on sales force, brand development, customer service or customer data ac-

quisition and use. In what follows, we provide more details on the associated data and

its treatment.

Data sources. Aside from the aggregate data released by the BLS, we make use of three

primary sources of firm-level information when disciplining our model quantitatively:

(i) Business Dynamic Statistics (BDS) of the Census Bureau, (ii) Compustat and (iii)

Capital IQ. The key advantage of the BDS is its macroeconomic scope, covering virtually

the universe of private-sector employers in the U.S. economy. For this reason, the BDS –

with its underlying micro-data, the Longitudinal Business Database – is one of the main

data sources for studying U.S. business dynamism (see e.g. Haltiwanger et al., 2013).

However, while the BDS is broad in its coverage, its primary focus is on employment.

Therefore, we complement the BDS with information from Compustat and Capital IQ

which constitute other important sources of U.S. firm-level information.

While Compustat data has been used extensively in the literature to study the key

concepts in our paper – firm-level markups, customer accumulation and R&D (see e.g.

Gourio and Rudanko, 2014; De Loecker et al., 2020; Cavenaile et al., 2021; Afrouzi et al.,

2021) – it is not without its difficulties. First, it is well known that the Compustat sample

of (publicly traded) firms is not representative of the whole private sector. To address

this issue, when computing model-generated moments with counterparts in Compustat,

we use estimated employment-based weights which align the Compustat and BDS firm-

size distributions. Second, there are certain concerns about the coverage of R&D data in

Compustat. For instance, Walmart famously does not report any R&D expenditures in

Compustat. Therefore, we explicitly show how parameters pinned down using Compustat

data align with estimates found in other studies using alternative data sources.

Third, as we discussed in detail above, Compustat lacks precise information on firms’

efforts to acquire customers. Therefore, we supplement firm level information with S&P’s

Capital IQ data, where direct measures of sales and marketing expenses (S&M) are

available starting in 1997. We follow He et al. (2025) and link Capital IQ to Compustat.

We are able to match 91% of our baseline Compustat sample to Capital IQ firms. Among

these, 34% of firms report sales and marketing expenses directly. In addition, following

He et al. (2025), we recover an additional 14% of firms which do not report selling

and marketing expenses, but report their sub-components (either “advertising” expenses,

“marketing” expenses or both). In these cases, we use either of the two or, if available,

the sum of the two sub-components as a measure of sales and marketing expenses. Taken

together, Capital IQ yields information on sales and marketing expenses for 48% of our

sample.13

13In addition to sales and marketing expenses, Capital IQ includes the date at which firms were
established and, if the former is unavailable, the incorporation date for a large subset of the firms. We
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In what follows, we describe the parameterization of our model. We begin by common

choices and normalizations and then describe how the remaining parameters are set using

indirect inference. Note that due to the availability of Capital IQ data, targets derived

from the marched Compustat-Capital IQ matched data are based on a sample between

1997 and 2019. All other targets are computed for a sample between 1979 and 2019,

consistent with the BDS. All model parameters are reported in Table 2 and Figure 1

shows the model fit in terms of targeted moments.

Common choices. First, consistent with the annual frequency of our firm-level data,

we assume the model period to be one year. Therefore, we set the discount factor to

β = 0.97. Second, the elasticity of substitution between goods is set to η = 3. This

value falls within the range of median estimates reported in Broda and Weinstein (2006).

Finally, as discussed in Section 2, we set the R&D cost elasticity to ψx = 2. This value

is consistent with empirical studies (see e.g. Hall and Ziedonis, 2001; Bloom et al., 2002)

as well as being a common choice in a host of existing growth models (see e.g. Acemoglu

et al., 2018; Akcigit and Kerr, 2018).

Normalizations. We set the fixed cost of entry, κe, which controls the mass of firms

in the economy, such that aggregate consumption is normalized to Ĉ = 1. Next, we set

aggregate labor supply, N , such that the equilibrium wage is normalized to Ŵ = (η−1)/η.

Indirect inference. The remaining parameters are estimated jointly using an indirect

inference approach in the spirit of Lentz and Mortensen (2008). In particular, we com-

pute various model-generated moments and compare them to their respective empirical

counterparts to pin down the remaining parameters by minimizing

min
∑
i

w(i)

(
model(i)− data(i)

1
2
(model(i) + data(i))

)2

,

where i indicates a particular moment and w(i) its associated weight with
∑

iw(i) = 1.

We choose the weights so that each group of targets (e.g. firms’ life-cycle exit profiles) has

a similar representation in the entire set of moments, while placing a higher importance

on aggregate growth and moments pertaining to customer accumulation. We describe

the estimation method and the weights in detail in Appendix C.1.

While in general all parameters affect model-implied moments, in what follows we

discuss our chosen targets in conjunction with the parameters which are most closely

linked to them.

use this information to construct firm age. We also use the Loughran-Ritter database (Loughran and
Ritter, 2004) to supplement information of firm founding dates for some firms with missing founding date
in Capital IQ. Appendices D.1 and C provide further details on the parametrization, solution method
and the estimation of our size-based weights.
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Firm-level R&D and aggregate growth. In our model, there are three parameters

most closely related to firm-level and aggregate productivity growth: the innovation step

size, λ, the level of R&D costs, x, and the “scaling” of R&D costs with size, σx. To pin

these parameters down, we require our model to match the following three targets.

First, we make our model match an annual aggregate growth rate of 1.43%, corre-

sponding to the growth of U.S. real GDP per worker between 1979 and 2019 – consistent

with the pre-pandemic BDS sample. Second, we target the aggregate ratio of R&D ex-

penditures to sales which is 2% in our Compustat sample. This value is consistent with

the national accounts ratio of real R&D expenditures to real GDP of about 2.7% in the

1979-2019 sample period.

Finally, to discipline the extent to which R&D costs scale with firm size, we follow

Akcigit and Kerr (2018) and target a reduced form relationship between firm-level R&D

intensity and size

ln (1 + R&D/sales)j,t = δi,t + β ln salesj,t + ϵj,t, (28)

where δi,t are industry-time fixed effects with i indicating 3-digit industries. Using Com-

pustat data, we estimate β = −0.01, with a standard error of 0.001. Replicating regression

(28) on model-simulated data and targeting the reduced form coefficient implies a value

of σx = 1.264 which is close to that estimated in Akcigit and Kerr (2018).14

Customer accumulation: The depreciation rate. To discipline the customer base

depreciation rate, ζ, we make use of the fact that it affects all businesses. As such, plays

a key role in determining average firm level growth, see (17). Therefore, we set ζ to target

average firm-level employment growth, yielding ζ = 0.375.15 This parameterization falls

towards the lower end of estimates found in existing studies which range from about 0.3

(see e.g. Gourio, 2014; Afrouzi et al., 2021; Kaas and Kimasa, 2021) to 0.7 (see e.g. Foster

et al., 2016; Fitzgerald et al., forthcoming).

Customer accumulation: Relative strength of the two channels. In our model,

firms can attract new customers through two channels: marketing or sales (markups).

The relative strength of these two channels is governed by the weight γ. To determine

the value of γ, we exploit the observed relationship between firm-level growth, marketing

expenditures and markups.

14In particular, Akcigit and Kerr (2018) estimate that costs of external innovations scale with size (the
number of product lines) with σ̃ = (1 − σ)/ψ ≈ 1.2.

15As will become clear below, we target the entire life-cycle profile of average firm size growth in the
BDS data.
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In particular, up to first order, we can write firm-level sales growth as:

gj,t ≈ ∆ ln(salesj,t) = δi,t + βa∆ lnnaj,t−1 + βµ∆ lnµj,t−1 + ΓXj,t + ϵj,t, (29)

where ∆ is the first-difference operator, salesj,t are given by pj,tcj,t in our model, δi,t

are industry-time fixed effects accounting for sectoral and aggregate growth and Xj,t

represents additional control variables.16 The following proposition illustrates how we

use regression (29) to pin down the value of γ in our model.

Proposition 5. Under Assumption 1, the following holds in regression (29):

βµ = (1− η)((1− ζ)(1− γ)s− 1) = β0 + β1γ
2,

where β0 = (η − 1)(1− gb − ζ) and β1 =
β(1−δ)(1−ζ)2(η−1)v

aŴ
.

The intuition for the proposition (the proof of which is left to the Appendix) is that

βµ from (29) quantifies the contribution of changes in markups to firm-level growth. This

coefficient reflects three components: (i) the elasticity with which changes in markups

translate into sales, 1 − η, (ii) the direct effect this has on current-period sales, −1,

and (iii) the indirect effect such changes have on future sales via price-driven customer

accumulation, (1− γ)(1− ζ)s.

To estimate (29), we use our Compustat sample and measure firm-level markups

using the methodology in De Loecker et al. (2020). In addition, given the established

importance of firm size and age for firm-level growth (see e.g. Haltiwanger et al., 2013), we

also consider these variables as additional controls. Finally, we consider 3-digit industry-

year fixed effects and cluster standard errors at this level (see the Appendix for further

details).

The first row of Table 1 shows the results. The coefficient βµ is estimated to be

0.04 with a standard error of 0.01. Replicating regression (29) on model-simulated data

and targeting βµ implies a value of γ = 0.745. This result suggests that while firms

use markups to accumulate customers, marketing plays a stronger role. This finding

is consistent with other recent evidence (see e.g. Afrouzi et al., 2021; Fitzgerald et al.,

forthcoming).

Customer accumulation: Marketing. Marketing-driven customer accumulation is

most closely determined by the following three parameters: the level of marketing costs,

a, the scaling of marketing costs with size, σa, and the elasticity with which marketing

expenditures translate into customer base growth, ψa.

16These control variables also stem from the first-order approximation of sales growth and include
lagged growth rates of R&D expenditure, sales and markups. In Appendix D, we provide for further
details as well as show that very similar results are obtained when using firm-level employment growth
rather than sales growth as the dependent variable.
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Table 1: Customer base drivers of firm-level growth

Dependent variable: ∆ ln salesj,t (I) (II) (III)

∆ lnµj,t−1 0.04∗∗∗ 0.04∗∗∗ 0.06∗∗∗

(0.01) (0.01) (0.02)

∆ lnnaj,t−1 0.08∗∗∗ 0.07∗∗∗ 0.07∗∗∗

(0.01) (0.01) (0.01)

Controls:
Industry-year fixed effects ✓ ✓ ✓
Xj,t ✓ ✓ ✓
Firm size ✓ ✓
Firm age ✓

Observations 15,502 15,502 12,452
R2 0.24 0.24 0.27

Note: The table shows estimates of regression (29) using firms in the Compustat - Capital IQ merged
sample that report R&D expenses and sales and marketing expenses between the years 1997 and 2019.
Markups, µ are estimated using the methodology in De Loecker et al. (2020) and sales and marketing
expenses are measured using Capital IQ. Firm size is given by log(assets) and age is measured as the
log of number of years since establishing date reported in Capital IQ or the Loughran-Ritter database
(Loughran and Ritter, 2004). Standard errors (in brackets) are clustered at the firm level.

First, He et al. (2025) show that firms’ “selling and marketing expenses” from the

Capital IQ dataset closely correlate with other measures of firms’ investment in customer

acquisition. Therefore, we use selling and marketing expenses in the data whenever

referring to marketing costs. To determine the level of marketing costs, a, we target

the aggregate marketing-to-sales ratio in Capital IQ and Compustat data of about 2.6%.

Next, as with R&D expenditures, we estimate the following reduced form regression to

pin down σa:

ln (1 + S&M/sales)j,t = δi,t + β ln salesj,t + ϵj,t, (30)

where we estimate β = −0.01 with a standard error of 0.001. Targeting this reduced

form regression coefficient in model simulated data yields σa = 1.405.

Finally, to pin down ψa, we once again exploit the observed relationship between firm-

level growth and marketing expenditures (29). The following proposition illustrates the

sources of identification of ψa in our model.

Proposition 6. Under Assumption 1, the following holds in regression (29):

βa =
1

ψa
(1− ζ)γa =

1

ψa

γ2

η − 1
β1,

where β1 is the same as in Proposition 5.

The intuition for Proposition 6 once again lies in the fact that βa quantifies the
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contribution of changes in marketing expenditure to firm-level growth. This coefficient

reflects two components: (i) the elasticity with which marketing expenditures translate

to customer base growth, 1/ψa and (ii) the contribution of marketing-driven customer

base growth, (1 − ζ)γa. Therefore, given all other parameters, the estimated coefficient

βa from regression (29) pins down the value of ψa.

The second row of Table 1 shows the results. Across our specifications, βa is estimated

at 0.07 with a standard error of 0.01. Replicating regression (29) on model-simulated data

and targeting βa implies a value of ψa = 4.9.17

Customer accumulation: Sales. To disciple the elasticity with which sales-driven

customer accumulation scales with firms’ size, σm, we rely on the same procedure as with

similar elasticities related to marketing and R&D costs. In particular, we estimate the

following reduced form regression:

ln (1 + µj,t) = δi,t + β ln(salesj,t) + ϵj,t. (31)

In our Compustat sample, and using markups computed according to De Loecker et al.

(2020), we estimate β = 0.02 with a standard error of XXX. This finding is consistent

with e.g. Autor et al. (2020) who also find markups to rise with firm size. In the model,

we replicate this result by setting σm = −1.150.

Firm exit. There are three parameters which most directly control the patterns of firm

exit: the exogenous exit rate (δ), the level and dispersion of stochastic fixed cost shocks

(µκ and σκ). To discipline these parameters, we require our model to match the entire

life-cycle profile of firm exit rates (between startup and age 20) from the BDS.

Intuitively, exogenous exit (δ) applies to all firms and, therefore, affects the overall

level of exit rates. Next, as businesses grow larger over their life-cycle, fixed costs grad-

ually become less of a threat to their operations. Therefore, the level (µκ) of fixed costs

helps match the relatively higher exit rates of young firms. Finally, the dispersion of fixed

costs (σκ) is closely tied to the speed with which exit drops with firm age.

Firm entry. We assume that initial values of customers and productivity are drawn

independently from one another. In particular, startups obtain an initial customer en-

dowment distributed identically and independently over time and across firms according

to log be ∼ N(0, σb). Similarly, initial firm productivity is distributed identically and

17For comparison, Afrouzi et al. (2021) estimate “decreasing returns to advertising” to be 0.53.
Through the lens of our model, such decreasing returns amount to about 1/ψa ≈ 0.2. Note, however, that
Afrouzi et al. (2021) use Compustat’s SGA to proxy for marketing expenditures. In an earlier version of
our paper, we used SGA (instead of Capital IQ’s sales and marketing expenditures) to parameterize our
model which resulted in 1/ψa ≈ 0.44.
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Figure 1: Targeted moments: Exit and size growth rates

a) Exit rate b) Firm size growth
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Note: The figure shows life-cycle profiles of exit rates (panel a) and average firm size growth rates (panel
b). It does so for BDS “data” (solid line) and “model” (dashed line) generated moments.

independently over time and across firms according to log qe ∼ N(logQ−1, σq), where the

mean is centered around the previous period’s aggregate productivity index.

Intuitively, initial conditions are informative about firms initial growth rates. The

distribution of initial customer base levels among startups – which in our case depreciates

at a rate of ζ = 0.375 – is particularly closely related to the persistence of firm-level growth

rates. Therefore, to help discipline the initial distribution of productivity and customer

base levels, we require our model to replicate the entire life-cycle profile of average firm

size in the BDS data between startup and age 20.18

3.3 Model Performance

Before moving to our quantitative results, we document how our model matches targets

and a range of untargeted moments.

Targeted moments. Figure 1 and Table 2 display the model’s performance in terms

of targeted moments. These include the entire life-cycle profiles of firm exit and growth

rates, as well as a range of moments related to R&D and marketing patterns.

Untargeted moments. In addition to targeted moments, Table 3 shows that our

model is also consistent with a range of untargeted moments pertaining to the firm size

distribution and job creation and destruction patterns.

Finally, we gauge the realism of our model-implied customer base dynamics. Towards

18Since the BDS reports values in 5 year bins for businesses older than 5 years, we use interpolated
exit rate and firm size values for each firm age.
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Table 3: Untargeted moments: Data and model

Data Model

Fraction of firms with < 20 workers 0.89 0.87
Fraction of firms with 20− 100 workers 0.10 0.13
Job creation rate 0.17 0.13
Job destruction rate 0.15 0.13
Firm-level demand shock, persistence 0.91 0.90
Firm-level demand shock, dispersion 1.16 0.98

Note: The table shows untargeted moments in the “data” and “model”, respectively. Information on
firm size and job creation and destruction rates is taken from the BDS. The last two rows show the
persistence and standard deviation of “demand shocks” as estimated in Foster et al. (2008), see Table 3.

this end, we draw upon the methodology and empirical evidence presented in Foster et al.

(2008). Specifically, the authors estimate firm-level “demand shocks”, d̃j,t, as residuals

from the following regression19

ln cj,t = β0 + β1 ln pj,t + d̃j,t. (32)

Notice that in our framework, d̃j,t exactly represent the logarithm of firms’ customer

base levels, ln bj,t, see (4). Therefore, estimating (32) on simulated data from our frame-

work provides a direct comparison of model-implied customer base patterns with their

empirical counterparts. The model estimates of the persistence of d̃j,t are close to those in

the data, see Table 3. The model somewhat underestimates the dispersion of of demand

shocks d̃j,t.

4 Quantitative Analysis

In this section, we use our parameterized model for three purposes. First, we quantify how

customer acquisition affects firm-level incentives to conduct R&D. Second, we investigate

the impact on aggregate growth. Finally, we use our model to demonstrate that ignoring

customer accumulation – as is done in existing growth models – provides significantly

different conclusions about the efficacy of growth policies. These three sets of results,

therefore, quantify our theoretical Propositions 2 to 4 for the U.S. economy.

4.1 Customer Accumulation and Firm-Level R&D

We begin our quantitative analysis by focusing on the impact of firm-level market size

effects on R&D decisions of individual firms. The following paragraphs first explain how

19The authors use physical output and instrument firm-level prices with estimates of physical produc-
tivity, TFPQ. In our model, we observe prices directly. Nevertheless, following their two-step procedure
delivers similar results.
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we isolate the impact of customer acquisition.

Customer accumulation and firm-level R&D: Quantification. To isolate – in an

accounting sense – the impact of customer base expansions on firms’ R&D decisions, we

compare results from our full model to a counterfactual framework. This counterfactual

is identical to our full model with one exception: we let firms assume a higher customer

attrition rate, ζ > ζ, which leads to counterfactual future customer base levels, b′.

This approach, therefore, mimics our theoretical results in Section 2. Unlike the

marginal changes in customer attrition we consider in our theory, however, in what follows

we set ζ such that average customer base growth among continuing businesses in the full

model is zero:20

1

ΩC

∫
j∈C

(1− ζ)(1 + γaj + (1− γj)sj) dj − 1 = 0,

where C (ΩC) is the set (number) of continuing incumbent businesses.

To understand how changes in customer accumulation affect firm-level and aggregate

outcomes, recall that firms’ optimal choices are forward-looking (with the exception of

those pertaining to production labor). Therefore, whenever b′ ̸= b′, firms will endoge-

nously make different decisions compared to the full model. By comparing (in partial

equilibrium) results from our full model to outcomes in the counterfactual, we are able

to isolate the contribution of customer accumulation (b′ − b′).

In doing so, we consider two different cases: (i) a “direct effect” and (ii) a “feedback

loop effect.” To quantify the “direct effect,” we compute only firms’ counterfactual

optimal R&D decisions, holding all other choices and values unchanged at their levels

in the full model. This amounts to quantifying how R&D choices in the full model

depend on different levels of customer base levels (b′ vs b′). Therefore, by construction,

these counterfactual R&D choices – denoted by xj – ignore the endogenous interaction

between innovation and customer acquisition.

In contrast, the “feedback loop effect” aims to capture the full interaction between

innovation and customer accumulation decisions. In particular, if firms choose different

R&D investment in the counterfactual, they will also optimally alter their customer

accumulation decisions. These, in turn, alter the incentives to conduct R&D and so on. To

quantify this effect in its entirety, we resolve all firm-level decisions in the counterfactual.

The resulting counterfactual R&D choices which account for the feedback loop effect are

20Note that in equilibrium, the aggregate customer base is stationary. Indeed, average customer base
growth across all firms is zero due to firm exit. Note further that other counterfactual exercises are
possible. For instance, if we allow counterfactual customer retention to be firm-specific, we can set ζ

i
such that customer base growth is zero for individual firms. Experimenting with such counterfactuals
typically resulted in even stronger effects of customer accumulation on firm-level R&D and aggregate
growth. Therefore, we view our preferred counterfactual as relatively conservative.
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Table 4: Impact of customer acquisition on firm-level innovation rates (in %)

Contrib. of customer acquisition
Direct effect Feedback loop

Baseline x x−x
x

× 100 x
x−x
x

× 100

All firms 26.9 25.4 5.5 15.1 43.9
Young firms 33.7 31.7 6.0 13.7 59.4

Note: The first column shows “baseline” average innovation rates, x, for all firms (top row) and young
business not older than 5 years (bottom row). The second and third columns report the direct effect
contributions of customer acquisition to innovation rates in levels (x) and as contributions to the baseline
((x−x)/x). The fourth and fifth columns do the same, but for the feedback loop effect, x and (x−x)/x,
respectively. All values are in percent.

denoted by x
j
.

Customer accumulation and firm-level R&D: Results. First, let us highlight that

firm-level market size effects described in theory in Proposition 2 are present also in the

full model. For instance, the correlation between firms’ innovation rates, xj, and their

marketing investment, aj, is 0.73. This tight relationship is further highlighted in Table

4 which quantifies the direct and feedback loop effects of customer base accumulation on

R&D investment.

The first column of Table 4 shows average innovation rates among all and young

businesses (not older than five years). The latter exhibit higher innovation rates on

average, primarily owing to stronger customer base growth. The second and third columns

document the direct effect of customer base accumulation – in levels (second column) and

as contributions to baseline innovation rates (third column). As predicted by our theory,

when businesses (counterfactually) expect customer attrition to rise, they scale back

on R&D investment. Quantitatively, the direct effect accounts for “only” about 6% of

average innovation rates.

The last two columns quantify the impact of customer accumulation when allowing

for the feedback loop between R&D and customer base investment. As can be seen

from the table, the feedback loop effect is quantitatively strong. In particular, customer

acquisition accounts for over 40% of innovation rates among all firms and almost 60%

when focusing on young firms only.

We further highlight this key novel channel with its visualization in Figure 2. Specif-

ically, the bars show the difference in customer base levels in the full model relative to

those implied by firms’ counterfactual decisions. The figure plots this difference along

the deciles of firm-level innovation rates in the full model.

As can be seen from the figure, relative to the counterfactual, customer base levels

(market shares) are larger in the full model for businesses expecting fast productivity

growth – often referred to as “gazelles”. Our framework, therefore, suggests that the

documented importance of gazelles for aggregate outcomes (see e.g. Haltiwanger et al.,
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Figure 2: Feedback loop between productivity growth and customer acquisition
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Note: The bars show the percentage point change between the density of firms’ customer base levels, bj ,

in the baseline model and in the counterfactual, bf
j
. The change is expressed as a function of firm-level

innovation rate, x. Bars correspond to the deciles of the stationary distribution of firm-level innovation
rates. Positive values indicate that a given decile of x accounts for a relatively higher mass of customer
base in baseline relative to the counterfactual. In the baseline economy, there is more reallocation of
customers towards innovative firms.

2016) may partly be the result of their customer accumulation, rather than exclusively

being due to their superior productivity growth.21

4.2 Customer Accumulation and Aggregate Growth

Having explained the impact customer acquisition has on firms’ individual R&D invest-

ment, we now turn to quantifying its impact for aggregate growth. Towards this end, the

following paragraphs first introduce a decomposition of aggregate growth.

Customer accumulation and aggregate growth: A decomposition. There are

two distinct channels through which changes in customer accumulation impact aggregate

growth. First, because of firm-level market size effects, businesses conduct less R&D if

they expect weaker customer base growth. We quantify this by computing aggregate

growth implied by firms’ counterfactual R&D decisions, x.

Second, in our full model customer accumulation also impacts aggregate growth

through the (re-)allocation of customers across heterogeneous firms (see Figure 2). To

understand this channel further, recall that the aggregate productivity index, Q, is a

21These results also highlight the importance of considering dynamic customer accumulation. It is
precisely the forward-looking nature of customer base and R&D investment which is at the heart of the
feedback loop with firms’ innovation decisions.
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“customer-weighted” average of firms’ individual productivity levels:22

Q =

(∫
j∈Ω

b̂jq
η−1
j dj

) 1
η−1

. (33)

The following proposition (the proof of which is left to the Appendix) describes how

aggregate growth, G = dQ/Q, can be decomposed into contributions of productivity

growth and customer (re-)allocation.

Proposition 7. Using a first-order Taylor expansion of Q, aggregate growth can be

decomposed as

G ≈
∑
ȷ∈C

bq̂η−1
j

∆qj
qj︸ ︷︷ ︸

productivity growth (Gq)

+
∑
ȷ∈C

(b̂j − b)q̂η−1
j

∆qj
qj︸ ︷︷ ︸

customer base allocation (Gb)

+
∑
ȷ∈C

∆b̂j q̂
η−1
j︸ ︷︷ ︸

customer base re-allocation (G∆b)

, (34)

where b = 1
ΩC

∑
j∈C b̂j is the average customer base share.

Proposition 7 shows that aggregate growth can be (up to first order) decomposed into

the contributions of three terms: (i) productivity growth (Gq), (ii) customer base allo-

cation (Gb), and (iii) customer base re-allocation across firms with different productivity

growth rates (G∆b).
23

Customer accumulation and aggregate growth: Firm-level R&D. First, as

in standard endogenous growth models, also in our framework firm-level productivity

improvements drive aggregate growth. This is captured by the “productivity growth”

term, Gq. However, in our model, firms’ innovation rates are partly driven by firm-level

market size effects. To quantify the strength of this channel for aggregate growth, we split

the overall contribution of firms’ innovation on aggregate growth into two components.

The first component is based on firms’ counterfactual R&D investment choices dis-

cussed above, x. We denote this contribution byG
q
. The second component then captures

the part of firms’ innovation rates which are driven by firm-level market size effects, x−x.
In our framework, this is simply given by the difference in the overall impact of firms’

22With variable markups, the relevant weight becomes b̂j = bj(µj/µ)1−η/B.
23The decomposition in Proposition 7 is approximate with a residual capturing the impact of net

entry and non-linear approximation errors. Note that conventional decompositions, such as that from
Foster et al. (2001) which decompose aggregate (labor productivity) growth into the “within”, “between”,
“cross” and “net entry” contributions are not informative of the relative contributions of customer base
levels and productivity. This is because observed variables such as output and employment are themselves
combinations of the two firm-level state variables.
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R&D on aggregate growth and the counterfactual:

Gq =
∑
ȷ∈C

bq̂η−1
j

∆qj(x)

qj︸ ︷︷ ︸
Productivity growth contribution under
0 average customer base growth (G

q
)

+
∑
ȷ∈C

bq̂η−1
j

(
∆qj(x)

qj
−

∆qj(x)

qj

)
︸ ︷︷ ︸
Productivity growth contribution due to
firm-level market size effects (Gq −G

q
)

,

where we have made explicit the dependence of firms productivity growth on their inno-

vation rates, ∆qj(x).

Customer accumulation and aggregate growth: (Re-)allocation of customers.

Next, to the extent that firms with higher productivity growth also enjoy relatively larger

customer base levels, this will increase aggregate growth. This effect is captured by the

“allocation” term, Gb.

In addition, customers can also reallocate across firms. In particular, if customers flow

towards firms with high productivity levels, this too will raise aggregate growth. Such an

effect would be soaked up by the “re-allocation” term, G∆b.

Customer accumulation and aggregate growth: Summary. Putting the above

together, customer accumulation affects aggregate growth through two distinct channels:

(i) firm-level market size effects and (ii) the (re-)allocation of customers across firms.

Therefore, the overall contribution of customer accumulation to aggregate growth is given

by the summation of the following three terms:

Gcust. = (Gq −G
q
)︸ ︷︷ ︸

firm-level market size effects

+ Gb +G∆b︸ ︷︷ ︸
customer (re-)allocation

.

The first term, Gq − G
q
, captures the impact of firm-level market size effects. This

is precisely the mechanism identified in Proposition 3. The second and third terms are

specific to our full model and capture the impact of customer (re-)allocation on aggregate

growth.

Customer accumulation and aggregate growth: Results. Let us begin by dis-

cussing the effect of firms’ innovation activity on aggregate growth. Overall, firms’ R&D

decisions (Gq) account for about 54% of aggregate growth. However, part of this is in fact

driven by customer accumulation due to the presence of firm-level market size effects. In

particular, the third column of Table 5 (Gq − G
q
) shows that about 23% of aggregate

growth can be accounted for by market size effects boosting firms’ incentives to innovate.

Next, as can be seen from column four (Gb) of Table 5, the allocation of customers

across firms with different productivity growth rates dampens aggregate growth. This

is because firms displaying high productivity growth are typically younger. These firms
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Table 5: Impact of customer acquisition on aggregate growth

Contribution of
customer acquisition (Gcust.)

G Gq Gq −G
q

Gb G∆b Total

Level 1.43 0.78 0.32 −0.31 0.61 0.63
% of baseline 100 54.4 22.7 −21.4 43.0 44.3

Note: The tables shows the decomposition of aggregate growth in (34). G is aggregate growth, and the
remaining columns show the respective contributions to aggregate growth: Gq is the contribution of firms’
productivity growth, Gq − G

q
is the difference between actual and counterfactual productivity growth,

where G
q

is counterfactual productivity growth (based on x), Gb is the contribution of customer base

allocation and G∆b is the contribution of customer base re-allocation. The first row shows contributions
in levels, the second row as percent shares of baseline growth, G. All values are in percent.

had less time to accumulate customers and, therefore, have relatively less weight in the

customer distribution. In contrast, larger businesses with larger customer base shares

typically expand their productivity at a lower pace. Both these effects reduce aggre-

gate growth compared to a model where firms have common customer base levels (and

therefore common weights in Q).

In contrast, the re-allocation of customers towards firms with high productivity levels

boosts aggregate growth. Specifically, 43% of aggregate growth can be accounted for

by this channel. This effect is once again a result of the feedback loop between R&D

and customer accumulation. Highly productive firms display, on average, larger firm

values. This, in turn, provides greater incentives to accumulate customers and shifts the

distribution of market shares in their favor.

Finally, let us summarize the overall impact of customer accumulation on aggre-

gate growth. This is a combination of (i) firm-level market size effects and (ii) the

(re-)allocation of customers across firms. Put together, these effects account for 44% of

aggregate growth – see the last column of Table (5). Therefore, while aggregate growth

has typically been considered a purely supply-side phenomenon, our framework puts for-

ward a novel – and quantitatively important – notion. In particular, aggregate growth is

to a large extent driven by customer acquisition of individual firms.

4.3 Implications for Growth Policies

The previous two subsections showed that changes in customer accumulation have im-

portant implications for firm-level and aggregate innovation. As such, they quantified

Propositions 2 and 3 from our theoretical framework. We now turn to quantitatively

investigating the extent to which ignoring customer accumulation altogether affects the

policy conclusions from endogenous growth models.

In particular, we consider two popular policies – subsidies to firms’ R&D investment

and to their costs of operation. These should not be viewed as instruments aimed at

32



bringing the economy closer to a first best allocation. Instead, we use them as examples

to quantify the impact of customer acquisition on policy conclusions.

A “restricted” economy. In order to quantify how the presence of firm-level customer

acquisition changes the responsiveness of growth to policies, we compare our full model

to a “restricted” economy. The latter is identical to our full model with one crucial

exception – it completely abstracts from customer accumulation. Specifically, we consider

a version of our full model in which we set bj = b′j = 1 and aj = sj = 0 for all j.

Importantly, however, we calibrate this restricted economy to match the same targets

as described in Section 3.2 (except for moments related to customer accumulation).24

Comparing outcomes from our full model and the restricted economy then allows us

to show how the presence of customer accumulation changes quantitative predictions (in

general equilibrium) regarding the macroeconomic impact of policies. We relegate a more

detailed discussion of the “restricted” economy to Appendix A.4.

Policies. We introduce two policy instruments into both the full and restricted models:

(i) subsidies to costs of operation, τκ, and (ii) R&D subsidies, τx. We assume that both

policies are financed with lump-sum taxes on households and provided to all businesses

at the same rate. Formally, firm values become:

v(qj, bj) = max
pj ,ncj ,n

x
j ,n

a
j ,κ

∗
j


pjcj −W (ncj + nxj (1− τx) + naj )+

1−δ
1+R′

[
xjv

c(qj(1 + λ), b′j) + (1− xj)v
c(qj, b

′
j)
]
 , (35)

where vcj = F (κ∗j) [vj − κ̃j(1− τκ)]. In our analysis, we consider two cases. One with pos-

itive R&D subsidies (but zero operational cost subsidies) and one with positive subsidies

to costs of operation (but zero R&D subsidies). In doing so, we ensure that in both the

baseline and restricted economies subsidies account for the same fraction of output.

Finally, we restrict our analysis to the long-run, abstracting from transitional dy-

namics. We do, however, consider general equilibrium effects. Therefore, following the

introduction of the respective policies, we recompute equilibrium firm entry, aggregate

spending and aggregate growth for each of the economies.

Subsidies to operational costs: Results. Let us first consider the impact of subsi-

dizing firms’ operations, τκ > 0, in the restricted economy. Lower operational costs make

it easier for businesses to survive. However, it is firms with relatively low productivity

24The restricted framework matches the same targets as the full model, with the exception of the
aggregate marketing expenses to sales and the regression coefficients in marketing-to-sales ratio on size
and firm revenue growth on marketing expenses growth. We provide more details on the restricted model
parameterization and fit in Appendix A.5.
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Table 6: Impact of policies on aggregate growth (in p.p.)

∆g × 100
Restricted model Full model

Subsidies to operational costs, τκ > 0 −0.01 −0.03
Subsidies to R&D expenditures, τx > 0 0.03 0.06

Note: The table shows general equilibrium effects of subsidies to firms’ operational costs (top row) and to
R&D costs (bottom row). The table reports results for the full model and the restricted economy which
abstracts from customer accumulation. The table depicts effects on aggregate growth in percentage point
deviations from the respective values without policies. In all cases, the level of subsidies is chosen such
that the policy cost amounts to 0.12% of GDP corresponding to the level of direct funding of R&D in
the US according to the 2023 vintage of OECD BERD dataset.

which are now able to survive under the policy. Absent subsidies, these firms would

be replaced by more productive entrants – a feature of growth by creative destruction.

Therefore, when we help unproductive firms survive, innovation and aggregate growth

decline.

The effects in the full model are qualitatively the same but quantitatively stronger.

The underlying reason is the process of firm selection, which is very different in the two

economies. Figure 3 shows the distribution of incumbent firms in the restricted (Panel

A) and full (Panel B) models, respectively. In both models, firms decide whether or not

to stay in the economy based on their firm values, see (23).

However, while in the restricted economy, firm values are determined solely by firm-

specific productivity, in the full model they are driven by a combination of both produc-

tivity and customer base levels.25 Panel B of Figure 3 shows a clear negative relationship

between the two among surviving firms. Intuitively, if a firm enjoys high levels of cus-

tomers, it can survive despite having relatively low productivity and vice versa. Therefore,

the overall effect of subsidizing operational costs in the full model depends on how exactly

it shifts the joint distribution of firm-level customer base and productivity levels among

surviving businesses.

Subsidies to R&D investment: Results. As a second policy we consider subsidies

to R&D costs, τx. Let us again begin by focusing on the effects in the restricted model.

R&D subsidies make investing into productivity cheaper and, therefore, they raise firm-

level innovation rates. This, in turn, directly translates into faster economic growth.

Once again, while the results are qualitatively the same in both economies, they differ

quantitatively. The full model is twice as sensitive to the policy compared to the restricted

economy, consistent with Proposition 4. The reason is the virtuous feedback loop between

customer accumulation and innovation. Motivated by cheaper R&D costs brought about

by the subsidy, firms invest more into R&D. This, in turn, raises the marginal benefit of

25Recall that firms face stochastic operational costs. Therefore, the distribution of incumbent firms
does not feature a strict threshold below which all firms would shut down.

34



Figure 3: Distribution of incumbent firms

(A) Restricted model (B) Full model

Note: The figure shows the distribution of incumbent firms in the restricted (Panel A) and full (Panel
B) models. In the baseline model, firms select on a combination of demand stocks and productivity with
darker shades indicating more densely populated areas. In the restricted model, firms select purely on
productivity. There, the vertical axis marks the density in the stationary distribution. For visual clarity,
in both figures we truncate the distribution while preserving 99% of total firm mass.

investing into customer accumulation. As a result, highly productive firms become even

larger with market shares reallocating in their favor.

The two examples discussed in this subsection highlight that ignoring customer-side

factors – as is common in existing endogenous growth models – not only skews our un-

derstanding of the drivers of growth, but also distorts our view of the effectiveness of

pro-growth policies. While we have focused on two specific policies, the underlying rea-

sons for the associated quantitative results are more general. Specifically, the presence of

firm-level customer acquisition changes the nature of firm selection and the distribution

of investment costs and benefits. Therefore, any policies or shocks which affect busi-

ness dynamism will propagate differently through an economy which ignores customer

acquisition compared to our full model which does not.

5 Empirical Support for Model Predictions

As a final step in our analysis, we provide empirical support for our model’s key pre-

dictions. We do so in three steps. First, we document a connection between marketing

investment and markups – the two drivers of customer accumulation in our framework.

Next, we show that investment into customer acquisition is closely linked to R&D – both

statically and dynamically. Finally, we propose a model-consistent way of measuring the

degree of customer accumulation frictions across different industries and investigate how

such frictions influence firms’ innovation expenditures.
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Data. As in our parameterization Section 3.2, we use firm-level data from Compustat

and Capital IQ spanning 1997 to 2019. For detailed information on sample selection,

estimation methodology, additional empirical findings, and robustness tests, please refer

to the Appendix D.

5.1 Marketing and Markups

We begin by investigating the empirical connection between the key variables linked

to customer accumulation: marketing expenditures and markups. In particular, in our

framework firms accumulate customers by investing into marketing and by charging lower

markups.

Indeed, both investments share common marginal benefits – an increase in firm value

driven by an expansion of the customer base. In fact, combining the respective optimal-

ity conditions (13) and (14) results in an “arbitrage” condition between marketing and

(inverse) markups:

1

µ
=

1

µ
+

1− γ

γ

ψaa

µ

Ŵ

Ĉ
mσs+σaaψa−1. (36)

The above states that, to the extent that firms use both channels of customer base

accumulation (i.e. γ ∈ (0, 1)), selling and marketing and (inverse) markups co-move

positively.

To test this prediction empirically, we estimate the following reduced-form relation-

ship:

ln

(
1 +

S&Mj,t

salesj,t

)
= β ln

(
1

µj,t

)
+ΘXj,t + ϵj,t, (37)

where Xj,t controls for firm fixed effects, sector-year fixed effects, firm size and age. The

results are in the first two columns of Table 7. They suggest that – as the model predicts

– firms’ marketing expenditures and the inverse of markups are positively related in the

data.

5.2 Selling and marketing, and R&D

Next, we turn to the connection between selling and marketing expenses – the dominant

driver of customer accumulation in the model – and R&D expenditures. First, we an-

alyze this relationship “statically” in the cross-section of firms. Next, we focus on the

“dynamic” aspect of this relationship by analyzing firms’ life-cycle dynamics.

S&M and R&D: Static relationship. To formally test the static relationship be-

tween marketing and R&D investment, we estimate the following regression:

ln

(
1 +

S&Mj,t

salesj,t

)
= β ln

(
1 +

R&Dj,t

salesj,t

)
+ΘXj,t + ϵj,t, (38)
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Table 7: Marketing, markups and R&D in the data

Dep. var.: ln
(
1 +

S&Mj,t

salesj,t

)
(I) (II) (IV) (V)

ln
(

1
µj,t

)
0.03∗∗∗ 0.02∗∗∗

(0.003) (0.004)

ln
(
1 +

R&Dj,t
salesj,t

)
0.15∗∗∗ 0.14∗∗∗

(0.01) (0.01)

Firm fixed effects ✓ ✓ ✓ ✓
Industry-year fixed effects ✓ ✓ ✓ ✓
Size ✓ ✓
Age ✓ ✓

Observations 82,002 62,383 90,134 67,628
R2 0.72 0.77 0.73 0.78
Within R2 0.009 0.02 0.06 0.07

Note: The table shows estimates of regression (37) using Compustat firms between the years 1997 and
2019. S&M stands for sales and marketing expenses, markups, µ, are estimated using the methodology
in De Loecker et al. (2020). Firm size is given by log(assets) and age is measured as the log of the number
of years since establishing date reported in Capital IQ or the Loughran-Ritter database (Loughran and
Ritter, 2004). Standard errors (in brackets) are clustered at the firm level.

where Xj,t again controls for firm fixed effects, sector-year fixed effects, firm size and

age. The results are presented in the last two columns of Table 7. As the model pre-

dicts, also in the data marketing expenditures and R&D investment are positively related

contemporaneously in the cross-section of firms.26

S&M and R&D: Dynamic relationship. A crucial aspect of our theory is the dy-

namic relationship between customer accumulation and R&D investment. This happens

because expected customer base growth impacts the incentives to conduct R&D – the

firm-level market size effect. In the full model, this connection gives rise to specific

life-cycle patterns of marketing and R&D investment which we now analyze empirically.

Towards this end, we estimate industry-specific life-cycle profiles of marketing and

R&D intensity using the following regression:

ln

(
1 +

yj,t
salesj, t

)
=
∑
i

1i(j)=iβ
age
i,y ln agej,t +ΘyXj,t + εj,t, (39)

where y is the outcome variable of interest (either S&M or R&D), Xj,t includes time fixed

effects and firm size, i indicates 3-digit NAICS industries and where 1i(j)=i is an indicator

function equal to one if firm j belongs to industry i and zero otherwise.27

26In Table 7, we use assets to measure size because sales is in the denominator of the left-hand-side
variable.

27Given our interest in a cross-sectoral comparison, we do not include industry fixed effects.

37



Figure 4: Marketing and R&D

a) Customers and R&D b) Customer accumulation frictions and R&D
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Note: Panel a) presents the correlation between β̂age
i,S&M and β̂age

i,R&D estimated in sector-specific regres-

sions (39). Panel b) presents the correlation between β̂i,a estimated in sector-specific regressions (29)

and median R&D intensity XRD
sales in the industry. The inverse of the estimated coefficient β̂i,S&M is

proportional to the severity of customer accumulation frictions. The size of each marker corresponds to
revenue share of the particular industry. In both panels, red solid line corresponds to the fit of linear
regression model. Subscript i corresponds to a 3-digit NAICS industry. We restrict attention only to
industries with at least 40 firm-year observations. See Appendix D for more details on data construction
and robustness of these results.

Before moving on, note that most life-cycle slopes in the cross-section of industries

are negative. This is consistent with our model in which firms reduce their marketing and

R&D investment (relative to sales) as they age and grow larger. Indeed, recall that our

full model is parameterized to match the observed relationship between R&D (marketing)

intensity and firm size.

Panel a) of Figure 4 plots the estimated life-cycle profile slopes (β̂agei,S&M and β̂agei,R&D)

against each other in the cross-section of industries. The figure shows a tight positive (and

statistically significant) relationship between the two, confirming the model-predicted

dynamic connection. In other words, markets in which incentives to invest into marketing

drop quickly with firm age are also markets where businesses spend relatively less on R&D

as they mature.

5.3 Customer Accumulation Frictions and Innovation

Customer acquisition frictions are likely to be more severe in some industries than in

others. Through the lens of our model, sectors with particularly severe customer accu-

mulation frictions should also be sectors where firms have fewer incentives to invest into
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R&D. We now test this model prediction.

A model-consistent measure of customer accumulation frictions. First, we pro-

pose a model-consistent measure of customer accumulation frictions which we estimate

at the industry-level. Recall that in our framework, the ease with which firms can accu-

mulate new customers depends on three key parameters: (i) the elasticity of marketing

costs, ψa, (ii) the customer depreciation rate, ζ and (iii) the level of marketing costs, a.

In particular, higher values of any of these parameters make customer base expansions

more expensive, decreasing the speed of customer accumulation.

To measure customer accumulation frictions in the cross-section of industries, we lean

on the approach used in our parameterization Section 3.2. In particular, we estimate

industry-specific coefficients βi,a from regression (29) at the 3-digit industry level. These

elasticities represent model-consistent measures of customer acquisition frictions, because

they are proportional to (1−ζ)2
aψa

– see Proposition 6. Specifically, higher values of βi,a

correspond to weaker customer acquisition frictions.

Customer accumulation frictions and R&D investment. Panel b) of Figure 4

shows that our model predictions hold up in the data. Specifically, in the cross-section of

industries, there is a clear positive (and statistically significant) relationship between the

ease with which firms accumulate customers, β̂i,a, and median R&D intensity. Through

the lens of our model, this is because lower frictions associated with customer accumula-

tion (higher β̂i,a) provide more incentives to invest into R&D through stronger firm-level

market size effects.

6 Concluding Remarks

Firm life-cycle dynamics are a central force in endogenous growth models. In existing

growth models, such dynamics are typically determined purely by productivity differ-

ences between firms. However, recent and expanding evidence suggests that demand-side

factors, in particular active customer accumulation, are crucial for driving firm-level out-

comes. In this paper, we build on this evidence and propose a novel endogenous growth

model featuring customer acquisition. Changes in customer acquisition increase firms’

incentives to conduct R&D and endogenously reallocates market shares and resources

towards businesses experiencing fast productivity growth. Combined, these effects serve

as a quantitatively important driver of aggregate growth. Moreover, ignoring customer

acquisition changes the quantitative response of the macroeconomy to policy interven-

tions.

We believe that our framework opens the door to several intriguing questions which

we have left for future research. For instance, what new tools could policy markers use
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to spur aggregate growth? While demand-side growth policies have been debated in

policy circles (see e.g. European Commission, 2003), they have been largely absent from

systematic academic analysis within state-of-the-art models of endogenous growth.

Our results also suggest that economies with different firm life-cycle growth profiles

and consumption spending patterns may have very different aggregate growth dynamics.

What does this imply for the efficacy of pro-growth policies in developing economies, in

which markets are potentially more segmented and customer accumulation more frictional

compared to developed countries? Or can changes in income inequality affect long-run

growth because of associated movements in consumption expenditure allocations?

Finally, our framework studies cost-saving (process) innovations. In the presence

of customer accumulation, it would be particularly interesting to also study “product”

innovation and understand how these two types of technological progress interact with

each other and with firms’ life-cycle incentives to attract customers.
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A Model Details

This appendix provides additional details regarding the three model versions in the main

text: (i) benchmark model of Section 2, (ii) full model of Section 4 and (iii) restricted

model of Section 4.

A.1 Benchmark model: Equilibrium

The benchmark model is described in its entirety in the main text. Here we provide a

formal definition of the associated equilibrium.

Benchmark model: Equilibrium definition. A balanced growth path equilibrium

consists of the following tuple in every period with j ∈ Ω: cj, n
c
j, qj, bj, vj, pj, xj, aj, C,

R, W , Q, G such that (i) firm-level output, cj, and production employment, ncj, are given

by (4) and (5), (ii) firms’ productivity, qj, and customer base levels, bj, evolve according

to (7) and (8), (iii) firm values are given by (11), (iv) optimal innovation rates, xj,

marketing rates, aj, and prices, pj, satisfy (12) to (14), (v) aggregate consumption, C,

is given by (1), (vi) the interest rate, R, and wage rate, W satisfy (3) and (15), and

(vii) the aggregate productivity index, Q, and it’s growth rate, G, are given by (16) and

G = Q′/Q− 1.

A.2 Full model: Details

In this appendix, we provide details pertaining to the full model used in quantitative

analysis in Section 4.

Households. The representative household remains the same as in the benchmark

model. Preferences are given U =
∑

t β
t logCt where Ct is defined in (1). The household

is subject to the budget constraint (2). The resulting household’s Euler equation and

demand for goods varieties j also remain unchanged and are, therefore, given by (3) and

(4).

Firms. Firms choose prices, R&D expenditures, marketing investment, and decide

whether to continue operating or exit. They do so by maximizing firm value, formally

given by

v(q, b) = max
p,nx,na

bp1−ηC −W (bp−ηC/q + nx + na) +
1− δ

1 +R′

 xvc(q(1 + λ), b′)+

(1− x)vc(q, b′)



(A1)
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s.t. c =bp−ηC, c = qnc, nx = xmσxxψx , na = amσaaψa , s = mσs
pc

PC
,

b′ =(1− ζ)b(1 + γa+ (1− γ)s), x ∈ [0, 1]

vc =F (κ∗) [v −Wκ̃] .

where vc(q, b) is the continuation value which depends on the survival probability F (κ∗) =

P (κ ≤ κ∗) and firm value net of expected operational costs conditional on survival (v −
Ŵ κ̃). In the former, F is a logistic distribution with mean µκ and scale σκ and where

firms’ optimal exit threshold is given by

κ∗ =
v(qj, bj)

W
(A2)

In the latter, expected operational costs conditional on survival are given by κ̃ ≡
E [κ | κ ≤ κ∗].

The mass of surviving entrants Ωe is determined by the free entry condition:

Wκe =

∫
vc(qe, be) dHe(qe, be), (A3)

where He is the initial distribution of entrants over productivity and customer base levels,

qe and be. Note that firms do not produce upon entry. Rather, they start producing next

period in which they become part of the set of active varieties Ω.

With a slight abuse of notation let Ω ≡
∫ ∫

dΩ(q, b) be the mass of firms. Along the

balanced growth the total mass of firms is constant, satisfying:

Ω = (1− δ)

∫ ∫
F (κ∗) dΩ + Ωe (A4)

Labor market Clearing. Given endogenous entry and exit, labor market clearing is

given by

N =

∫ ∫
(nc(q, b) + nx(q, b) + na(q, b) + κ̃(q, b))Ω( dq, db) + Ωeκe. (A5)

which now includes labor demand of incumbent firms (including their operational costs)

and of potential entrants.

A.3 Full model: Equilibrium definition

Given the description of the full model above, the associated equilibrium can be defined

as follows:
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Full model: Equilibrium definition. A balanced growth path equilibrium consists of

the following tuple in every period with j ∈ Ω: cj, n
c
j, qj, bj, vj, pj, xj, aj, κ

∗
j , C, R, W ,

Q, G, Ω, Ωe such that (i) firm-level output, cj, and production employment, ncj, are given

by (4) and (5), (ii) firms’ productivity, qj, and customer base levels, bj, evolve according

to (7) and (8), (iii) firm values are given by (A1), (iv) optimal innovation rates, xj,

marketing rates, aj, and prices, pj, satisfy (12) to (14), (v) firms’ exit choices, κ∗j , are

given by (23), (vi) aggregate consumption, C, is given by (1), (vii) the interest rate, R,

and wage rate, W satisfy (3) and (27), (viii) the aggregate productivity index, Q, and it’s

growth rate, G, are given by (16) and G = Q′/Q− 1, and (ix) the mass of firms, Ω, and

entrants, Ωe, are given by (26) and (25).

A.4 Restricted Model: Equilibrium definition

As mentioned in the main text, the restricted “productivity-only” version of full model

is obtained by assuming b′ = b = 1, i.e. aj = sj = 0 for all j in every period.1 The

associated equilibrium is then given by the following:

Restricted model: Equilibrium definition. A balanced growth path equilibrium con-

sists of the following tuple in every period with j ∈ Ω: cj, n
c
j, qj, bj, vj, pj, xj, κ

∗
j , C,

R, W , Q, G, Ω, Ωe such that (i) firm-level output, cj, and production employment, ncj,

are given by (4) and (5), (ii) firms’ productivity, qj, and customer base levels, bj, evolve

according to (7) and bj = 1 for all j, (iii) firm values are given by (A1), (iv) optimal

innovation rates, xj and prices, pj, satisfy (12) and (14), (v) firms’ exit choices, κ∗j ,

are given by (23), (vi) aggregate consumption, C, is given by (1), (vii) the interest rate,

R, and wage rate, W satisfy (3) and (27) where naj = 0 for all j, (viii) the aggregate

productivity index, Q, and it’s growth rate, G, are given by (16) and G = Q′/Q− 1, and

(ix) the mass of firms, Ω, and entrants, Ωe, are given by (26) and (25).

A.5 Restricted model: Parameterization

We parametrize the restricted model in exactly the same way as the our full model, with

the exception that we do not target moments related to marketing or markups.

Towards this end, we externally set/normalize β, η, ψx, κe, and N in exactly the

same way as described in Section 3.2. Next, parameters pertaining to innovation, firm

exit and entry (λ, x, σx, δ, µκ, σκ, σb, σq) are set according to the same indirect inference

procedure as described in Section 3.2. Finally, all remaining which pertain to customer

accumulation (γ, a, σa, ψa, σm, ζ) are irrelevant in the restricted model. All model

1In the absence of customer accumulation motives, the optimal pricing decision (14) boils down to
prices being set with a static markup over marginal costs, i.e. p = η/(η − 1)W/q.
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Figure A1: Targeted moments in the restricted model: Exit and size growth rates

a) Exit rate b) Firm size growth

0 5 10 15 20
0

0.05

0.1

0.15

0.2

0.25

0.3

0 5 10 15 20
1

1.05

1.1

1.15

1.2

1.25

1.3

Note: The figure shows life-cycle profiles of exit rates (panel a) and average firm size growth rates (panel
b). It does so for BDS “data” (solid line) and “model” (dashed line) generated moments.

parameters, their targets, and the respective fit of the restricted model are presented in

Table A1 and Figure A1.
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B Proofs

In this appendix, we provide proofs of all the propositions in the main text. Towards this

end, it will be useful to define the stationarized firm problem, which we do next. To ease

the exposition, we drop the firm-level subscript j whenever it does not create confusion

and we use primes (′) to denote next period values.

Stationarizing the firm problem. Using household’s demand for individual goods

(4) and the firm-level production function (5), firm value evaluated at optimal choices

can be written as

v =pc−W (nc + nx + na) +
1− δ

1 +R′ (xv(q(1 + λ), b′) + (1− x)v(q, b′))

=c
W

q
(µ− 1)−W (nx + na) +

1− δ

1 +R′ (xv(q(1 + λ), b′) + (1− x)v(q, b′))

=bqη−1W 1−ηCµ−η(µ− 1)−W (nx + na) +
1− δ

1 +R′Ev
′.

Dividing both sides with the aggregate productivity index, Q, and using the household

Euler equation (3), we can write the stationarized firm value as

v

Q
= bq̂η−1Ŵ 1−ηC

Q
µ−η(µ− 1)− W

Q
(nx + na) +

1− δ

1 +R′
Q′

Q

Ev′

Q′

v̂ = bq̂η−1 Ĉ

Ŵ η−1

µ− 1

µη
− Ŵ (nx + na) + β(1− δ)Ev̂′. (A6)

A stationary aggregate customer base. Under Parts (a) and (b) of Assumption 1,

the aggregate customer base, B, in the benchmark model can be written as

B =

∫
j

bjdj =
∑
a

baµa =
∑
a

[(1− ζ)(1 + gb)]
abe(1− δ)aµ0 =

beδΩ

1− (1− δ)(1− ζ)(1 + gb)
,

where µa is the mass of firms of age a, be is the customer base entry endowment and Ω

is the mass of firms. In the above, we have used the fact that under Assumption 1 all

firms choose the same customer base growth rates. In this setting, B is well defined if

(1− δ)(1− ζ)(1 + gb) < 1.
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B.1 Proof of Proposition 1

Firm value. Using Assumption 1, and guessing that v̂ = vm (and, therefore, Ev̂′ =
Evm′), we can write stationarized firm value (A6) as:

v̂ = bq̂η−1 Ĉ

Ŵ η−1

µ− 1

µη
− Ŵ (nx + na) + β(1− δ)Ev̂′

v̂ = bq̂η−1

(
Ĉ

Ŵ η−1

µ− 1

µη
− Ŵ (xxψx + aaψa)

)
+ β(1− δ)vb′

E(q′)η−1︷ ︸︸ ︷
qη−1(x(1 + λ)η−1 + 1− x)

(Q′)η−1

v̂ = bq̂η−1

(
Ĉ

Ŵ η−1

µ− 1

µη
− Ŵ (xxψx + aaψa) + β(1− δ)v

b′

b
(x(1 + λ)η−1 + 1− x)

(
q/Q′

q/Q

)η−1
)

v̂ = bq̂η−1

 Ĉ

Ŵ η−1

µ− 1

µη
− Ŵ (xxψx + aaψa) + β(1− δ)v (1 + gb)(1 + gq)(1 +G)1−η︸ ︷︷ ︸

=1+gn



Combining with the results above, we obtain the following expression for stationarized

firm value which confirms our initial guess:

v̂ = bq̂η−1

[
Ĉ

Ŵ η−1

µ− 1

µη
− Ŵ

(
xx2 + aa2

)
+ β(1− δ)(1 + gn)v

]
︸ ︷︷ ︸

=v

. (A7)

Therefore, the firm value constant is implicitly given by:

v =
Ŵ 1−ηĈµ−η(µ− 1)− Ŵ (xx2 + aa2)

1− β(1− δ)(1 + gn)
. (A8)

Optimal R&D, marketing and pricing decisions. The above result allows us to

express the marginal benefits of optimal R&D, marketing and pricing choices. In partic-

ular, using the fact that v̂(q(1 + λ), b′j) − v̂(qj, b
′
j) = vb(1 + gb)q̂

η−1((1 + λ)η−1 − 1) and
∂Ev(q′,b′)

∂b′
= bq̂η−1(1+gn)v

1+gb
, we can write firms’ optimality conditions (12) to (14) as

x =β̃
(1 + λ)η−1 − 1

2Ŵx(1 + gq)
v (A9)

a =β̃
(1− ζ)γ

2Ŵa(1 + gb)
v (A10)

1

µ
− 1

µ
=β̃

(1− ζ)(1− γ)

1 + gb

v

Ĉµ
, (A11)

where β̃ = β(1− δ)(1 + (1 + gq)(1 + gb)(1 +G)1−η).
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Note that with v constant and common across firms, all firm-level choices are also

constant and common across firms which verifies our initial guess that v̂ = bq̂η−1v = mv.

For future reference, also notice that combining (A10) and (A11) we obtain an “arbi-

trage” condition between marketing and markups:

1

µ
=

1

µ
+

1− γ

γ

2Ŵa

Ĉµ
a (A12)

The above states that, to the extent that firms use both channels of customer base

accumulation (i.e. γ < 1), marketing and (inverse) markups co-move.

B.2 Proof of Proposition 2

Part a) of Proposition 2: Firm-level innovation increases with customer base

growth. In what follows, we consider the impact of an exogenous change in the cus-

tomer retention rate, 1 − ζ, on optimal innovation, marketing and markups. First, we

focus on optimal innovation using (A9):

dx =

direct effect (on impact and in future periods)︷ ︸︸ ︷
x

1− ζ
d(1− ζ) +

x

v

∂v

∂(1− ζ)

+
x

1 + gb
γ(1− ζ)

∂a

∂(1− ζ)
d(1− ζ)︸ ︷︷ ︸

indirect effect via marketing

+
x

1 + gb
(1− γ)(1− ζ)

∂s

∂µ

∂µ

∂(1− ζ)
d(1− ζ)︸ ︷︷ ︸

indirect effect via markups

ϵx,1−ζ =
dx

x

1− ζ

d(1− ζ)
=

1

1− β̃
+

(1− ζ)γa

1 + gb
ϵa,1−ζ + (1− η)

(1− ζ)(1− γ)s

1 + gb
ϵµ,1−ζ , (A13)

where we have used the fact that ∂v
∂x

= 0 (Envelope theorem) and ∂v
∂(1−ζ) = v

1−β̃
β̃

1−ζ .

Similarly, we derive the impact elasticities for marketing and markups using (A10) and

(A11):

da =

direct effect (on impact and in future periods)︷ ︸︸ ︷
a

1− ζ
d(1− ζ) +

a

v

∂v

∂(1− ζ)
d(1− ζ)+

a

1 + gq

(
(1 + λ)η−1 − 1

) ∂x

∂(1− ζ)
d(1− ζ)︸ ︷︷ ︸

indirect effect via innovation

ϵa,1−ζ =
da

a

1− ζ

d(1− ζ)
=

1

1− β̃
+

gq
1 + gq

ϵx,1−ζ . (A14)
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− 1

µ

dµ

µ
=

direct effect (on impact and in future periods)︷ ︸︸ ︷(
1

µ
− 1

µ

)
d(1− ζ)

1− ζ
+

(
1

µ
− 1

µ

)
∂v

∂(1− ζ)
d(1− ζ)

+

(
1

µ
− 1

µ

)
(1 + λ)η−1 − 1

1 + gq

∂x

∂(1− ζ)
d(1− ζ)︸ ︷︷ ︸

indirect effect via innovation

ϵµ,1−ζ =
dµ

µ

1− ζ

d(1− ζ)
= −

(
1− µ

µ

)[
1

1− β̃
+

gq
1 + gq

ϵx,1−ζ

]
. (A15)

Combining (A13) to (A15), we can write

ϵx,1−ζ =
1

1− β̃

>0︷ ︸︸ ︷
1 +

(1− ζ)γa

1 + gb
+ (η − 1)

(
1− µ

µ

)
(1− ζ)(1− γ)s

1 + gb

1− gq
1 + gq

(
(1− ζ)γa

1 + gb
+ (η − 1)

(
1− µ

µ

)
(1− ζ)(1− γ)s

1 + gb

)
︸ ︷︷ ︸

>0

> 0, (A16)

where we have used the fact that the denominator of the right-most fraction can be

written as2

1

1 + gb

(
1 + gb −

gq
1 + gq

(
(1− ζ)γa+ (η − 1)

(
1− µ

µ

)
(1− ζ)(1− γ)s

))

=
1− ζ

1 + gb

1 + γa

(
1− gq

1 + gq

)
︸ ︷︷ ︸

>0

+(1− γ)s

(
1− (η − 1)

(
1− µ

µ

))
︸ ︷︷ ︸

>0

 > 0.

Therefore, R&D increases in response to an exogenous rise in customer retention rates.

This happens both because of a direct effect and because of an indirect contribution

through stronger endogenous customer accumulation. The latter is a weighted average of

both marketing- and markup-driven customer accumulation, where the weights are the

relative contributions of the two forces to customer base growth.

2Note that since µ > 1, we can write

1 − (η − 1)

(
1 − µ

µ

)
= 1 − (η − 1)

(
η

η−1 − µ
η

η−1

)

=1 − (η − 1)
η − µ(η − 1)

η
= 1 − η

1 − µ

µ︸ ︷︷ ︸
<0

− µ

µ︸︷︷︸
<1

> 0.
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Part b) of Proposition 2: Firm-level customer accumulation increases with

innovation. Using the same approach as above, we can write the following responses

of R&D, marketing and markups to an exogenous increase in innovation step size, 1 + λ:

ϵx,1+λ =(η − 1)
(1 + λ)η−1

(1 + λ)η−1 − 1

[
1 +

β̃

1− β̃

x

1 + gq

]

+
(1− ζ)γa

1 + gb
ϵa,1+λ + (1− η)

(1− ζ)(1− γ)s

1 + gb
ϵµ,1+λ > 0,

ϵa,1+λ =(η − 1)
x(1 + λ)η−1

1 + gq

1

1− β̃
+

gq
1 + gq

ϵx,1+λ > 0,

ϵµ,1+λ =−
(
1− µ

µ

)[
(η − 1)x(1 + λ)η−1

1 + gq

1

1− β̃
+

gq
1 + gq

ϵx,1+λ

]
< 0.

B.3 Proof of Proposition 3

Part a) of Proposition 3: Aggregate growth. Let us denote the mass of firms

of a particular age a with µa. Given exogenous exit in the benchmark model, the law

of motion for the mass of firms is simply given by µa+1 = (1 − δ)µa. In addition, note

that with common customer base growth and common initial values (be), all firms of the

same age will also have the same level of customer base, ba. Therefore, we can write the

following

Q′ =

(∑
a=0

∫
j∈µa

ba(q
′
j)
η−1dj

) 1
η−1

=

(∑
a=1

∫
q̂

baq̂
η−1(Q′)η−1µa(q̂) +

∫
q̂e

beq̂
η−1
e (x(1 + λ)η−1 + 1− x)Qη−1µ0(q̂e)

) 1
η−1

=



∑
a=0

∫
q̂

ba(1 + gb)q̂
η−1(x(1 + λ)η−1 + 1− x)Qη−1(1− δ)µa(q̂)︸ ︷︷ ︸

surviving firms from previous period

+

∫
q̂e

beq̂
η−1
e (x(1 + λ)η−1 + 1− x)Qη−1µ0(q̂e)︸ ︷︷ ︸

startups



1
η−1

=(x(1 + λ)η−1 + 1− x)
1

η−1


∑

a=1

∫
q̂
baq̂

η−1Qη−1µa(q̂)

+
∫
q̂e
beq̂

η−1
e Qη−1

−1 (x(1 + λ)η−1 + 1− x)µ0(q̂e)


1

η−1

=(x(1 + λ)η−1 + 1− x)
1

η−1Q,
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where in the above we guess that Q′ = (x(1+λ)η−1+1−x)
1

η−1Q, which we subsequently

confirm. Therefore, 1 +G = Q′/Q = (x(1 + λ)η−1 + 1− x)
1

η−1 .

Part b) of Proposition 3: All else equal, aggregate growth increases with

firm-level customer base growth. The proof of this part of the proposition directly

follows from Part a) of Proposition 3 and from Proposition 1, where we have established

that ϵx,1−ζ > 0. Combining the two, we can write

dG

d(1− ζ)
=

(1 +G)2−η

η − 1
((1 + λ)η−1 − 1)

∂x

∂(1− ζ)
> 0.

B.4 Proof of Proposition 4

Part a) of Proposition 4: R&D subsidies raise innovation. First, observe that

the impact of R&D subsidies τx is isomorphic to the effect of changes in R&D cost scaling

x. To economize on notation, we will derive directly the elasticity with respect to the

cost – noting that it has the opposite qualitative effect, i.e. ∂x/∂τx = −∂x/∂x. Taking

G as given and differentiating (A9) with respect to x gives:

ϵx,x =
dx

x

x

dx
= −

(
1 +

Ŵxx2

Ŵ 1−ηĈµ−η(µ− 1)− Ŵ (xx2 + aa2)

)
< 0.

Therefore, intuitively, cheaper R&D leads to firms optimally choosing more of it, i.e.

ϵx,τx > 0.

Part b) of Proposition 4: The efficacy of R&D subsidies increases with cus-

tomer base growth. We now compute how the magnitude of the elasticity of R&D

with respect to subsidies, |ϵx,τx|, changes with 1−ζ. To ease the notation, in what follows,

we denote π̃ = Ŵ 1−ηĈµ−η(µ− 1)− Ŵ (xx2 + aa2). Next, we show that π̃ decrease with

1− ζ:

∂π̃

∂(1− ζ)
=Ŵ 1−ηĈµ−η ∂µ

∂(1− ζ)
(1− η + ηµ−1)− 2Ŵ

(
xx

∂x

∂(1− ζ)
+ aa

∂a

∂(1− ζ)

)

=
1

1− ζ

Ŵ 1−ηĈµ−η (µ(1− η) + η)︸ ︷︷ ︸
>0

ϵµ,1−ζ︸ ︷︷ ︸
<0

−2Ŵ
(
xx2ϵx,1−ζ + aa2ϵa,1−ζ

)︸ ︷︷ ︸
>0

 < 0,

where we have used the fact that µ(η − 1) < η. This can be seen from the fact that

µ < µ = η/(η − 1). Therefore, µ(1 − η) + η > 0. Intuitively, as customer retention

rates increase, this incentivizes firms to invest more into customer base growth and R&D

which, in turn, reduces (scaled) profits, π̃.
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Returning to the elasticity of ϵx,τx w.r.t. (1− ζ), we can write:

∂ϵx,τx
∂(1− ζ)

=
∂
(
1 + Ŵxx2

π̃

)
∂(1− ζ)

= 2
Ŵxx2

π̃

ϵx,1−ζ
1− ζ

− ϵx,τx − 1

π̃

∂π̃

∂(1− ζ)

=
ϵx,τx − 1

1− ζ
(2ϵx,1−ζ − ϵπ̃,1−ζ) > 0.

B.5 Proof of Proposition 5 and 6

First, recall that sales in our model are given by pc = bqη−1(µW )1−ηC. Therefore, we can

approximate firm-level sales growth as

∆ log(pc) =∆ log(b) + (η − 1)(∆ log(q)−∆ log(µ)) + ∆(1− η) log(W ) + ∆ log(C)

g ≈gb + (η − 1)(gq − gµ) + (2− η)G,

Recall further that we have the following expressions for customer base and productivity

growth:

gb =(1− ζ)(1 + γa+ (1− γ)s)− 1

gq =x(1 + λ)η−1 − x

In addition, using the definitions of s, na and nx, we can write:

a =
( na
amσa

) 1
ψa
, x =

( nx
xmσx

) 1
ψx
, s =

(
µŴ

)1−η
.

Therefore, changes in firm-level sales growth can be written as

dg ≈(1− ζ)γa
1

ψa

[
dna
na

− σa
dm

m

]
+ (1− ζ)(1− γ)s(1− η)

dµ

µ

+(η − 1)((1 + λ)η−1 − 1)x
1

ψx

[
dnx
nx

− σx
dm

m

]
+ (1− η)dgµ + time f.e.

Before moving on, note that it will be more convenient to rewrite dg = gt − gt−1 ≈
RHSt−1 as gt ≈ RHSt−1+g−1. In addition, we note that dm/m = d(pc/(PC))/(pc/(PC)) =

g + time fixed effects. Finally, note the timing on markup growth is dgµ = ∆ log(µt) −
∆ log(µt−1), since current period markups directly influence sales. Therefore, mapping

the above to our observables (i.e. g = ∆ log(sales), dnx/nx = ∆log(XRD) etc) and
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explicitly stating timing, we get

∆ log(salest) ≈

βa︷ ︸︸ ︷
(1− ζ)γa

1

ψa
∆ log(S&Mt−1) +

βµ︷ ︸︸ ︷
((1− ζ)(1− γ)s− 1)(1− η)∆ log(µt−1)

+(η − 1)gq
1

ψx
∆ log(XRDt−1)

−
[
(1− ζ)γa

σa
ψa

+ (η − 1)gq
σx
ψx

− 1

]
∆ log(salest−1)

+(1− η)∆ log(µt) + time f.e.

Therefore, we have

βa =(1− ζ)γa
1

ψa

βµ =((1− ζ)(1− γ)s− 1)(1− η).

Finally, Assumption 1 and using (13) and (17), we can write:

βa =
1

ψa

γ2

η − 1
β1,

βµ =β0 + γ2β1,

where β0 = (η − 1)(1 − gb − ζ) and β1 = (1−ζ)2(η−1)
a

β(1−δ)v
2Ŵ

(η − 1). For future reference,

note that the term (1−ζ)2
aψa

is an overall measure of customer accumulation frictions.

B.6 Proof of Proposition 7

Aggregate productivity index is defined as

Q =

(∫ ∫
bqη−1Ω( dq, db)

) 1
η−1

In what follows, we use short-hand notation with firm index j for the sake of clarity.

For example we write,
∫
Ω
xj dj instead of

∫ ∫
x(q, b) Ω( dq, db). This makes the following

derivations easier to follow.

Special case: Exact decomposition. We follow the decomposition used in Foster

et al. (2001) and consider the change in Q, where we take last period’s values as the

baseline. First, we consider the special case of η = 2. Let ∆xt ≡ xt−xt−1. Let Ωs denote

the set of surviving incumbent firms, Ωex the set of firms that exit between t− 1 and t,

and Ωen ≡ ΩeH the set of entrants.
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∆Qt =

∫
Ωs

bj,tqj,t dj +

∫
Ωen

bj,tqj,t dj −
∫
Ωs

bj,t−1qj,t−1 −
∫
Ωex

bj,t−1qj,t−1 dj

=

∫
Ωs

(bj,t − bj,t−1)qj,t−1 dj +

∫
Ωs

bj,t−1(qj,t − qj,t−1) dj +

∫
Ωs

(bj,t − bj,t−1)(qj,t − qj,t−1) dj

+

∫
Ωen

bj,tqj,t dj −
∫
Ωex

bj,t−1qj,t−1 dj

=

∫
Ωs

∆bjqj dj +

∫
Ωs

bj∆qj dj +

∫
Ωs

∆bj∆qj︸ ︷︷ ︸
surviving incumbents

dj +

∫
Ωen

bjqj dj −
∫
Ωex

bjqj︸ ︷︷ ︸
net entry

dj

The first equality follows from accounting identity our definition of our sets Ωx. No-

tice that the above is an exact decomposition. Also, since last period’s entrants become

this period’s incumbents (either continuing to the next period or exiting), then entry

contributes positively with the (customer-base-)weighted average of firm-level produc-

tivity. With the similar logic, exiting firms contribute negatively with their respective

(customer-base-)weighted average productivity.

Generalization: Approximate decomposition. In the full model, η > 2 and, there-

fore, we use a first-order approximation to the above. However, a 1st order approximation

cannot account for discontinuous changes in firm distribution, such as entry and exit.

Therefore, we will consider the impact of net entry as a residual, Γ:

∆Q =
1

η − 1
Q2−η

(∫
Ωs

∆bjq
η−1
j + (η − 1)

∫
Ωs

bj
∆qj
qj

qη−1
j

)
+ Γ

Rewriting the above, gives the following expression for aggregate growth:

G =
∆Q

Q
=

1

η − 1
Q1−η

(∫
Ωs

∆bjq
η−1
j + (η − 1)

∫
Ωs

bj
∆qj
qj

qη−1
j

)
+ Γ

Therefore, we can compute the value of Γ as follows:

Γ = G− 1

η − 1
Q1−η

(∫
Ωs

∆bjq
η−1
j + (η − 1)

∫
Ωs

bj
∆qj
qj

qη−1
j

)
Finally, we highlight the reallocation channels within incumbent survivors’ growth:

G =
∆Q

Q
=

1

η − 1
Q1−η

(∫
Ωs

∆bjq
η−1
j + (η − 1)

∫
Ωs

bj
∆qj
qj

qη−1
j

)
+ Γ

=
1

η − 1
Q1−η

(∫
Ωs

∆bjq
η−1
j + (η − 1)

(∫
Ωs

b
∆qj
qj

qη−1
j +

∫
Ωs

(bj − b)
∆qj
qj

qη−1
j

))
+ Γ
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C Model Estimation, Solution and Simulation

In this appendix we describe how we estimate the general model, our solution method,

and how we simulate our model and how we construct counterfactuals in Section 4.

C.1 Estimation

We estimate the model by the Method of Simulated Moments (MSM). Let d(i) for i =

1, . . . 49 denote i-th data moment. Using the method described in Section C.3 below, we

simulate the corresponding model moment m(i). We minimize the weighted percentage

deviation between the model and data moments as

min
∑
i

w̃(i)

(
m(i)− d(i)

1
2
(d(i) +m(i))

)2

. (A17)

We set the weights w̃(i) to (i) account for the fact that firms’ life-cycle targets (on

growth and exit) have 20 moments each and (ii) put more emphasis on aggregate growth

and moments pertaining to customer accumulation.3 Specifically, we set the weights on

firms’ growth and exit rates to w(i) = 1/20, while setting w(i) = 2 for i corresponding

to aggregate growth, S&M/sales and coefficients in (29). All the remaining weights are

set to w(i) = 1. Then, we normalize the weights w̃(i) = w(i)/
∑

iw(i).

C.2 Solution method

In the full model, the firm problem is characterized by two state variables: productivity q

and customer base b. We discretize the state space using 41 grid points for productivity

61 points for customer base. Both grids are equidistant in the log of variables and span

-1 to 1 for log productivity and -3 to 6 for log customers base. These relatively large

grids allow us to capture the full extent of the firm life-cycle dynamics induced by the

evolution of productivity and demand. Experimenting with a wider grid and a larger

number of grid points did not significantly affect the results.

The quantitative model is challenging to solve. A key challenge is that firm’s pricing,

marketing, and R&D investment problems are highly non-linear and interdependent.

Indeed, a key feature of our model is the endogenous feedback loop between customer

accumulation and R&D. This non-linearity calls for global solution method that can

capture accurately the lifecycle dynamics of businesses. The dependence of all endogenous

choices then requires a gradual approach to parameterizing the model.

3Note that we impose a penalty value of 10 for qualitative differences between model and data
moments, i.e. when d(i)m(i) < 0.
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Solution algorithm. To solve the full model numerically, we use value function itera-

tion. At each step of the iteration, we employ a nonlinear solver to determine the optimal

marketing, markup, and R&D investment. We discretize value functions using grid-based

interpolation. If the value functions fall off the grid points described above, but within

the grid range, we use linear interpolation. To evaluate off-grid points outside of the grid

range - below the lowest or above the highest grid point - we use linear interpolation.

For policy functions we use linear interpolation for off-grid values within the grid

range, but nearest on-grid value for values outside the grid range. The reason is that,

unlike firm values, policy functions have known upper and lower bounds. These are 0

and 1 for innovation probability x and 0 and zmax for marketing intensity z.4 Finally,

optimal prices cannot be below zero. By solving the first-order conditions on-grid, we

can guarantee that these bounds hold at each grid point and - by construction - for each

linear interpolant between them.

The solution algorithm is as follows:

1. Given a guess for value function V (i) : R2 → R, determine firms’ exit thresholds

κ∗ : R2 → R defined in (23). Compute vc = F (κ∗)
[
v − Ŵ κ̃

]
. This is available

in closed form, because under the logistic distribution, the survival probability is

given by

F (κ∗) =

[
1 + exp

(
−(κ∗ − µκ)

σκ

)]−1

.

and conditional expectation is given by

κ̃ = E [κ | κ ≤ κ∗] = µκ + σκ

(
1− F (κ∗)

F (κ∗)
ln(1− F (κ∗)) + ln(F (κ∗))

)

2. Given vc, solve the first-order conditions (12), (13), and (14) to obtain policy func-

tions x : R2 → [0, 1], z : R2 → [0, zmax], and p : R2 → [0,∞).

3. Given all optimal choices, use equation (A1) to determine an updated guess for the

value function V (i+1).

4. Go back to 1 and iterate until supq,b
|V (i)−V (i+1)|

1+V (i) < 10−4.

Solving for the balanced growth path equilibrium. In the initial equilibrium, we

can normalize the total spending in the economy to unity, Ĉ = 1, using the mass of

entrants as a normalizing constant. Given our definition of Q, we can normalize Ŵ = 1
µ

which implicitly determines the labor supply.5 Finally, we can normalize the mean of the

4The value zmax is such that for all z ≥ zmax the firm value falls below outside option and the firm
would rather exit.

5This is a particularly convenient normalization of the wage level since it corresponds to the equilib-
rium wage in a model with constant markup, µ(q, b) ≡ µ.
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initial customer base of firms to unity and solve for the value of entry costs that make

the first-order condition hold. The remaining equilibrium variable - the aggregate growth

rate G - is one of the parameterization targets described in Section 3.2.

In the policy experiments in Section 4, we introduce R&D subsidies or operational

cost subsidies and solve for the new BGP equilibrium. Towards this end, we solve for the

new equilibrium values of Ĉ, Ŵ , B, and G as follows

1. guess the new values Gguess and Cguess

2. using the above guesses, solve the firm problem and simulate the economy

3. use free entry condition (25) to back out implied aggregate growth (Gimpl)

4. use labor market clearing (27) to back out the mass of firms

5. given equilibrium firm mass, compute implied Cimpl

6. stop if max
{
|Gguess −Gimpl|, |(Cguess − Cimpl)/Cguess|

}
< 0.001, otherwise go back

to 1.

The values of the entry cost and the labor supply are implied by the normalizations

employed in the initial equilibrium.6

C.3 Simulation

To estimate moments pertaining to firm dynamics and aggregate variables, we need to

approximate the stationary firm distribution. Towards this end, we use off-grid stochastic

simulation.

Simulating the stationary distribution. We draw 105 entrants from the initial dis-

tribution He(qe, be) over the idiosyncratic states. From then on, in each period, firms

face transitory exit and innovation shocks, and make decisions regarding pricing, em-

ployment, investment into R&D, and exit. Based on these choices, firms accumulate

customers and improve productivity. The implied values may lie off-grid, since we use

grid-based interpolation as the non-parametric functional for of the policy functions.

In every period, we replace exiters with entrants drawn from the initial distributionHe.

We repeat this period over 250 periods. We disregard first 150 periods and use remaining

100 to compute moments from the stationary distribution such as the aggregate growth

rate or auxiliary regressions corresponding to moments estimated in Compustat.

More specifically, while the firm is alive, in each period we simulate the following

steps:

6Note that in the iteration described above, it is computationally more convenient to use the free
entry condition to back out initial customer base levels, µbini, and then iterate until µimpl

bini = 1 (the
normalization in the full model).
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• before any shock is realized, firms decide whether to pay the fixed cost and continue

operating or avoid paying the cost and exit

• exiting firms are replaced by new entrants

• all firms make their endogenous choices, given their relative productivity and cus-

tomer base levels

• given optimal decisions, firms’ customer base levels evolve and all firms observe the

realization of the innovation shock which determines next period’s productivity

• firms transition into the next period and the steps repeat.

Simulating life-cycle profiles. When generating moments pertaining to firm life-

cycle dynamics, we mimic the design of the BDS. Starting from an initial distribution,

we simulate the life-cycle of a single “representative” cohort of 105 firms. The procedure

is identical to the one described above pertaining to the stationary distribution with the

exception that firms which shut down are not replaced by new entrants. We follow the

cohort for 20 years and use the resulting simulation to generate moments in Figure 1 in

the main text.

Isolating the influence of customer acquisition. Finally, let us describe the coun-

terfactual R&D decisions which allow us to isolate the contribution of customer acquisi-

tion on aggregate growth. In particular, we consider a “counterfactual” environment in

which firms expect an increase in customer attrition, ζ = ζ + ϵ, where ϵ ≥ 0. Specifically,

we consider a value for ϵ such that average customer base growth among continuing busi-

nesses is zero in the baseline economy. When computing the counterfactual decisions, all

equilibrium variables and structural parameters other than ζ remain at the values of the

full model:

v(q, b) = max
p,nx,na

bp1−ηC −W (bp−ηC/q + nx + na) +
1− δ

1 +R′

 xvc(q(1 + λ), b′)+

(1− x)vc(q, b′)




(A18)

s.t. c =bp−ηC, c = qnc, nx = xmσxxψx , na = amσaaψa , s = mσs
pc

PC
,

b′ =(1− ζ)b(1 + γa+ (1− γ)s), x ∈ [0, 1]

vc =F (κ∗)
[
v − Ŵ κ̃

]
.

Note that the only change with respect to (A1) is the use of ζ. The “direct effect” is

calculated by solving (A18) for new value of nx while keeping all other parameters, policy
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functions, and value functions unchanged at their levels in the full model. In contrast, the

“feedback loop effect” is calculated by solving (A18) for all policy functions (including

exit) and value functions.

When simulating the counterfactual economy, we follow the same procedure as in the

baseline model. Importantly, we use the same series of stochastic shocks to innovation

and operating costs. This allows us to compare – for the same values of the state-

variables – optimal and counterfactual decisions. Note that when computing “direct

effect” counterparts, we only use firms’ counterfactual R&D decisions. In particular, we

consider the same set of firms as in the full model (i.e. we do not use the exit rule implied

by firms counterfactual firm values).

Finally, using the counterfactual R&D decisions (and thus productivity values) we

can compute the counterfactual evolution of firm-level customer base using (8). This

enables us to speak of the “reallocation” of market activity across heterogeneous firms as

a result of differences in firm-level R&D between the full and the counterfactual model.

See Figure 2 in the main text for the illustration of the reallocation channel.

D Empirical results: Data and robustness

In this appendix, we provide details of our empirical results. This includes a description

of our data sources and sample selection, but also several robustness exercises pertaining

to our parameterization and validation in Sections 3.2 and 5.

D.1 Data and Sample Selection

Throughout the paper, we use three main data sources for information on firms and

business dynamims: (i) Business Dynamics Statistics (BDS), (ii) Compustat and (iii)

Capital IQ. In what follows, we describe each of these datasets and how we use them in

our analysis.

Business Dynamic Statistics. The BDS database is an aggregated version of ad-

ministrative data on U.S. firms covering about 98 percent of private employment. As

such, it is our primary source of information on aggregate business dynamism patterns.

We use information on the number of existing firms, number of exiting firms, and their

employment from 1979 to 2019, avoiding the COVID-19 pandemic.

Importantly, the BDS offers also information on firm age, which allows us to construct

firms’ average life-cycle patterns of exit and employment growth. Since the BDS bins

together firms aged 6-10, 11-15, 16-20 years, we linearly interpolate values within these

bins.
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Figure A2: Firm size distribution in BDS and Compustat

(A) Business Dynamism Statistics (B) Compustat
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Note: The figures present relative frequency of firm employment count. BDS covers the universe of firms
in the US. Compustat includes only public firms. The x-axis label for each size bin corresponds to left
bin edge, i.e. the bins are 1 to 4, 5 to 9, 10 to 19, etc.

Compustat and Capital IQ. We use the Compustat fundamental annual data from

1997 to 2019. The starting point is chosen to align the sample with the availability

of sales and marketing expenses in Capital IQ. The Compustat sample consists only of

publicly listed companies. This sample differs significantly from the universe of firms in

the U.S., i.e. from the BDS data and our model, which matches the latter well. Figure

A2 illustrates the differences in the size distributions between BDS and Compustat. In

the latter, the mass of firms is shifted towards the largest firms.

Therefore, we need to realign the model distribution to that of Compustat whenever

comparing model moments to those which have counterparts in Compustat. Towards

this end, we weigh our regressions in the model simulated data with employment based

weights from Compustat.

Specifically, we pool all observation across all years 1997 - 2019 and calculate the

empirical distribution of firm employment in Compustat in each BDS size bin. Since the

BDS corresponds to the universe of firms in the US economy, we can calculate “selection

probability” into Compustat in each size bin. This selection probability is defined as the

ratio of the number of firms in Compustat in the given size bin to the total number of

firms in this size bin in the US. For all auxiliary calibration regressions that are based on

Compustat sample, we weigh the model simulated data with the selection probabilities

to mimic the selection into the Compustat sample.

Sample selection. In our analysis, we exclude observations of financial firms (SIC

classification between 6000 and 6999), utilities (SIC classification 4900-4999), mining and

agriculture (SIC ≤ 1400).7 In addition, we consider only companies incorporated in the

7As is standard in the literature, we remove financial firms because the balance reporting conventions
are very different for those companies. We drop utilities because it is a non-representative and regulated
sector. We removed mining and agriculture because of very few firms undertaking R&D leading to
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U.S. and traded in the U.S. stock exchange.

To deal with measurement error and outliers, we first remove observations with clear

errors, such as negative sales (variable sale in Compustat) or cost of goods sold (cogs).

Next, we remove the observations in which the ratio of R&D to sales or S&M to sales

exceeds 1000%.

Annual growth rates tend to be noisy measures of the underlying fundamentals of

public firms (Campbell and Shiller, 1988). To deal with this issue, we winsorize at the

top and bottom 1% of all growth rates in regression (29). Our goal is to account for

extreme growth rates while preserving as much information as possible. he percentiles

are calculated individually in each 3-digit-NAICS × year cell to avoid over-weighting

certain sectors or years.8 All nominal variables are deflated with the GDP deflator.

Finally, we drop top and bottom 1% observations in terms of COGS-to-sales ratio as

in De Loecker et al. (2020); Autor et al. (2020). The reason is to remove excessive weight

of firms with very low (or very high) COGS and consequently very larger (low) measured

markups. TAgain, the percentiles are calculated individually in each 3-digit-NAICS ×
year cell.

Definitions. As for the Compustat sample, R&D intensity is defined as the ratio of the

R&D expenses, xrd in Compustat, relative to sale. We follow De Loecker et al. (2020)

and define the markup as the ratio of sales to the cost of goods sold (COGS) multiplied

by the sector specific output elasticity estimated in De Loecker et al. (2020). We refer

the reader to De Loecker et al. (2020) for the details of the markup estimation.

After the cleaning procedure, the Compustat data sample consists of 13,710 unique

firms and 120,130 firm-year observations.9

Next, we merge the Compustat sample with Capital IQ. We use Capital IQ data

from 1997-2019 which allows us to match 12,535 firms (91%) to our baseline Compustat

sample. Among these firms, in 34% of firm-year observation we measure selling and

marketing expenses (S&M) directly. In addition, following He et. al. (2025), we recover

an additional 14% of firm-year observations which do not report “selling and marketing

expenses,” but report their sub-components (either “advertising” expenses, “marketing”

expenses or both). In these cases, we use the sum of the two sub-components as a measure

of sales and marketing. Overall, this yields information on sales and marketing expenses

for 48% of the sample.

outlying observations in our cross-industry regressions.
8The results continue to hold in the non-winsorized sample. However, we strive to make sure that

our results are not driven by a small number of extreme observations.
9The degrees of freedom in regressions we run tend to be lower due to first differencing, additional

restrictions, or missing data.
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D.2 Further Details: Empirical Support for Model Predictions

In this section, we provide more details pertaining to the results pertaining to Section 5

and, especially, those underlying Figure 4.

Data and sample selection. The empirical analysis is based on the merged Compustat-

Capital IQ data described in the previous Section D.1. To estimate industry fixed effects,

we use the 3-digit NAICS classification. The data is pooled across all years 1997-2019.

Firm age is defined as the number of years since founding determined by merging Capital

IQ and the Loughran-Ritter database (Loughran and Ritter, 2004).10

The results are based on firm-level regressions in which we allow the coefficients of

interest to vary at the level of 3-digit NAICS industries. Finally, to estimate the industry-

level coefficients reliably, we restrict attention to industries with at least 40 firm-year

observations with positive R&D. We choose a conservative threshold in the baseline to

avoid the risk that imprecisely estimated coefficients are driving our result. Below, we

show robustness to the choice of minimum observations threshold (see Figure A3).

Regression specifications. In Panel a) of Figure 4, we estimate two regressions indi-

cated in (39) by letting y = R&D and y = S&M , and report industry-specific regression

coefficients β̂agei,R&D on the horizontal axis and β̂agei,S&M on the vertical axis.

In Panel b) of Figure 4, we report coefficients β̂i,a estimated in regression

∆ ln(salesj,t) = δi + δt +
∑
i

1i(j)=iβi,a∆ lnnaj,t−1 + βµ∆ lnµj,t−1 + ΓXj,t + ϵj,t,

where 1i(j)=i is the indicator variable equal to one if firm j belongs to industry i and

zero otherwise. δi and δt mark industry and time fixed effects, respectively. Controls X

includes the lagged dependent variable, lagged growth rate of R&D expenses, current and

lagged growth of markups, and current size measured in terms of sales.11 On the vertical

axis in Panel b) in Figure 4, we show industry i’s median R&D-to-sales ratio.

The red lines in both panels in Figure 4 correspond to the revenue-weighted OLS

regression in which the variable presented on the vertical axis is projected on a constant

and the variable on the horizontal axis. The regression weights (and the size of the

markers in the Figure) correspond to industry revenue shares. In Panel a) of Figure 4,

the regression coefficient between our estimates of β̂age
i,a and β̂age

i,R&D is 0.66 with standard

error of 0.11 (i.e., p-value of 0.1%) and R2 of 0.56. In Panel b) of Figure 4, the relevant

10Capital IQ provides the year the firm was established and also the year it was incorporated. If the
former is missing, we use the latter if available. The Loughran-Ritter database provides founding date
we use if the Capital IQ information is missing for the particular firm.

11Note that the cross-industry regression (29) estimates 26 industry-specific β̂i,a coefficients in addition
to 5 coefficients on controls and 23 year fixed effects.
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Table A2: Customer base drivers of firm-level growth

Dependent variable: ∆ ln employmentj,t (I) (II) (III)

∆ lnµj,t−1 0.01 0.01 0.01
(0.01) (0.01) (0.01)

∆ lnnaj,t−1 0.03∗∗∗ 0.03∗∗∗ 0.03∗∗∗

(0.01) (0.01) (0.01)

Controls:
Industry-year fixed effects ✓ ✓ ✓
Xj,t ✓ ✓ ✓
Firm size (employment) ✓ ✓
Firm age ✓

R2 0.14 0.14 0.14
Observations 13, 875 13, 875 9, 914

Note: The table shows estimates of regression (29) using Compustat firms reporting R&D expenditures
between the years 1979 and 2019. As the outcome variable, we use employment growth rather than
revenue growth. Markups, µ are estimated using the methodology in De Loecker et al. (2020) and selling
and marketing expenditures are measured with the eponymous variable in Capital IQ. Firm size is given
by log(employment) and age is measured as years since IPO. Standard errors (in brackets) are clustered
at the 3-digit industry-year level.

regression coefficient between the median R&D to sales ratio in the industry and our

estimates β̂i,a is 0.29 with standard errorr of 0.12 (i.e., p-value of 5%) and R2 of 0.18.

D.3 Robustness: Parameterization

A key component of our quantification is disciplining the relative importance of advertising-

and sales-based customer accumulation, γ, and the cost elasticity of advertising expen-

ditures, ψa. As explained in Propositions 5 and 6, we discipline these parameters by

targeting the impact of markup and advertising growth have on firm-level growth (29).

Our preferred specification in the main text uses firm-level revenue growth. In this

appendix, we present results based on firm-level employment growth as the dependent

variable. According to our theory, Propositions 5 and 6 continue to apply because the

customer base enters both employment (nc = bp−ηC/q) and sales (pc = bp1−ηC) in the

same log-linear way.

Table A2 shows that using employment growth instead of revenue growth as we do

in the main text delivers qualitatively similar results. The sales and marketing expenses

remain the dominant force driving firm growth. Quantitatively, the effects are lower to

the extent that markups loose statistical significance. The results suggests that sales-

based calibration provides an upper bound on the importance of markups for customer

acquistion.

69



Figure A3: Customer accumulation frictions: sensitivity to sample selection

a) at least 10 observations a) at least 80 firm-year observations
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Note: Figure presents the correlation between β̂i,a estimated in sector-specific regressions (29) and
industry-level aggregate R&D intensity XRD

sales . Each Panel corresponds to a different restriction on the
minimum number of firm-year observation with a positive R&D in an industry to use this industry in the
regression. In the baseline sample underlying Panel b) in Figure 4, the cutoff is 40 firm-year observations.

D.4 Robustness: Empirical Support for Model Predictions

In this appendix, we show robustness of our empirical results pertaining to the model

mechanism. In particular, we consider three different alternatives: (i) different sample

selection, (ii) using unweighted regressions and (iii) using employment growth instead of

sales growth.

Robustness: Sample selection. In our baseline specification of cross-industry re-

gression (29), we restrict attention to industries with at least 40 firm-year observations

in regression (29). In this Appendix, we report results for two additional cutoffs: 10

observation and 80 observations. Figure A3 shows that the results are robust to these

choices.

Robustness: unweighted regressions. In this appendix, we show that our validation

results in Section 5 are robust to reporting unweighted regression results. Figure A4 shows

the results. In Panel a), the regression coefficient rises to 0.67 with standard error of 0.08

and R2 = 0.70. In panel b), the coefficient remains the same, 0.19 with std. error of 0.11

and R2 = 0.06. This suggests that the relationship between customer accumulation and

R&D predicted by the model is a robust feature of the Compustat data.
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Figure A4: S&M and R&D, Unweighted Regressions

a) Customers and R&D b) Customer accumulation frictions and R&D
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Note: Panel a) presents the correlation between β̂age
i,a and β̂age

i,R&D estimated in sector-specific regressions

(39). Panel b) presents the correlation between β̂i,a estimated in sector-specific regressions (29) and

industry-level aggregate R&D intensity XRD
sales . The inverse of the estimated coefficient β̂i,a is proportional

to the severity of customer accumulation frictions. In both figures, the red solid lines correspond to a
fit of a sales-weighted linear regression model. Subscript i corresponds to a 3-digit NAICS industry. We
restrict attention only to industries with at least 40 firm-year observations.
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