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Abstract

Intangible assets (e.g. intellectual property) have unique characteristics compared
to physical capital; they are scalable and exhibit spillover effects. This paper develops
a structural model to empirically test these features of intangible assets. I introduce
intangible capital into the production function as an additional factor input and ex-
ternal knowledge as a productivity shifter. I estimate production functions at the firm
level including labor-augmenting, and Hicks-neutral productivity without imposing
any parametric functional form. My empirical results indicate a positive and signif-
icant impact of intangible capital on a firm’s production. This return to intangibles
increases with firm size in all sectors, suggesting that intangible capital exhibits scala-
bility. Moreover, knowledge spillovers increase firm productivity, and the extent of this
increase varies depending on firm size, and sector. Large firms and firms in the health
sector tend to benefit more from their rival’s knowledge stock. Additionally, I reveal
that markups rise with a firm’s intangible intensity, suggesting a potential explanation

for the recent rise in market concentration.
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1 Introduction

Intangible capital has become an important part of firms’ capital stock over the last few
decades (Corrado et al. (2005), Hulten and Hao (2008)). Intangible assets encompass a
diverse range of components, including, but not limited to, patents, software, databases,
product design, firm-specific human capital, organizational structure of the company, and
distribution systems. It is named ’capital’ because firms invest in them to produce more
output today and in the future. They are 'intangible’ due to their lack of physical presence,

a characteristic shared by all the examples above.

What sets intangible capital apart from physical capital is its non-rivalry in use feature
due to its lack of physical presence. Intangible capital can be interpreted as pieces of infor-
mation, and firms require a storage medium to use them in their production (Crouzet et al.
(2022)). The medium can be in the form of capital (a computer to use software), a docu-
ment (for a patent or a design), or a person (for an innovation). This unique feature allows
firms to use the same intangible capital in multiple production processes simultaneously.
To illustrate this, consider a company where the product’s design is transmitted to various
machines for production. These machines simultaneously execute the commands received
through software. The software, representing intangible capital, is employed in different pro-
duction processes at the same time. In contrast, each machine, a form of physical capital,
can only participate in the production process one at a time. This non-rival characteristic
of intangible assets not only sets them apart but also empowers firms with scalability and

enables economies of scale.

While intangible assets are utilized simultaneously across different production processes
within a firm, this doesn’t prevent other firms from imitating the same intangible capital in
their own businesses by copying algorithm or acquiring information, for example. This gives
rise to a second characteristic of intangibles, known as limited ezcludability (Crouzet et al.
(2022)). Patents and copyrights provide a property right for firms to protect their ideas
and creations. However, it’s important to recognize that even with a patent in place, the
benefits of these intangibles can often extend beyond the patent holder. Other firms can still

benefit indirectly from the patented idea in various ways. They may explore the patented



technology for insights, develop their own innovations, or build complementary products or

services. The limited excludability feature, therefore, generates a spillover effect across firms.

Intangible capital consists mainly of two parts: knowledge capital and organizational
capital (Peters and Taylor (2017a)). The knowledge capital is the intangible value of a
company, comprising its knowledge, learned techniques, procedures, and innovations. Firms
invest in research and development (R&D) to expand their knowledge stock, aiming to

generate product or process innovation.

The organizational capital, on the other hand, comprises the intangible assets within a
company, including its management practices, workforce expertise, culture, internal systems,
and external relationships. These elements collectively contribute to the organization’s op-
erational and managerial efficiency. Some examples of organizational capital include IBM’s
extensive system of selling or licensing know-how, Zara’s process of transmitting real time
customers’ choices to its suppliers worldwide, and Amazon’s highly efficient distribution sys-
tems. A common thread among these business processes and practices is that they are not
easily mimicked by competitors (Lev et al. (2016)). The organizational capital cannot be
completely codified and hence transferred to other organizations or imitated by them. (Lev

and Radhakrishnan (2003)). It represents a factor of production that is unique to the firm.

The distinction between knowledge and organizational capital plays a crucial role in
understanding the limited-excludability feature of intangible assets. Since organizational
capital is inherently firm-specific and challenging to transfer, it lacks the limited-excludability
feature of intangibles. In contrast, knowledge capital, which can be acquired or imitated
by other firms, becomes the primary factor through which limited excludability can be
realized (Bloom et al. (2013)). Therefore, the spillovers among firms will predominantly

occur through the knowledge capital, not the organizational capital.

In this paper, I develop a model to estimate the impact of intangible capital on a firm’s
output production, taking into account its scalability, and knowledge spillover effects. Rec-
ognizing that intangibles possess distinct attributes compared to physical capital, I introduce
them as an additional factor input in production, rather than defining capital as the sum

of intangible and physical assets. This approach allows me to estimate output elasticity of



intangible capital and examine whether this effect varies with firm size, thus providing an

assessment of the scalability of intangibles.

The change in a firm’s intangible capital corresponds to a movement along the production
curve, similar to the other factor inputs. However, the knowledge spillover from other firms
shifts the entire production curve because they are external shocks to the firm’s optimal pro-
duction decisions. I, therefore, introduce knowledge spillover into the production function
as a variable that shifts the firm’s productivity. The shift in productivity through knowl-
edge spillovers can exhibit bias toward some factor inputs. The labor productivity tends
to be more affected by the influence of knowledge spillovers than the other factor inputs.
Doraszelski and Jaumandreu (2018) provide evidence that technological improvements are
biased toward the labor productivity. To address these dynamics, I make a clear distinc-
tion between two types of productivity: Hicks-neutral and labor-augmenting productivity.
My model accommodates these productivity biases, recognizing that knowledge spillovers
may exert a more substantial influence on the labor productivity relative to the other factor
inputs.

I estimate nonparametric production functions that incorporate labor-augmenting and
Hicks-neutral productivity following Demirer (2020) methodology. Rather than relying on
strict parametric assumptions for the production function, I impose a functional form as-
sumption that encompasses the typical parametric models. This allows me to estimate the
intangible elasticity of output for each individual firm, enabling me to test the scalability of
intangibles. I offer two novel contributions on top of Demirer (2020). Firstly, I introduce
intangible capital as an additional factor input within the production function. Second, I ac-
count for the impact of other firms’ knowledge capital on a firm’s productivity. Importantly,
this implies that productivity is not solely determined by an exogenous Markov process but

is also influenced by external knowledge capital.

My estimation results indicate that intangible capital significantly increases the firm’s
output, with the effect becoming more pronounced as the firm’s size increases. This re-
flects the scalability of intangibles. I also conduct an estimation of the effect of knowledge

spillover on firm productivity and find that firms are positively and significantly affected by



the knowledge capital stock of other firms. This influence depends on both firm size and
the intangible intensity of the firms. Larger firms tend to benefit more from the existing
knowledge stock of other firms, and similarly, the firms in the intangible-intensive sectors

are also able to derive greater benefits from the existing knowledge stock in the economy.

These findings suggest that large firms benefit more from intangible capital, leveraging
its scalability and knowledge spillover features. When large firms invest in intangible assets
at levels comparable to their rivals, they not only produce more output but also outpace
others in production. Given the growing prominence of intangible assets in production over
recent decades, this trend may contribute to an uptick in market concentration. Large
firms, by virtue of their investments in intangible assets, outpace others within their sectors,
amplifying market concentration. A tangible indicator of this heightened concentration is
the observed increase in markup rates. Notably, I illustrate not only a general rise in markup
rates in the US but also a correlation wherein firms with greater investments in intangible

capital tend to charge higher markups.

1.1 Related Literature

This paper contributes to the markup estimation literature using production function esti-
mation (Hall (1988), Loecker and Warzynski (2012), De Loecker et al. (2020), Raval (2022)).
This literature defines the markup as a ratio of flexible input elasticity to the flexible input
share in revenue using a cost-minimization problem. Since the introduction of intangible
capital into the production function affects output elasticities, it also affects the markup
rates that firms charge. I demonstrate that firms with higher intangible intensity tend to
charge higher markup rates, which aligns with the central role of intangible assets. In-
tangibles like organizational or knowledge capital significantly reduce firms’ marginal costs
(De Ridder (2019)). Consequently, firms can charge higher markups as the markup is price
over marginal cost. The recent surge in markup rates appears to be primarily driven by
intangible-intensive firms and sectors, such as high-tech and healthcare. Furthermore, I es-
timate the weighted average of markups and find lower aggregate markups compared to the

literature.



I contribute to the firm level intangible capital literature (Haskel and Westlake (2018),
Lev and Radhakrishnan (2005), Corrado et al. (2009), Crouzet et al. (2022)). While existing
literature assumes that intangible capital is scalable and exerts spillover effects on other firms,
these assumptions haven’t been rigorously tested using empirical data. I complement this
literature by providing an estimation method and by empirically estimating these features

using firm-level data.

This paper contributes to the knowledge spillover literature (Bernstein and Nadiri (1988),
Bloom et al. (2013), Henderson et al. (2005)). The conventional approach has been to
create an external knowledge stock metric and integrate it as an additional factor input
into the production function. Alternatively, they have utilized patent data to estimate its
impact on firm productivity. I contribute to the literature introducing the external knowledge
capital into the production function as a productivity shifter, inspired by endogenous growth

literature Romer (1990), rather than another factor input.

This paper is organized as follow: Section 2 outlines the model and assumptions required
to estimate the model. Section 3 explains how I identify output elasticities, markup and
the effect of knowledge spillover on the firm’s productivity. Section 4 introduces the data
and estimation strategy. Section 5 presents the results of production function estimation.

Section 6 discusses the different robustness checks. Section 7 concludes.

2 Model

This section presents the production function employed by firms. I follow Demirer (2020)
for the model and estimation setup. I extend his paper adding intangible capital into the

production function and controlling for knowledge spillovers across firms.

2.1 Production Function

Firm ¢ produces output at year ¢ with the following production function

Yii = Ft(Kita Kiifta WiLtLita Mit)exp(wf)exp(eit) (2-1)



where Yj; is firm’s output, K;; is physical capital , K is intangible capital, M;; is material,
Ly is labor, and wk € R is labor-augmenting productivity. wkL; can be interpreted as
effective labor. Labor productivity is not the only productivity in the production process.
wil € R is Hicks-neutral productivity, increasing firm output for any given set of factor

inputs. €; € R represents an exogenous random shock to the production.

The model encompasses two types of production inputs: predetermined and flexible
inputs. Physical and intangible capital are classified as predetermined variables. Firms
decide their levels prior to the beginning of the year. This decision affects future production.
In contrast, material and labor are assumed flexible inputs. Firms take their flexible input
decision each year in order to minimize their production cost given their information set,
denoted by Z;;. The information set includes labor augmenting productivity, Hicks-neutral
productivity, past physical and intangible capital, and past information sets. I assume that
the information set is orthogonal to the random shock, i.e. Ele; | Z;;] = 0. Therefore, the
random shock represents a measurement error different from the productivity shocks and is

not observed by the firm.

The input prices are determined in a perfectly competitive market, yielding a constant
input prices across firms given a year. However, I allow for imperfect competition in the
output market, leading to a market power. The firms in the output markets are able to

charge markups over their marginal costs.

A distinctive feature of the model is to incorporate intangible capital into the produc-
tion function. The inclusion of intangible capital as another factor input is crucial, as it
allows for a representation of the economies’ dependence on knowledge, innovation, and
non-physical assets. Intangible capital, encompassing elements such as intellectual property
and organizational knowledge, plays an important role in the production function by cap-
turing the increasingly significant contributions of non-physical assets to the firm’s output
(Corrado et al. (2005)). This role of intangible assets becomes even more pronounced with

technological advancements, particularly in recent decades.

The exposure to intangible capital reveals sectoral differences and possesses a time-

varying effect on the firm’s production (Crouzet and Eberly (2019)). These variations over



time and across industries are not unique to intangible capital; instead, other factor inputs
also exhibit similar patterns. As an example, Autor et al. (2020) highlights a decrease in the
labor share within production. I, therefore, allow for production functions to be industry-
specific and time-varying meaning that firms within a sector share a common production
function, which, however, evolves dynamically over time. Industry and time are not the only
sources of heterogeneity in production, a substantial cross-firm heterogeneity also exists. For
instance, large firms tend to be more capital-intense whereas small firms exhibit a greater
labor intensity (Holmes and Schmitz (2010)). Non-parametric production function enables

me to control for the cross-firm heterogeneity by incorporating factor inputs.

Technological change, with its inherent potential to uniformly enhance the productivity of
all factors of production, can also introduce biases favoring specific factor inputs. To navigate
this multi-dimensional productivity, I choose to introduce labor-augmenting productivity
into the production function along with Hicks-neutral productivity. My empirical strategy
accommodates only one flexible factor input productivity. This decision is in line with the
seminal paper of Doraszelski and Jaumandreu (2018), which reveals that technological change
is biased toward labor-augmenting productivity. Second, the decision is supported by the
empirical findings that, labor costs exhibit the most variation among factor inputs across
firms, implying a substantial unobserved heterogeneity within labor input. Third, an integral
part of intangible capital is knowledge capital, characterized by its limited excludability.
This characteristic allows workers across different companies to benefit from the research
conducted by their counterparts. As a result, the spillover effect of intangible assets aligns

most closely with labor productivity.

2.2 Assumptions

This section discusses assumptions of the model to estimate the production function of the
firms. The primary and foundational assumption is the homothetic separability assumption.
This permits to define the labor productivity as a function of observed variables. Addition-
ally, I follow the standard assumption of the industrial organization literature and follow

Levinsohn and Petrin (2003) methodology (LP) to derive the Hicks-neutral productivity as



a function of factors of production. Lastly, I explicitly define the productivity processes and
formulate the spillover effect of intangible assets.
Assumption 2.1: Weak Homothetic Separability

I assume that the production function has a functional form of:
Y = F(Ky, Kiifta hy (WiLtLit: Mit>>€xp(wg)exp<€it) (2.2)

where h, (wiLtLit, M) is a homogeneous function. This assumption states that the production
function is separable into two parts. The physical and intangible capital part is separable
from a homogeneous function of material and effective labor. This might look restrictive
but many of the production functions used in the literature satisfy this assumption. For

instance, the Cobb-Douglas production function has
Yie = K§(Ki")? (witLi) Myexp(wif Jexp(ei)

h(.,.) function, in this case, is (wkLy)"MY and it is homogeneous and separable from
Kg(K{r)5. 1t’s important to note that the Cobb-Douglas has limitations, including a con-
stant output elasticity of factor inputs across firms and fixed elasticity of substitution at

one.

Another commonly used functional form is the Constant Elasticity of Substitution (CES)

production function:
Yie = (BG4 Br(K) + BilwhLa)” + (1= B — B — BOME)" exp(wlleap(en)

For CES, h(.,.) = Bi(whLy) + (1 — Bx — 1 — Bi)MF is homogeneous and separable from
LK + Br(Ki")7. The CES generates a constant elasticity of substitution o. While the
CES offers greater flexibility compared to the Cobb-Douglas, it still maintains a constant
elasticity of substitution and does not yield a heterogeneous output elasticity of factor inputs

across firms.

Recognizing the limitations of CES and Cobb-Douglas production function, the acknowl-
edgment of homothetic separability assumption introduces a more general and flexible func-
tional form. This assumption establishes a more extensive basis for modeling heterogeneous

production functions.



Assumption 2.2: Firms minimize their costs

Firms decide their optimal material and labor demands minimizing their costs. As phys-
ical and intangible capital are predetermined variables they are not included in the cost
minimization problem. This transforms the problem into a static one. Another advantage
of the cost minimization is that it facilitates to determine the markup levels of firms. As
demonstrated by Loecker and Warzynski (2012), markups are derived from the first-order

conditions (FOC) of the cost minimization problem.

The firms minimize their cost given input prices and output demand
. L M ) int L H v
o {pt Lis +p;" My » Fy(Kip, Kif", hy(wyg Lig, Miy) Jexp(wyy Jexp(ei) > Y;t}
ity 4Vt
where pl is the wage rate of the workers at time ¢ and p} is the price of material at time t.
As input market is perfectly competitive, the flexible input prices are constant across firms

but varying over time. Y is the output demand from firm ¢ at time ¢.

Applying Shepherd’s lemma and homotheticity assumption, the cost minimization prob-

lem induces
. M;
M = 7 = 1¢(wf) (2.3)
it

where r;(.) is an unknown function. The proof is in the appendix. The equation posits

that the optimal material-to-labor ratio, Mj, is solely determined by labor-augmenting pro-
ductivity. It is entirely independent of Hicks-neutral productivity. If the r(.) function is
invertible, labor-augmenting productivity, wk, can be expressed as a function of flexible in-
put ratio, M. To achieve this inversion of (), I require strict monotonicity of the flexible
input ratio in labor-augmenting productivity. I now introduce the third assumption needed
to define the labor productivity as a function of flexible inputs.

Assumption 2.3: Elasticity of substitution between effective labor and material
is less than 1 or greater than 1.

The elasticity of M;; with respect to wk is equal to —oy(wk Ly, M) + 1, where oy (wk Liy, My)
is the elasticity of substitution between effective labor and material. The proof is in the
appendix. When o, (w5 Ly, My) > 1 or oy(wkLis, My) < 1, My is always increasing or

decreasing function of wk, implying that M, is strictly monotone in wk. Thanks to this



assumption, I can express wk as a function of M , represented by

w{; = r;l(]\;[it) (2.4)

Unobserved labor productivity can now be characterized as an unknown function of the
material-to-input ratio. Another unobserved variable in the production function is the Hicks-
neutral productivity. In order to characterize it as a function of factor inputs I introduce
the following monotonicity assumption.

Assumption 2.4: Material demand is monotone in Hicks-neutral productivity

I assume following Levinsohn and Petrin (2003) that
My = s4(Kit, Kfl‘t,wiﬁ,wg) (2.5)

where s;(.) is a strictly increasing function in wf/. This states that a firm’s material de-
mand increases with its productivity. In other words, more productive firms demand higher
materials. This framework introduces two notable innovations, extending the framework
of Levinsohn and Petrin (2003). Firstly, I incorporate the labor-augmenting productivity
akin to Demirer (2020), thereby accounting for the influence of labor productivity on the
marginal product of materials. Second, I introduce intangible capital in conjunction with

physical capital as it augments the state-space.

Since material is strictly increasing in Hicks-neutral productivity, I can invert productivity
as follows:

H -1 int L
Wit = S¢ (Kit;Kit awitaMit)

The Hicks-neutral productivity is expressed as a function of factor inputs, excluding wk.
From equation 2.4, the labor augmenting productivity is only a function of material to input

ratio. Substituting this, the equation becomes
wif = s, (Ko, Ky (M), My) = 5,(Kiy, KT, My, Miy) (2.6)

where 5;(.) is an unknown function. w becomes a function of factor inputs, only determined
by physical capital, intangible capital, material-to-labor ratio and materials. As a result, it is
observable by the econometrician. The next two assumptions are used in my estimation part.

I will begin by explaining the model’s timing assumption and then introduce productivity

10



shocks.
Assumption 2.5: Physical and intangible capital are predetermined variables
The levels of physical and intangible capital are determined in the preceding year through

the following equations:

Ky = 'flt(Kz‘t—la ]it—l)

nt __ nt int
K" = ko (G, 1)

where I;; represents the physical investment and i intangible investment of firm i within
year t. k14(.) and Ko (.) are unknown functions. This allows for adjustment costs and fixed
costs of investment. This timing assumption implies that firms start to fully realize the
benefits of physical and intangible investments within a year in their production processes.
This has a time-to-build investment model perspective (Kydland and Prescott (1982)).
Assumption 2.6: Productivity shocks have a first-order Markov process
The productivity shocks follow a first-order Markov process:

P(wl,wlf | Tim1) = Pl wff [whwil Y Ry

JEIL,jF#i

where Rj; is the knowledge capital stock of company j at time ¢. The joint probability of
productivity has a first-order Markov process.This framework accounts for the knowledge
spillover among firms, where the productivity of company ¢ can be influenced by the knowl-
edge capital stock of other companies. Thus, the Markov process is contingent not only on
the firm’s own history but also on the cumulative knowledge capital stocks of other firms.
Intuitively, when a company develops a new technology other firms can benefit from this
knowledge (Bloom et al. (2013)). This increases the other firms’ probability of having higher
productivity that operates in similar industries. (Bernstein and Nadiri (1988)) This is driven
by the inherent nature of knowledge capital which has limited excludability. Firms can only

partially exclude others from utilizing their knowledge.

I assume productivity shocks have a continuous function. Using the Skorohod represen-

tation of random variables, the labor productivity process can be defined as

1 L
_91 zt 1 zt’ E: Rji1,u )s uit|wit—1a Wit E Rj 1 ~ Uniform(0, 1)

JeLj#i jel,j#i
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u}, can be seen as an innovation term for productivity. Compared to the standard productiv-

ity assumption, this shock is not separable from past productivity and spillover effect. It has
a uniform distribution conditioning on past productivity and spillover effects. This allows
me to define the control variables in the empirical part. Alternatively, u}, can be interpreted
as a firm’s productivity rank after controlling for its past productivity, and spillover effect

through knowledge capital.

Similarly, I can define Hicks-neutral productivity as

H L H 1.2 2 L H 1 .
Wiz = 92(Wit_1, W1, E Rjt—17uit7uit>7 Uy | wif_q, Wit E Rji—1,uy ~ Uniform(0, 1)

JELj#i jel,j#i
u?, shares similar characteristics with u},. By the Skorohod representation, u? is uniformly
distributed conditioning on the past productivity, spillover effects, and innovation term of
labor-augmenting productivity. u? represents the Hicks-neutral productivity rank of a firm

after accounting for the past productivity and spillover effects.

3 Estimation Strategy: A Control Variable Approach

I use the control variable approach by Imbens and Newey (2009) to estimate the production
function of the firms. This method constructs control variables to solve for endogeneity
problem of the structural models. The key advantage of this method is its ability to identify
and estimate models featuring non-separable, multidimensional disturbances. This is the
case in my model as I have two unobserved, non-separable productivity disturbances. The
standard proxy variable approaches pioneered by Olley and Pakes (1996) accommodate only

a single, separable disturbance, rendering them inapplicable in my model.

A control variable is characterized by the conditional distribution function of the endoge-
nous variable conditioning on the instruments. The control variables have two key charac-
teristics: they are strictly monotone in the endogenous variable and independent from the
instruments. I will now describe my control variables for labor-augmenting and Hicks-neutral

productivity using the assumptions of the model.

12



I showed that M;, = r, (wk) in the previous section. Substituting the productivity process

My = Tt(WiLt):Tt<91 Wit—1, W Z Rji—1,u >

JGI:ﬁél

= Tt(Ql(ft(Mit—1)7gt(Kz‘t—bKiT_tpMit—l, it—1) Z Rj_1,u ))

JGI»J#l
~ 1
= T (Wit—la E Rjt—la U#)

JELj#i
where 7(.) is an unknown function, and Wy = (Kj_1, Kft”_tl,Mit_l, M;;_1). Notice that
M, is strictly monotone in u), because i) w’ is strictly monotone in u)}, by elasticity of
substitution assumption and ii) M, is strictly monotone in wk by the construction of gi4(.)
function. Furthermore, from equation 2.7 and timing assumption, u}, is independent of
Wi—1 and ) el jti Rji—1. The proof is in the appendix. These are two conditions required

for control variables, i.e. 7¢(Wi_1,Y. Rji—1,u},) is strictly monotone in uj, and u}, is

JELj#i
independent of W;;_; and de Ik Rji_1. As uj}, has already a uniform distribution, the
control variable for labor productivity can be defined as

Uiy = Nt Wi 15y s Rt <Mz‘t | W1, D Rjt—l) (3.1)

JELj#i

where F; Vol Wae 1,51 525 Rt () is the cumulative distribution function of Mit conditional on
W1, Eja#i Rj;—1. That means that conditional on Wy, Zja#i Rjy (), material-to-
labor ratio in firm 4 is greater than firm j if and only if uj, > uj,. In other words, if two
firms have the same past input values, and exposed to a similar sum of knowledge capital
the firm has a higher higher material-to-labor ratio if only if it has a higher u},.

I can now express wk as a function of observable inputs

L H L 1
Wig = gl<wit—17wit—17 E Rjt—lauit>

JELj#i
= gl(ﬁf(Mit—l)agt(Kit—laKgl—tlvMit—la it—1) Z Rji1,u )
JELJ#Z
= Clt(Wit—b Z Rjt—h“i) (3.2)
JELj#i

where cy;(.) is an unknown function. Since I constructed wu},, the labor productivity can be

defined as a function of factor inputs and control variable.

13



One can, similarly, define the control variable for the Hicks-neutral productivity using

the monotonicity assumption,
int L H
My = si(Kie, K", wif, wiy )

_ wnt
= (KztaKzt 791 zt 1 zt’ E : R]t 1, U zt 1 1t7 E : Rjt 17u7,t’uzt)>

JELj#i JELj#i

Substituting equation 2.4 and 2.6 into wX and w! in the equation above, material demand

becomes

Mit = §t (Kita Kz?:“: I/I/Yit—la Z Rjt—b u}ta u?t)
JEL j#i
where §;() is an unknown function and Wj_; is the lag values of factor inputs as previ-
ously defined. u? is independent of K;; and K" due to the timing assumption of capitals.
Similarly, its independence from W;,_; is due to the inclusion of these variables within the
information set of time period ¢t — 1. Additionally, u? is also independent of u}, from pro-
ductivity assumption. These conditions collectively satisfy the independence condition for

the control variable. A more comprehensive proof is in the appendix.

Furthermore, M, is monotone in u? because wi! is monotone in u% by construction of

co4(.) function and M, is strictly increasing in w by the material demand assumption. Since
two conditions of control variables are satisfied and % is uniformly distributed, the control
variable for Hicks-neutral productivity can be defined as

ulzt = FMit|K2t:K7,t Wie_ 1’2]’61,]';&1' Rji_1 <M'Lt ‘ Kit7 Kiizlt, Wit—17 Z Rjt—l) (33)

jelj#i

where F(.) is the CDF of M;; conditional on K, K™ Wi 1, Zjel’j# Rj;_1. This implies
that among firms having the same physical and intangible capital, same past factor inputs,
and exposing to the similar aggregate knowledge capital, the one with higher u? exhibit

greater material demand.

Using this result, the Hicks-neutral productivity can be constructed as
Wzi] = Cy¢ (I/Vit—h Z Rjt—h u'}tﬂ uth) (3~4)
JELj#i
where co(.) is an unknown function. This implies that conditional on two control variables,
knowledge spillovers from other firms and past factor input variables, there is no variation

in the Hicks-neutral productivity.
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4 Identification

This section outlines how I identify output elasticity of factor inputs, markup charged by

the firms and the effect of knowledge spillovers on firm productivity.

The cost minimization problem, considering material and labor as flexible inputs, leads

to the following equation?
oM M
it — it (41)
i o

where 6/ and 0% are output elasticity of material and labor, respectively. a! and o denote

the material and labor share in revenue, respectively. This relationship indicates that the
ratio of output elasticity for the flexible inputs is equal to the revenue share of these inputs.

I will leverage this finding to isolate and identify the separate impact of elasticitities.

Before introducing the identification of output elasticities let’s initially define the loga-

rithm of output function as follow
Yit = Jo( K, K7 hy(wiiLig, M) + wlf + €

where fi() is the logarithm of Fi() function. Given that h:() function is homogeneous, I
make the assumption that it holds homogeneity of degree one. This allows me to factor
out Ly and define hy(wh Ly, M) = Lihy(wk, ]\;[it). Substituting the labor productivity from
equation 2.4, h;() becomes hy(wk Liy, My;) = Litht(rt(]V[it), ]\;[it) = Litﬁt(Mit) where h,(.) is an
unknown function. Note that both components of h;(.) function are dependent on M;,. This
makes infeasible to fully identify all features of the h;(.) function. However, it will become

apparent that h,(.) function will suffice to identify the output elasticities.

Using the h,() function I can rewrite the production function as:
yie = fi(Kie, K, Lishe (M) + wif + €

Building upon this framework, I will now present the first proposition that is necessary to

identify the individual output elasticities.
Proposition 4.1 The sum of labor and material elasticity is equal to

9% + eiLt = fis(Ku, K" Litﬁt(Mit))Lit}_lt(Mit)

it

! The proof is in the appendix
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where fi3(.) is the derivative of fi(.) with respect to the third argument.

The proof is in the appendix. The proposition demonstrates that derivative of f;(.) with
respect to its third argument is equivalent to the sum of flexible input elasticities. Impor-
tantly, I do not need to identify h;(.) function as the sum of elasticities do not depend on
the derivative of h;(). Instead, the identification of h,(.) is sufficient to determine the sum

of elasticities.

Substituting equation 4.1 into the sum of elasticities I can identify the labor and material

elasticity as

o ~
111; = Oéll;f +ta%ft3('>Litht(Mlt>
v o S X0v?
0 = 1 f()Luhu(VT) (4.2)

This implies that the sum of material and labor elasticity is distributed based on their
respective revenue shares. Since the input shares, represented by «;;, are directly observable
in the data, there is no need for additional estimation to determine them. Once the sum
of elasticities is identified, it becomes straightforward to deduce the individual labor and

material elasticities.

Following Loecker and Warzynski (2012) the first order condition of the cost minimization

problem yields the expression for markup as follow

o _ O3
Hit = Oz;{[ = a—é (4.3)

where p;; stands for the markup rate that firm ¢ charges in year . This equation indicates that
the markup rates can be derived using either the labor elasticity or the material elasticity.
When dividing the elasticity of flexible input by its revenue share, the resulting markup rates
should be identical. By using the elasticities from equation 4.2, I determine the markup rates

at the firm level.
I identify the output elasticity of physical and intangible capital through a similar strat-

egy.
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Proposition 4.2 The output elasticity of physical and intangible capital is

0" = fra(Ku, K", Litf_lt(Mit))Kfft

0F = fu(Ku, K, Litht<Mit))Ki (4.4)

where fi2(.) and fi(.) is the derivative of fi(.) with respect to the second and first argument,

respectively.

This proposition asserts that the output elasticity of physical and intangible capital can
be represented as the derivative of f;() function with respect to the corresponding type of

capital. Moreover, h(.) is sufficient for it. I do not need to characterize h,(.) function.

The following proposition shows how I identify the effect of knowledge spillover on the

firm productivity.

Proposition 4.3 The productivity elasticity of knowledge spillover is

1,2
gepillover _ ac?t(VVit*b Zje[,j;éi Riji—1, uyy, uit) Zjel,j;ﬁi Rji
it =
9 ZjeLj;éz‘ Rje cae(-)

The effect of knowledge spillover on firm productivity corresponds to the derivative of the

(4.5)

Hicks-neutral productivity function, generated from the control variables, with respect to

the sum of knowledge capital.

5 Data and Empirical Model

This section describes the data used for estimating the model and presents the estimation

strategy.

5.1 Data

I use the U.S. Compustat data to measure firm-level intangible capital and other variables
from financial statements, including sales, materials, number of employees, physical capital,
and industry classification. The Compustat sample covers all public firms in the US from

1975 to 2020. Following the sampling procedures in the literature, I exclude financial firms
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(SIC codes 4900 - 4999), utilities (SIC codes 6000 - 6999), and government (SIC code 9000
and above). I also exclude firms with missing or negative sales, capital, employment, or
SG&A expenditure, and very small firms with a number of employees less than 10. T trim

the variables at the 1% level.

I measure physical capital as the value of deflated property, plant, and equipment. Labor
is the number of employees and output is the deflated net sales. I calculate materials as
deflated cost of goods sold. All the variables is deflated using the BEA industry-specific
price deflators. I now describe how to construct the firm-level intangible capital.
Measurement of Intangible Capital. I construct the intangible capital at the firm level
as outlined in Ewens et al. (2019) (along with insights from other studies such as Lev and
Radhakrishnan (2005), Eisfeldt and Papanikolaou (2014)). Intangible capital consists of two

components: knowledge capital and organizational capital.

I measure knowledge capital based on Research and Development (R&D) expenses. These
R&D investments are recorded as flow variables in Compustat. I convert them into a stock

variable using the perpetual inventory method as follows
Rit = (1 — 6rep) Rir—1 + R&Dj (5.1)

where R;; is the knowledge capital of firm ¢ in year ¢, R&D;; is the firm i’s R&D investment
in year t, and dgre p is the industry-specific R&D depreciation rates based on the estimates

of Ewens et al. (2019). I initialize the value of R;y as zero.

I construct organizational capital using Selling, General, and Administrative Expenses
(SG&A). SG&A includes a variety of expenses related to various operating activities. This
approach requires to represent a portion of the total SG&A as organizational investment
(Lev and Radhakrishnan (2003)). To capitalize on the organizational investments, I similarly

adopt the perpetual inventory method, as follows
Oit = (1 = 0sa8.4)Oi—1 + 7SG& A, (5.2)

where O, is the organizational capital stock of firm ¢ in year ¢, SG& A is the selling general
and administrative spending of firm ¢ in year t, and ~ corresponds to the industry-specific
proportion of SG&A expenses that are allocated to organizational activities. I use industry-

specific estimates of dggg4 and 7 following Ewens et al. (2019). I set B;g as zero.
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Hence, the intangible capital stock at the firm level can be described as:
K} = Rit + Oy (5.3)

where K is the firm i’s intangible capital stock in year ¢. This equation highlights that

intangible capital is the sum of both knowledge and organizational capital.

5.2 Estimation Strategy

This section outlines the estimation procedure for the model. I estimate the production func-
tions for different industries over time, categorizing firms based on Fama-French 5 industry
classification since I use the parameters of intangible capital estimated for the Fama-French
5 industries by Ewens et al. (2019). Due to a small sample size in some sectors I use 7-year
rolling windows.

I defined the logarithm of production function in the identification section as follow
Yit = fo( K, Ki™, Lichy(My)) + wi + e

I substitute the Hicks-neutral productivity that I constructed using the control variables
(equation 3.4) into the production function
Yit = ft(Kit, Kfft, Litﬁt(Mit)) + CZt<VVit—la Z Rjt—huilt,u?t) + €t (5.4)
Jelj#1

where Ele; | Wi, Wir—1,> Rji—1] = 0 since I have control variables dealing with the

Jjel.j#i
endogeneity problem. I can estimate this estimation equation by minimizing the sum of
squared residuals. But, this is not the only moment condition I have. Using the predeter-
mined assumption of capital I can construct my other moment condition. The error terms in

my productivity assumption was non-separable. Following the The proxy variable approach

used mostly in the literature I can define the productivity as

Wz‘lf = C3t(wg—1’wiLt—17 Z Rji_1) +vg (5.5)
JELj#i
where ¢3(.) is an unknown function, and v is separable from cg(.) with Efvg|l;_1] = 0.

This is different from the productivity assumption in the previous section because the inno-

vation terms, u},, and u%, were non-separable and independent whereas v;; is separable and
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mean-independent. The separability assumption is mostly used in the production function

estimation.

Using the model’s results and assumptions I can write the Hicks-neutral productivity
as wi = ¢33 (Wi_1, Zje[ i Rji_1) + v for an unknown function of ¢s(.). The production

function can be written as

i = fo( K, K, Lz‘tl_lt(Mz’t)) + E3t(Wit—17 Z Rjt—l) + Uit + €t (5.6)

JElLj#i
where E|v; + €;|1;—1] = 0. Since physical and intangible capital is predetermined variables
I should have Efvy + €| K] = 0 and Evy + €| K] = 0. Combining with the moment

condition 5.4, I construct my objective function to minimize as follows

2 2
1 1 1 .
Tt (N > (et uitmt) + (N > e+ vit>Kzft> (5.7)

i i
In order to minimize the objective function I need to have the control variables, the functions
of fi(.),h(.), cai(.), and &3(.). First, I estimate u), and u2 control variables using the
equations 3.1 and 3.3. I use logistic regression to estimate them. It’s important to note
that the outcome variable is not discrete in both cases. I partition them into 500 grids
and I estimate the CDFs at those points with third-order polynomials using the logistic
regression. I then interpolate other points. Second, I first approximate h;() using third-
order polynomials. Given hy(), I approximate f;(), cz() and &() functions with second-
order polynomials. I, then, minimize the moment condition in equation 5.7. After having
the estimates of those functions, I calculate output elasticities, markup and the spillover
effects using the propositions outlined in the identification section. I perform 100 bootstraps
to estimate standard errors for the identified outcomes, treating firms as independent and

resampling them with replacement.

6 Results

I begin by presenting the output elasticity of factor inputs. These results indicate that

the intangible elasticity increases with firm size, suggesting scalability of intangible assets.
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Next, I analyze the impact of external knowledge on firm productivity. Finally, I examine

the markup rates.

6.1 Output Elasticities

Figure 1 illustrates the output elasticity of capital, intangible capital, material, and labor
at each firm-size decile. Firms are ranked by their sales within sector-year level, with 10
representing the largest firms and 1 denoting the smallest ones. I then take the average factor
elasticities within each decile across sector year. The figure reveals that as firm size increases,
intangible elasticity rises, while labor elasticity decreases. Material and capital elasticity, on
the other hand, shows relatively minor fluctuations. These findings are consistent with the
existing literature and emphasize the necessity of non-parametric estimation methods to

capture the heterogeneous cross-firm output elasticity.

Since intangible assets lack a physical presence, firms can efficiently replicate them in
their multiple production processes, yielding greater benefits. I use firm size as a proxy for
the production process of the firms. The figure shows that with the rise in firm size benefit
to intangibles also increases. Specifically, when small firms invest 1% in intangible assets
their output increases around 0.5%, whereas the largest firms reach levels of around 1.05%.
This shows that large firms benefit more from intangible assets, suggesting the scalability

feature of intangible assets.
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Figure 1: Output Elasticity of Capital, Labor, Material, and Intangibles by Firm Size
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Note: This figure shows output elasticities by firm decile. The average elasticity for each decile within an
industry year is estimated first, then these estimates are averaged across industry-year bins. The error bars
indicate 95% confidence intervals calculated using bootstrap (100 iterations)

The returns on intangible assets can indeed exhibit sector-specific disparities, and the
observed scalability trend may be contingent upon sectoral characteristics. For instance,
high-tech firms possess the ability to leverage their intangible assets across multiple facets
of production processes, given the inherently intangible nature of the sector. In contrast,
manufacturing firms may not share the same level of versatility in this regard. Consequently,
the documented escalation in intangible elasticity with firm size could be predominantly

attributed to the high-tech sector, with a less pronounced effect in manufacturing.

Figure 2 illustrates that, across all sectors, the return on intangibles tends to increase with
firm size, albeit to varying degrees. For instance, in the health sector, the largest firms exhibit
an elasticity of 1.5, indicative of substantial scalability in intangible capital utilization. In
contrast, in the manufacturing sector, this elasticity stands at 0.5, reflecting a relatively
more modest return on intangible assets. Nevertheless, it is noteworthy that even within the
manufacturing sector, there is still an observable enhancement in the returns on intangible
assets as firm size expands. The return for the smallest firms in manufacturing is around 0.3,

whereas the elasticity for the largest firms is around 0.5. Figure 2 also shows the elasticities
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in the consumer and high-tech sectors, in addition to the health and manufacturing sectors.
All these sectors clearly exhibit a similar pattern: a positive association between firm size
and the return on intangible assets, implying that larger firms, regardless of sector, tend to

capitalize more efficiently on intangible resources.

Figure 2: Output Elasticity of Intangible Capital by Firm Size and Sector
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Note: This figure shows output elasticities within a sector by firm decile. The average elasticity for each
decile within an industry-year is estimated first, then these estimates are averaged across years within a

sector. The error bars indicate 95% confidence intervals calculated using bootstrap (100 iterations)

The sector heterogeneity may not be the only factor behind the intangible returns. Dif-
ferent intangible assets might have different scalability levels. As I introduced in the data
section, intangible assets encompass both knowledge and organizational capital, each poten-
tially exhibiting distinct scalability characteristics. To differentiate the impacts of these com-
ponents, I incorporate knowledge and organizational capital separately into the production
function, rather than defining intangible capital as a sum of knowledge and organizational

capital. The modified production function takes the form of
Yie = F(Kiy, Ry, Oy, ht(W{ZLz‘t, Mit))exp(wg)exp(eit)

where R;; represents the knowledge capital and Oy is the organizational capital. Applying
a similar estimation procedure as outlined in the Estimation section, I compute the output

elasticity of both knowledge and organizational capital.
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Figure 3 reveals that the returns attributed to intangible capital are predominantly driven
by organizational capital, with knowledge capital demonstrating considerably lower elasticity.
The return on organizational capital varies between 0.5 and 1.6 across different firm sizes,
while knowledge capital maintains a relatively stable elasticity of approximately 0.07 across
firms. Furthermore, the elasticity of organizational capital exhibits an increasing relationship
with firm size, whereas knowledge capital maintains a consistent pattern across firm sizes.
These results suggest that the scalability feature of intangible capital is primarily propelled
by organizational capital instead of knowledge capital. It’s important to note that these
findings are specific to the short-term effects on output. The long-term dynamics may differ,
and knowledge capital could potentially yield higher returns over time as it accumulates
and contributes to a firm’s competitive advantage. These results shed light on the current
impact of knowledge and organizational capital on production, illustrating how much output

increases when a firm augments its knowledge or organizational capital by a given percentage.

Figure 3: Output Elasticity of Intangible Components
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Note: This figure shows output elasticities of knowledge and organizational capital by firm decile. The
average elasticity for each decile within an industry-year is estimated first, then these estimates are averaged
across the year within industry-year bins.

The substantial short-run return on organizational capital may indeed provide an expla-
nation for why firms tend to allocate a significant portion of their investments to organiza-
tional capital rather than knowledge capital. As depicted in Figure 4, the share of knowledge
capital constitutes only around 15% of the total intangible assets, while the share of orga-
nizational capital accounts for approximately 85%. This allocation remains consistent over

time, despite a slight uptick in the share of knowledge capital.
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Figure 4: Knowledge Capital Share in Intangible Capital
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Note: This figure shows knowledge capital share in total intangible capital. The share of knowledge capital

is averaged across firms within a year.

6.2 Knowledge Spillovers

This section presents the influence of knowledge spillovers on firm productivity, estimating
the firm-level productivity elasticity in response to external knowledge. The findings reveal
a consistently positive and statistically significant impact of external knowledge on firm
productivity, indicating that firms gain valuable insights and benefits from their industry

counterparts. Nonetheless, these benefits exhibit notable sectoral variations.

Figure 5 represents the impact of knowledge spillovers across different sectors. It is ev-
ident that firms across various sectors derive advantages from the knowledge stock of their
rivals. Notably, firms in the health sector experience the most substantial gains, while those
in manufacturing witness comparatively modest benefits. High-tech and consumer-oriented
firms also exhibit significant enhancements in their productivity stemming from their com-
petitors’ knowledge. However, it’s noteworthy that the manufacturing sector, while experi-
encing a slight positive effect, fails to achieve statistical significance at the 95% confidence

interval. Intriguingly, despite the health sector’s leading position in benefiting from knowl-
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Figure 5: Knowledge Spillover by Sector
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Note: This figure shows the knowledge spillover elasticity computed as a productivity elasticity of external
knowledge in the industry. The firm-level spillover elasticity is averaged across years within a sector. The

error bars indicate 95% confidence intervals calculated using bootstrap (100 iterations)

edge spillovers, it demonstrates a wider confidence interval compared to the high-tech and
consumer sectors. This variance can be attributed to the pronounced heterogeneity within
the health sector, where certain firms experience substantial gains from knowledge spillovers,

while others do not benefit to the same extent.

While sectoral heterogeneity plays a significant role in benefiting from knowledge spillovers,
it is not the sole source of heterogeneity, as evident from the high confidence intervals ob-
served in the health and manufacturing sectors. To provide a more comprehensive under-
standing of this phenomenon, I examine the impact of firm size on the productivity elasticity
of the external knowledge. Figure 6 offers a detailed perspective on the influence of knowl-
edge spillovers on firm productivity, categorizing firms based on their size. The figure unveils
a discernible pattern: larger firms tend to reap more substantial benefits from the existing
knowledge generated within their respective industries. In essence, there exists a positive

correlation between firm size and the impact of knowledge spillovers on firm productivity.
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Figure 6: Knowledge Spillover by Firm Size
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Note: This figure shows the productivity elasticity of external knowledge capital by firm decile. The average
elasticity for each decile within an industry-year is estimated first, then these estimates are averaged across
industry-year bins. The error bars indicate 95% confidence intervals calculated using bootstrap (100 itera-

tions)

The small firms appear to derive relatively lower and statistically insignificant benefits from
the knowledge generated by their industry rivals. This relationship highlights the crucial

role of firm size in determining the ability to effectively utilize external knowledge.

6.3 Markup

The scalability feature of intangible assets enables large firms to grow faster, which in turn
can lead to increased market concentration in industries. The best measure to assess market
concentration is the markup rates charged by firms. This section explores the markup rates

and their relationship to intangible assets.

Figure 7 illustrates the average markup charged by a public firm over time. The upward
trend in markup rates has persisted since the 1980s, despite occasional fluctuations. In the

early 1980s, the average markup stood at approximately 1.07, while in recent years, it has
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Figure 7: Average Markup
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Note: This figure shows the annual average markup rate. The estimated firm-level markups are averaged
across firms within a year. The error bars indicate 95% confidence intervals calculated using bootstrap (100

iterations)

climbed to around 1.25. This aligns with the existing literature that has also reported a
consistent rise in markups over the past few decades. My markup rates are closer to the
markups estimated in De Loecker et al. (2020) when they control for selling, general, and

administrative expenses in their production function.

Figure 8 displays the average markup rates across the Fama-French 5 industries. An
increasing trend is evident in all sectors, with the health and high-tech sectors emerging
as the primary drivers behind this markup rise. In the early 1980s, these sectors exhibited
similar rates with minor variations. However, over time, high-tech and particularly the
health sector diverged, with firms in these sectors charging significantly higher markups
compared to those in consumer and manufacturing industries. In recent years, markups
in the health sector have reached levels as high as 1.6. The high-tech markup levels were
adversely affected in the early 2000s due to the dot-com bubble, and there were low markups

around the 2008 crisis. However, in general, high-tech displayed a similar pattern to the
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Figure 8: Average Markup for Fama-French 5 Industries
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Note: This figure shows the annual average markup rates for different sectors. The estimated firm-level
markups are averaged across firms within a year for each sector. The error bars indicate 95% confidence

intervals calculated using bootstrap (100 iterations)

health sector. Notably, when considering these sectors, intangible capital emerges as the
primary component of their production. This observation suggests a potential link between

the firms’ intangible intensity and the markup levels they charge.

Figure 9 displays the average markup rates charged by firms based on their intangible
intensity. I rank firms by their intangible intensity within each sector and year. I calculate
the average markup rates for each decile within a sector and year, then average across
sectors and years within each decile. The figure reveals that low intangible intense firms
charge approximately 1.1, while the most intangible-intensive firms charge around 1.35. This
pattern holds across increasing levels of intangible intensity, indicating a positive relationship
between markup levels and the intangible intensity of firms. This result may be attributed
to the scalability feature of intangibles. As intangible assets enable large firms to grow more
rapidly, increased investments in intangible assets may grant them market power within their

sector, allowing them to charge higher markups.
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Figure 9: Average Markup by Intangible Intensity
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elasticity for each decile within an industry-year is estimated first, then these estimates are averaged across

industry-year bins.
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To comprehensively account for the various factors that influence markup rates, I conduct
a regression analysis that incorporates several key firm control variables. These include
the firm’s market share within its industry, age, profit level, leverage, and company size,
alongside firm, year, and sector-time fixed effects. By integrating these control variables
into the analysis, I aim to gain a deeper understanding of the relationship between markup
rates and intangible intensity, recognizing that intangible intensity alone may not be the sole

determinant of markup rates.

Table 1 reveals a significantly positive association between intangible intensity and markup
rates, even after controlling for various firm-level control variables. The first column of the
table includes control variables but no fixed effects. In this specification, a 1% increase in
intangible intensity corresponds to an 8.2% increase in markup rates. However, when firm
fixed effects are introduced in the second column, this elasticity decreases to 3.6%. With
the inclusion of both firm and time fixed effects in the third column, the elasticity becomes
3.47%. Finally, in the fourth column, which incorporates firm and sector-year fixed effects,
the elasticity stands at 3%. These results indicate that firms with higher intangible intensity
tend to exhibit higher markup rates. This suggests that the recent surge in intangible capital
can potentially be a contributing factor to the recent increase in market concentration, as

firms have progressively increased their intangible intensity over the last decades.

31



Table 1: Relationship between Markup and Intangible Intensity

Markup Markup Markup Markup

Intangible Intensity 0.0823** .0369*** .0347** .0305"**
(0.001) (.002) (.002)  (0.001)

Controls yes yes yes yes
Firm FE no yes yes yes
Year FE no no yes no
Sector-year FE no no no yes
Adjusted R2 0.247 0.815 0.826 0.842

Standard errors in parentheses

* p < 0.05, ** p < 0.01, *** p < 0.001

7 Robustness Check

7.1 Controlling for the Product Demand

One concern about the Compustat data is that the input and output variables are measured
in revenue. In other words, the output in our regression becomes P() where P is the product
price and @ is the quantity produced. Similarly, intangible capital is K" = PintQint
Ky = PFQY and M;; = P"Q% where Pi™, PF, P™ are the price of intangible capital,
capital and material, respectively. Note that as the input market is assumed to be perfectly
competitive, the input price will be constant across the firms. By deflating the factor inputs,
I control input prices, ensuring that the quantity of factor inputs is measured. However, since
the output market is imperfectly competitive, even if I deflate the sales, the output price
variation will not be captured. Thus, after deflating the variables the estimation becomes

Rit _ PitQit
B By

= F(QL, Q%" hy(wfiLir), Qi exp(w] exp(eir) (7.1)

where R;; the revenue of the firm ¢ in year .

I follow Klette and Griliches (1996) to control for the price variation among the firms.
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Under the CES demand aggregator, the demand for each product is

Pi

Qit = (E) - Qtexp(egt) (7.2)

where o is the elasticity of substitution among the products, (); is the aggregate demand
in the sector, and € is an idiosyncratic demand shock. Rearranging the equation 7.2 the

deflated output price becomes

Py _ (Qu\"" .
T (%) et (7:3)
Substituting the equation 7.3 into the equation 7.1, the logarithm of the equation 7.1 becomes
1 k int L m 1 H 1 1 d 1
ri = (1= ) fil @i Qit" hulwigLae), Q) + (1 = —Jwip + —aq + —eiy + (1= —Jeu (T-4)

where r;; is the logarithm of the deflated revenue, q; is the logarithm of @);; and ¢; is the
logarithm of ();. This equation states that when revenue is used for the production function
estimation, the coefficient estimates become biased as we multiply the production function
by 1 — % and we have additional control variable which is the total industry demand. In
order to isolate the interaction between demand and production coefficients, I estimate the
equation 7.4 as follows. I proceed similar estimation strategy as described in the estimation
strategy section. I, additionally, include the size of sector ¢; as an additional control variable.

I first obtain the estimate for o from this regression and then correct the elasticities by 1 — %
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Table 2: Relationship between Markup and Intangible Intensity

Markup Markup Markup Markup
Intangible Intensity 0.108***  .092***  .069***  .067***
(0.001)  (.008) (.002)  (0.001)

Controls yes yes yes yes
Firm FE no yes yes yes
Year FE no no yes no
Sector-year FE no no no yes
Adjusted R2 0.205 0.815 0.846 0.872

Standard errors in parentheses

* p < 0.05, ** p < 0.01, *** p < 0.001

Table 2 demonstrates the robustness of my results after accounting for price variations across
firms. In the first column, controlling for firm characteristics reveals that firms investing more
in intangible assets charge a 10% higher markup. The second column introduces firm fixed
effects, while the third column includes both firm and time fixed effects. The last column
incorporates firm and sector-year fixed effects. Across all specifications, the consistent trend
emerges: as a firm’s intangible intensity increases, the markup it charges also rises. This
finding holds true even when accounting for various fixed effects, highlighting the robust
relationship between intangible investments and markup rates. Thus, my results are robust

even after controlling for the price variation modeling the demand side.

8 Conclusion

This study estimates returns to intangible capital heterogeneity using nonparametric pro-
duction functions. I find that large firms tend to have higher returns from intangible assets
compared to their smaller counterparts, indicative of a scalability feature associated with
intangibles. Furthermore, while sectoral differences exist in the benefits of intangible assets,
the pattern of increasing returns with firm size is consistent across all sectors. Moreover,

I demonstrate that firms improves their productivity by leveraging the knowledge stock of
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their rivals. Firms in the health sector benefit the most from their competitors’ knowledge
stock, while manufacturing firms do not share the same advantage. Finally, the positive
correlation between markup rates and intangible intensity offers a potential explanation for

the recent rise in market concentration within the US economy.

Appendix

A  Proofs

A.1 Proof of Equation 2.3

The firms minimize their flexible inputs as physical and intangible capital are predetermined
variables. They optimize their level to produce at least planned output, Yj;. The cost
minimization problem, then, becomes:
Lm%‘ljl {ptLLit + pi My B[F, (K, K hy(w)i Lig, Myy))eap(wy] Yexp(en)| Ti] > Y;t} (A1)
ity 4Vt

By the timing assumption, as capitals and w;; and w) are known, the cost problem turns out

Lm%\? {ptLLit +p1]£\/[Mit : E(Kita Kfft, ht(wilsz’ta Mz’t))6$p(wg)E[€$p(€it)Iit] > th}

ity iVt
This problem can be written as the choice of effective labor rather than labor. L; = Lywk
is defined as the effective labor. Defining quality adjusted wages p% = z—i I can now rewrite
the problem in terms of effective labor, L;
. LT M : int 7 H v

Em}\? {pith’t +pp Mip » Fy (Ko, K3, hy(Lig, Mi) exp(wy )Elexp(eq)] > Y;t} (A.2)

These two problems are equivalent as I just redefine the optimization problem with effective

labor and labor productivity wZ is known by the firms at time ¢. For easy notation, defining
Vi L

_ t
E[emp(eitl'it]eacp(wg)

the cost problem becomes

Ct(Kit,Kiitha}_/itapiLt,piMawg) = 1min {@Ltiit +pi\/[Mit : Ft(KitaKiTtaht(ZitaMit)) > Y/;t}

its Mt
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As Fy() is a homogeneous function in h(), I can invert F;() function in hs(). As the objective
function is linear I can reconstruct the problem as
Co( K, K37, Yie, pig 0} wif ) = min {ﬁﬁ:iit + p My = hy(Lig, M) > Ffl(Kimeft»ffit)}

As K, K"t wH and Yj, is given at time t, the problem can be rewritten as

Ct<Kit7 K;?tJXtap'ﬁ?pyJwg) = Ftil(KitJ K'lelt7i;;t> 7m}\1} {pzlzzlt +p£\/[M7,t : ht(i’ibMit) Z 1}

Therefore, the cost minimization problem pins down to

Ct(Kit> Kfft7 Etapfmpiwaw'[t{) = Clt(Kita Kiitnt7 Et,wﬁ)(bt(pﬁ,pi”)

(2

where T redefine F, '(), Cyy(Ky, K, Yie,wl) = F7 ' (K, KM, Vi) ming, 5. Co is the
results of minimization problem. Since p& and pM are the only state variables left under the
cost minimization problem, the minimization problem will only be a function of them. In

other words, minimization part will be Cy(pk, pM).

Using Shephard’s Lemma, the firms’ optimal material and labor demand will be a deriva-

tive of the minimized cost function with respect to the corresponding prices, i.e.

_ aCt(KitaKiiZLtvztvprapiwvwg 8C2t(pzl;f>pi\/l)

) - Olt(Kit7 Kiitnta Y;ta wftl)

M
op op!
- OC, (K, Kt Yy, pk. pM_ H B 0C (pE, pM
Ly = t( ty £hit Lt Dit, Py > Wit ) _ Clt(Kit7 Kiztnt’ Y'it’ w51> 2t(plz Py >_
Opi; Opit

As the first part of the cost minimization problem, Ci;(Ky, K, Yy, wi) does not depend
on flexible input prices, I factor out when taking derivatives. I will only need to take the
derivative of Cy(pL, pM) to find the flexible input demand. Taking the ratio between material
and labor demand, the equations above becomes

Mit _ 6C’Qt(pﬁ,piw)/8piw
L 30275(]95,]??4 )/ apiLt

The material-to-effective labor ratio only depends on the factor input prices. Replacing the

effective labor L;; = Lywk into the equation, material-to-labor ratio becomes

M; _ 6Czt(p{;,piw)/3piwwL
L 80216(2%]2,1??/1)/ 8pﬂ "
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Note that this function only depends on the input prices and labor productivity, w;;. Thus,

the flexible input ratio becomes
M;,
L

where 7,() is an unknown function. As r,() function is time-varying, and input prices are

=r(pfptt wh) = ri(wh)

constant across firms due to the competitive input market, these prices will be a constant in
this function. Therefore, the material-to-labor ratio becomes a function of labor augmenting

productivity wk.

A.2 Proof of Equation 2.4

I will now show that the material-to-labor ratio is monotonous in wX in order to write labor

productivity as a function of the material-to-labor ratio.

Since the cost function is a homogeneous of degree with one, the derivative of the cost
function with respect to the input prices would be homogeneous of degree zero. Using this
property, dividing by pM will not change the partial derivative of the cost function with

respect to flexible inputs. Therefore, I can rewrite it as follows

M, m&d@%v&iL OC(Zr) Op!

W; W;

it T
Ly 0Cy ( pM M )/apzt aCQt(PM >/8p’Lt

where C'Qt(p i) = Coy 32,1) For the sake of easy notation, let Cgt(p i)/ opM = Cop,

Cgt(%) JopM = Cy, and M, = L?’:. Taking the logarithm of the equation I can rewrite
it as ~
~ Com
log(M;) = log + log(wk)
sz
Taking the derivative of the equation with respect to log(wk)
Olog(My)  9Coy/Cou log(dpl/pi)

= 1
Dlog k) ~ Dlog(py/pl) dloglwl)
. log(opk /pM) 8Co, /C: i L . .. . .

Since W 1 and W = —o(wj;Lit, M) is the elasticity of substitution be-
tween effective labor and material, the equation becomes

8log(]\;[it) L

SR o (whi Ly, M) + 1

dlog(wk) o(witlLiv, M)
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From the elasticity substitution assumption o(whLy, My) > 1 or o(wkLy, My) < 1, the
derivative of M with respect to wk is either positive or negative. IT will never become
zero. This implies that M, is strictly increasing or decreasing function of wk. Thus, M, is
monotone in wk. Then, we can invert the r;(w%) function in wk, then labor productivity, wX

becomes

Thus, this shows that labor productivity is a function of the material-to-labor ratio.

A.3 Proof of Equation 4.1

The cost minimization problem of the firm i at time t is

Lf.n%\l} {ptLLz't +pf\4Mz’t L B (K, G, ht(W{;Lz’tu Mz’t))%P(Wg)E[@xp(ﬁit)Iit] 2 th}
The first order condition for material and labor is
OF,(Ky, Kf?t, ht(wﬁLit, Mit))exp(wg)E[exp(fit)Iit]

M
=\
yz t aMth
L OF, (K, K, ht(%Lth‘t, Mit))exp(wg)E[eaip(eit)Iit]
Py = it
OLj
where \; is the Lagrange multiplier on the constraint. \; will capture the firms’ marginal
cost. Multiplying the first equation by p]i\:[;};t and the second equation by 7%
P M; _ /\‘taFt(Kita K", ha(wiiLig, My) Jexp(wfElexp(ei) L] M;
PitYit ' OM; PitYit
ptLLit _ /\‘taFt(KitaKilZLtaht(wiLtLitaMit))emp(wg)]E[exp<Eit>Iit] Ly
DitYit ' OL; PitYit

The right-hand side of the first equation becomes the material share in revenue. Similarly,
the right-hand side of the second equation becomes labor share in revenue. Let’s denote them

as oM and ol as the material and labor share in revenue, respectively. On the left-hand

is the output elasticity of material, and similarly %FTf(t)f,—?: is

OF:() My
> OMy Yy

side of the equations
the output elasticity of labor. Let’s denote €, and € as the labor and material elasticity,

respectively. Thus, we have

it
ay = =€
Dit
i
ak = 2Ll (A.3)
Dit



Taking their ratios we will have

M M

(o €
it it

= (A4)
it it

This shows that the ratio of revenue shares of flexible inputs is equal to their ratio of output

elasticities.

A.4 Proof of Equation 4.3

In the equation A.5, ;‘—Z is equal to the inverse markup because the markup is defined as

price over marginal cost. Since \;; is the marginal cost of the firm markup becomes p; = £

Adt
by definition. Therefore, we can rewrite equation A.5 as
M 6%
Qyy = —
Hit
L EIZ
= — (A.5)
" Hit

Rearranging the equations markups can be rewritten as

& e
Mit = —37 = J
it it

The markup charged by the firms equals the ratio of their flexible input elasticity to the

flexible input’s share in revenue.

A.5 Proof of Proposition 4.1
For the production function,

Yie = [o( K, K, Lichy (W, My)) + wif + €
The material and labor elasticity are

93;4 = ft3ht2Mit

ez'Lt = ft3(ht - ht2Mz’t>Lit

where f;3 is the derivative of f; function with respect to the third arguments and h;s is the

derivative of h; function with respect to the second argument. The sum of labor and material
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elasticity is
Hf\t/[ + 9{2 = ft3ht2Mit + ftS(ht - ht2Mit)Lit = ftBhtLit = ft3}_lth‘t

Since the sum of elasticities do not depend on the derivative of h; function I can replace h¢()

with k(). The last equality comes from that fact.

B Data and Estimation

B.1 Estimation Strategy

This section provides a detailed estimation strategy employed. I first construct the control
variables, u}, and u% to control for Hicks-neutral and labor augmenting productivity. u}, is

defined in equation 3.1 as

1 _ o Vs , E : .
Wip = FMit|Wiz—172jgz,j¢i Rji—1 (M“f | Wit-1, Rjt—1>

jelj#i

uy, is computed as a conditional CDF of M given Wy _1,>° Rji—1. However, the depen-

JEL,j#i
dent variable, M, is a continuous variable so I can’t directly apply the logistic regression.
To do that, I first split the data into year and sector subsets since I do production function
estimation at the sector year level. I then partition the sub-sample data (within a year and
sector) into 500 parts. In cases where 500 partitioning is not feasible I partition them into

the one tenth of the sample size?. At the boundary points of each discretized data points

(named as g € Q) I construct the logistic regression as follow

P(Mit <q| Wy =w, Z Rj 1 = r) = su(q,w,r)
JELj#i
The dependent variable becomes a discrete variable depending on whether M;, is less than
q. I approximate the sy, function with the second-order polynomials®. I, then, estimate the
predicted CDF for each q points using logistic regression. I compute the remaining points

using a linear interpolation.

21 use different partition size such as 5. They don’t change the results
3 Third-order approximation gives the same results.
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To estimate the u? I follow the similar strategy as u},. The equation 3.3 defines u?, as

follow

2 __ ) . . int . E .
uit - FMithithnt Wit_l’zjel,jyéi Rjt—l (Mlt ‘ KZt) Kit I WZt*l) Rjt*l)

o JELj#i
As in u},, the dependent variable M;, is not a discrete variable, it is a continuous variable. I
partition the data 500 parts at the sector year level. If the data is not feasible I split it into
the one-tenth of the data. At each q level, I do

P(My <q| Kyt =k, K" = k"™ Wy = w, Z Rj 1 =r,uj, = u') = so(q, b, k"™ w,r,u')
JELj#i

The dependent variable becomes a discrete variable depending on whether M;; is less than

q. I similarly approximate s9; function with second order polynomials. I then find the CDF

at the points where M;; = ¢q. For the remaining points, I compute the linear interpolation

so that T have an estimator for u% at each point in the data.

2

After estimating uj, and v, I can now estimate the productions functions. I estimate

the productions at each sector over 7-year rolling windows in the equation 5.4

Yir = [o(Kie, Kir Lishy(My)) + CZt(Wz't—la Z Rji_1,u},, U?t) + €
JELj#i
If T know h,(.) function, I can estimate the regression using polynomial approximations for

f:() and c9() functions. I first approximate the h;() function with third-order polynomials.
ht(ﬁ”tit) = Oéltm?t -+ Oégtﬁl?t

I approximate the f;() function with second-order polynomials. For the sake of easy notation,

let’s define vy = l;; + h(my). With the approximated hy() given, I can write f;() as follow

fi() = Bot + Puki  + 521:]432? + Bavi + 64tk¢2t + ﬁ5tkithfft + Botkitvie

+ 57t(k§ft)2 + 5Stk§ftvz‘t + 59#@-215

where (3’s represent the coefficients of the polynomial approximations. I have time subscripts
because I estimate them over 7 year rolling windows within each sector. These coefficients

will be sector-specific and time varying. I similarly approximate co; and c3; with second-order
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polynomials. I do then minimize the moment conditions with these approximated functions

in equation 5.7.

[ estimate the production function parameters 5’s and c,() and c3() coefficients given o’s.
I first guess « values and then estimate the moment conditions using the least squares. I
iterate the loops to minimize the moment conditions in equation 5.7. This will give me the
[ coefficients and productivity function coefficients. This is not a very hard loop because
given alphas it is straightforward to find other parameters. Therefore, in the loops we are

minimizing the OLS estimates to find 3 a parameters to minimize the residuals.

After estimating the parameters of f() and ¢y functions, I can compute the elasticities as
defined in the identification section. The output elasticity of intangible and tangible capital
is the derivative of estimated f; function with respect to the capital and intangible capital,
respectively. Since I know that the approximated the f; function the capital and intangible

elasticity are

ezkt = Bit + 2Butki + ﬁ5tl€fft + Betvit

efgt = 521: + B5tkfft + 267tkf?t + BBtvit

Due to the input heterogeneity this generates elasticity heterogeneity across firms. For the
identification of flexible inputs I similarly take the derivative of f; function with respect to
v, this would give me the sum of flexible input elasticities. Multiplying with the flexible
share in revenue I compute the labor and material elasticities. The productivity elasticity
of the external knowledge is the derivative of ¢y function with respect to external knowledge

capital. I construct them similar to the output elasticities.

B.2 Data

I use the Compustat data from Standard and Poor’s Compustat North America database
from 1975 to 2020. The Compustat data covers all public firms in the US. The data is
available before 1975, but since intangible asset’s parameters are estimated using a data
from 1975 in Ewens et al. (2019), I exclude the firms before 1975. I clean the data as
standard in the literature. I drop the firms that are not operating in the US firms. I drop
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financial and utility companies with SIC codes between 6000-7000, and 4900-5000. I remove
the firms with zero or negative sales, cogs, ppegt, intangible capital, xsga and employment.
I further exclude too small firms having employees less than 10. I, then, drop the firms that
do not have naics industry classification codes. I remove the firms at the bottom 1% of the
variables to omit the outliers. I do not exclude top 1% because some of the giant firms such

as Amazon, Apple exclude from the data. Therefore, I only trim the data at the bottom 1%.

In the production function estimation I need output, physical capital, intangible capital,
labor, material and knowledge capital. I use sale(Sales/Turnover (Net)) variable in Com-
pustat for output. For the physical capital I use ppegt(Property, Plant and Equipment -
Total (Gross)) variable. I use cogs(cost of goods sold) variable for the material. emp (Em-
ployees in the Compustat captures the labor in the production function. In the data section
I explain how to construct the intangible capital. Knowledge capital is the capital stock
constructed xrd (Research & Development Expense variables in Compustat. I deflate all
the variables with corresponding industry specific deflators in the BEA. Table A1 represents
some summary statistics for the variables used in my estimations(sales, ppegt, intantible
capital, emp) after deflating and cleaning the data. Table A2 respresents the intangible ratio
summary statistics. On average intangible capital to tangible capital ratio is 0.44 showing

the importance of intangible capital in the firm’s capital stocks. Table A3 shows the median
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firm’s intangible ratio, firm’s assets, age and investment rate and employment level.

Table Al: Summary Statistics - Compustat Variables

Mean P25 P50 P75 Count
Assets - Total (million $) 2701.215 30.68 129.815 736.701 225924
Market Value (million $) 4516.595 45.864 195.586 1152.329 194817
Sales/Turnover (Net) (million $) 2173.114 29.588 132.168  709.678 225924
Employees (thousands) 10.181 257 1.15 5.177 211522
Property, Plant and Equipment - Total (Net) (million $§) 938.432  5.122  27.214  198.112 225526
Capital Expenditures (million §) 165.572  1.075 5.908 37.727 223374
Intangible Capital (million §$) 593.076  6.057  27.466  137.155 225924
Research and Development Expense (million $) 51.925 0 0 5.163 225924
Selling, General and Administrative Expense (million §)  289.917  4.703 19.64 96.428 225924
Other Intangibles (million $) 169.731 0 0 .045 225924
Cash per Assets - Total .164 .026 .078 215 225804
Leverage per Assets - Total 271 .062 225 .389 225122
Tobin’s Q 1.092 184 .62 1.287 195043
Dividends per Assets - Total .012 0 0 .012 225924
Repurchases per Assets - Total -.043 -.008 0 0 206447
Total Payouts per Assets - Total -.03 -.005 0 .018 206447
Retained Earnings per Assets - Total -.387 -.178 132 .339 221681

Note: This table documents the summary statistics of some selected firm-level variables in the Compustat. P25:

25" percentile, P50: median and P75: 75" percentile.

Table A2: Summary Statistics - Intangible Capital Ratio

Mean Sd P25 P50 P75 Min Max Count
Intangible Ratio .446 .292 .184 486 .7 0 1 202315

Note: This table documents the summary statistics of intangible ratio.

p25: 25" percentile, p50: median and p75: 75" percentile.
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Table A3: Summary Statistics by Intangible Capital Ratio Quintiles

Quintiles Intangible Ratio Total Asset Age Total Investment Rate Employment

Q1 0 702 22 14 1.5
Q2 22 272 19 23 1.7
Q3 5 273 20 29 1.5
Q4 12 145 19 33 1.1
Q5 91 41 16 34 .25
Total 49 185 19 27 1

Note: This table documents the pool sample median of some selected firm-level vari-
ables within each quintile of intangible capital ratio. QI is the bottom quintile and Q5

is the top quintile in terms of intangible capital ratio. Intangible ratio is defined as

Intangible capital stock
Intangible capital stock + Tangible capital stoc

. Where intangible capital stock is constructed based on
the perpetual inventory method of Peters and Taylor (2017b). Tangible capital stock is the

total net plant,property and equipment.

45



References

Autor, D., D. Dorn, L. F. Katz, C. Patterson, and J. Van Reenen (2020). The fall of the
labor share and the rise of superstar firms. The Quarterly Journal of Economics 135(2),

645-709.

Bernstein, J. and M. I. Nadiri (1988). Interindustry rd spillovers, rates of return, and
production in high-tech industries. NBER Working Papers 2554, National Bureau of

Economic Research, Inc.

Bloom, N.,; M. Schankerman, and J. Van Reenen (2013). Identifying technology spillovers
and product market rivalry. Econometrica 81(4), 1347-1393.

Corrado, C., C. Hulten, and D. Sichel (2005). Measuring capital and technology: an ex-
panded framework. In Measuring capital in the new economy, pp. 11-46. University of

Chicago Press.

Corrado, C., C. Hulten, and D. Sichel (2009). Intangible capital and us economic growth.
Review of income and wealth 55(3), 661-685.

Crouzet, N. and J. C. Eberly (2019). Understanding weak capital investment: The role of
market concentration and intangibles. Technical report, National Bureau of Economic

Research.

Crouzet, N., J. C. Eberly, A. L. Eisfeldt, and D. Papanikolaou (2022). The economics of
intangible capital. Journal of Economic Perspectives 36(3), 29-52.

De Loecker, J., J. Eeckhout, and G. Unger (2020). The rise of market power and the

macroeconomic implications. The Quarterly Journal of Economics 135(2), 561-644.
De Ridder, M. (2019). Market power and innovation in the intangible economy.

Demirer, M. (2020). Production function estimation with factor-augmenting technology: An

application to markups. Job Market Paper.

46



Doraszelski, U. and J. Jaumandreu (2018). Measuring the bias of technological change.
Journal of Political Economy 126(3), 1027-1084.

Eisfeldt, A. L. and D. Papanikolaou (2014). The value and ownership of intangible capital.
American Economic Review 104 (5), 189-94.

Ewens, M., R. H. Peters, and S. Wang (2019). Measuring intangible capital with market

prices. Technical report, National Bureau of Economic Research.

Hall, R. E. (1988). The relation between price and marginal cost in us industry. Journal of

political Economy 96(5), 921-947.

Haskel, J. and S. Westlake (2018). Capitalism without capital: The rise of the intangible

economy. Princeton University Press.

Henderson, R., A. Jaffe, and M. Trajtenberg (2005). Patent citations and the geography
of knowledge spillovers: A reassessment: Comment. American Economic Review 95(1),

461-464.

Holmes, T. J. and J. Schmitz (2010). Competition and productivity: A review of evidence.
Annual Review of Economics 2(1), 619-642.

Hulten, C. R. and X. Hao (2008). What is a company really worth. Intangible capital and
the ‘market to book value’puzzles, NBER Working Paper Series (14548).

Imbens, G. W. and W. K. Newey (2009). Identification and estimation of triangular simul-
taneous equations models without additivity. Econometrica 77(5), 1481-1512.

Klette, T. J. and Z. Griliches (1996). The inconsistency of common scale estimators when
output prices are unobserved and endogenous. Journal of applied econometrics 11(4),

343-361.

Kydland, F. E. and E. C. Prescott (1982). Time to build and aggregate fluctuations. Econo-
metrica: Journal of the Econometric Society, 1345-1370.

Lev, B. and S. Radhakrishnan (2003). The measurement of firm-specific organization capital.

47



Lev, B. and S. Radhakrishnan (2005). The valuation of organization capital. In Measuring
capital in the new economy, pp. 73-110. University of Chicago Press.

Lev, B., S. Radhakrishnan, and P. Evans (2016). Organizational capital: A ceo’s guide to

measuring and managing enterprise intangibles. The Center for Global Enterprise.

Levinsohn, J. and A. Petrin (2003). Estimating production functions using inputs to control

for unobservables. The review of economic studies 70(2), 317-341.

Loecker, J. D. and F. Warzynski (2012). Markups and firm-level export status. American
economic review 102(6), 2437-2471.

Olley, G. S. and A. Pakes (1996). The dynamics of productivity in the telecommunications
equipment industry. Econometrica 64(6), 1263-1297.

Peters, R. H. and L. A. Taylor (2017a). Intangible capital and the investment-q relation.
Journal of Financial Economics 123(2), 251-272.

Peters, R. H. and L. A. Taylor (2017b). Intangible capital and the investment-q relation.
Journal of Financial Economics 123(2), 251-272.

Raval, D. (2022). Testing the production approach to markup estimation. Review of Eco-

nomic Studies.

Romer, P. M. (1990). Endogenous technological change. Journal of political Economy 98 (5,
Part 2), S71-S102.

48



	Introduction
	Related Literature

	Model
	Production Function
	Assumptions

	Estimation Strategy: A Control Variable Approach
	Identification
	Data and Empirical Model
	Data
	Estimation Strategy

	Results
	Output Elasticities
	Knowledge Spillovers
	Markup

	Robustness Check
	Controlling for the Product Demand

	Conclusion
	Proofs
	Proof of Equation 2.3
	Proof of Equation 2.4
	Proof of Equation 4.1
	Proof of Equation 4.3
	Proof of Proposition 4.1

	Data and Estimation
	Estimation Strategy
	Data


