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Abstract

This dissertation studies the relation between technological innovation and asset prices. It

explains the heterogeneity in the cross-sectional firm returns from the perspective of the

technological race, in which firms with lagging technologies innovate to displace firms

with leading technologies. In addition, it studies the resource reallocation from highly in-

novative firms towards less innovative firms, which is triggered by aggregate uncertainty

spikes, and its economic growth implication. It proposes a novel link between technologi-

cal growth and aggregate economic uncertainty.

The first chapter studies the cross-section of returns from the perspective of firms with

differentially advanced technologies. Firms with leading technologies have some market

power and enjoy monopolistic rents. Firms with lagging technologies, however, have to

sell their products in more competitive markets. Lagging firms innovate to displace leaders

in a technological race. I develop a general equilibrium model in which (1) technologi-

cal leaders have market power and enjoy monopolistic rents, while followers generate no

rents, and (2) each period, leaders, followers, and entrants innovate to take or keep the

leading positions in the next period. Leading technologies are risky, since market power

allows leaders to raise rents in good times and thus their monopoly profits are procyclical.

Firms with high exposure to the risk of leading technologies (LTR) have high risk premia.

While both current leaders and current followers can be the future leaders, the returns on

current followers are more exposed to the future LTR and thus have higher premia, due

to the potential large price jump from becoming a new leader. Empirically, I construct a

factor that captures LTR. I find that leading technology is risky, and that the LTR price

of risk is 7 percent. The followers that actively innovate have high exposure to the future
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LTR and high risk premia, supporting my model.

The second chapter, co-authored with Ravi Bansal, Mariano Max Croce and Samuel

Rosen, shows the existence of a significant link between aggregate uncertainty and re-

allocation of resources away from R&D-intensive capital, focusing on both micro and

aggregate U.S. data. This link is important because a decrease in the aggregate share of

R&D-oriented capital forecasts lower medium-term growth. In a multi-sector production

economy in which (i) growth is endogenously supported by risky R&D investments, and

(ii) the representative agent is volatility-risk averse and has access to other safer technolo-

gies that do not support growth, uncertainty shocks have a first-order negative impact on

medium-term growth and welfare.
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Chapter 1

Introduction

This dissertation studies the asset pricing and macroeconomic implications of technological inno-

vation.

In the first chapter, I explore the asset pricing implications of the technological race, in which

firms using differentially advanced technologies race for the leading positions. Specifically, firms

with the leading technologies have market power and generate monopolistic rents. However, firms

with lagging technologies have to sell their products in more competitive environments and gener-

ate low profits. Lagging firms have the chance to displace leaders in a technological race. First, I

show that leading technologies are risky. Specifically, the profits of the firms with leading technolo-

gies respond positively to aggregate shocks. If a good aggregate shock takes place, it increases the

aggregate income. The households in the economy become richer. Then they have a high demand

for leading technology goods. As a result, leaders can charge high rents. So the cash flows gener-

ated by leading technologies covary with aggregate shocks and thus leading technologies are risky.

Second, I show that while both current leaders and current followers can be the future leaders, the

returns on the current followers are more exposed to the future risk of leading technologies (LTR)

and thus have higher premia than the current leaders. Specifically, in the technological race, two

components determines the exposure of follower’s return to the future LTR. The first component is

the probability of being a new leader. And the second component is the price jump if the follower

does become a new leader. For the followers, they innovate to become the leaders. If they success-

fully jump to the leader positions and claim the risky monopoly profits, the price jump from the

current follower to becoming the new leader is large. So how risky being a new leader has a strong
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impact on the returns on the current followers, despite the fact that the chance of becoming new

leaders is small. That is, this change of price level has a strong scale-up effect that loads followers

return heavily on the future LTR. In contrast, the current leaders have no such scale-up effect if

they continue being leaders. Therefore, current followers’ returns have higher exposure to future

LTR and thus have higher exposure to the future aggregate risk than the current leaders. In practice,

firms often hold a mix of leading and following technologies. My model implies that the firms with

more following technologies but then actively innovate to take the leading positions expect high

risk premia. Empirically, I construct a factor that captures the risk of leading technologies and find

that such technologies are risky. In addition, the lagging firms on average have higher exposure to

the risk of leading technology and thus have higher risk premia than leaders, supporting my model.

In the second Chapter, co-authored with Ravi Bansal, Mariano Max Croce and Samuel Rosen,

we document that resources are reallocated away from the risky and innovative sector to less risky

but less innovative sector when aggregate uncertainty spikes. Therefore, high uncertainty leads

to lower technological growth. We rationalize our finding in a general equilibrium multi-sector

model, in which the sector that innovates has risky returns and the sector that is not innovative pro-

vides safer technologies. When the aggregate uncertainty rises, the representative agent optimally

reallocates the resources away from the highly innovative but risky capital to safer capital, resulting

in the medium-term slowdown in growth.
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Chapter 2

Risk Premia along the Technological Race

2.1 Introduction

Firms typically use differentially advanced technologies. The firms with leading technologies nat-

urally have some market power and generate monopolistic rents. Other firms, however, use lagging

technologies and have to sell their products in much more competitive environments. By inno-

vating, lagging firms have the chance to displace leaders in a technological race. Because both

current leaders and current followers can be future leaders, their returns are all affected by the

future values of leading technologies. However, given that firms’ current positions in the techno-

logical race are different, there is heterogeneity in the sensitivity of returns to the future values of

leading technologies, generating heterogeneity in risk premia across these firms.

In this paper, I explain the firm’s risk premium through the lens of this technological race. To

be specific, in an economy with a single aggregate shock, a firm’s conditional risk premium is

determined by the conditional exposure of its return to the aggregate risk. From the perspective of

the technological race, a firm return’s conditional exposure to the aggregate risk can be decomposed

into two parts. The first is the exposure of the leading technologies to aggregate shock, which I

define as the risk of leading technology (LTR). This part captures the sensitivity of the value of

the leading technologies to the aggregate shock. The second part is the firm-specific loading on

LTR. This part captures the sensitivity of the firm’s return to the change in the value of the leading

3



technologies.1 That is, a firm’s return can be exposed to the aggregate risk through the channel of

a technological race.

To understand the driving forces of LTR and firm-specific loading on LTR, I develop a general

equilibrium model with a technological race. The model has two key features. First, the rep-

resentative household consumes two types of goods: the leading technology goods produced by

leaders and the lagging technology goods produced by followers. Leaders have market power and

thus enjoy monopolistic rents while the followers, who have no market power, generate no profits.

Second, each period, the leaders, followers, and new entrants innovate to take or keep the leading

positions in the next period. If the followers and the entrants successfully develop more advanced

technologies, the previous leaders of those technologies lose their leading positions and become

followers. In the model, the follower-to-leader ratio is time-varying because of the entrants in the

technological race.

I demonstrate that, because of the market power, the leading technologies have positive expo-

sure to aggregate risk (that is, the leading technologies are risky). Specifically, the profits of the

firms with leading technologies respond positively to aggregate shock. A good aggregate shock

increases the aggregate income. The richer representative household then has a high demand for

both leading technology goods and lagging technology goods. Leaders who have market power

1In a single aggregate shock economy, a firm’s conditional risk premium can be written as:

Et

[
Ri

t,t+1−R f
t,t+1

]
= β

i
A,t+1λ

A
t+1,

where λ A
t+1 is the conditional price of risk of the aggregate shock, and β i

A,t+1 is the conditional
exposure of firm’s return Ri

t,t+1 to aggregate risk. From the perspective of a technological race,
β i

A,t+1 can be decomposed as follows:

β
i
A,t+1 = β

i
LT,t+1β

LT
A,t+1 +Other Channels

β LT
A,t+1 is the exposure of the leading technologies to aggregate shock, which I define as the risk of

leading technology (LTR). β i
LT,t+1 is the firm-specific loading on LTR.
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earn high rents. That is, leaders generate procyclical rents because of the procyclical demand for

leading technology goods. Therefore, leading technologies are risky, since their cash flows covary

with aggregate shocks.

The conditional sensitivity of the value of leading technologies to aggregate shock (or LTR)

depends on the follower-to-leader ratio. With more followers contributing to the production of the

lagging technology goods, the economy is more productive. When a good aggregate shock takes

place, more followers produce more goods, thus increasing aggregate income even further2. As a

result, the representative household has an even higher demand for the leading technology goods.

This leads to an even further increase in the rents earned by the leading firms. That is, the cash

flows generated by leading technologies covary more with aggregate shocks and thus are more

risky when more followers exist. Therefore, LTR is high when the follower-to-leader ratio is high.

As a result, LTR increases when the economy is booming. When the economy starts boom-

ing, entrants and followers innovate more in an effort to take the leading position, because of the

stronger incentive to become the more valuable leaders. More entry happens and thus more leaders

are displaced and become followers. In a booming economy, while the aggregate technology grows

faster, there are more followers, as a result of the intensified technological race. The increase in the

follower-to-leader ratio further drives up the LTR. The model implies that the value of new leading

technologies can be risky at the end of a booming period (e.g., the information technology firms at

the end of the tech boom in the late 1990s).

While the leading technology is risky, the model implies that the current followers’ returns

have higher conditional loadings on LTR (high firm-specific loading on LTR) and thus have higher

risk premia than the current leaders. Followers innovate in order to take over leader positions. If

they successfully jump to a leader position and claim the risky monopoly profits, the concomitant

2The production of both leading and lagging technology goods requires the input of labor and
capital. More followers hire more labor and rent more capital to produce the lagging technology
goods, leading to an increase in the aggregate income.
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price jump is large. Thus, the new leader’s price has a huge impact on current followers’ returns.

As a result, current followers’ returns have high exposure to future LTR. In contrast, the current

leaders have no such dramatic price jumps if they continue being leaders. Moreover, innovation

by followers and entrants make leaders less exposed to future LTR by decreasing the probability

of their staying in the leading position. Overall, the model implies that the returns on current

followers have higher loadings on LTR than the returns on current leaders. In practice, firms often

hold a mix of leading and following technologies. The firms that are associated with more following

technologies but then radically innovate to take over as leaders expect high risk premia.

Empirically, I investigate the asset pricing implications of the model. I construct a LTR factor

that captures the risk of the leading technologies.3 To construct the factor, I use two approaches

to identify firms with leading technologies. In the first approach, the direct approach, I identify a

firm as a technology-leading firm if it provides innovative products to the market. In the second

approach, the indirect approach, I estimate the technology level of the firm using a measure of

the value of the patents generated by that firm. For each industry, I sort firms according to their

technology level. The top 10 percent of the firms are identified as leading firms and the bottom 10

percent are designated as following. I construct a measure of the excess profit of the leading tech-

nology by taking the difference between the average profit of the leading firms and the following

firms. As the model implies, the returns that are more sensitive to changes in the excess profit of

the leading technologies have high exposure to LTR. Therefore, I construct the tradable LTR factor

by longing the returns with high betas on excess profit of the leading technologies and shorting the

returns with low betas.

I estimate the price of risk of the LTR factors in multiple formal cross-sectional asset pricing

3The model features the endogenous conditional sensitivity of the leading technologies to ag-
gregate shocks, which is driven by the novel state variable follower to leader ratio. However, it is
known that it is hard to estimate such conditional single factor model in the data. My approach is
in spirit of Jagannathan and Wang (1996), I construct the factor that captures LTR and examine the
properties of that factor in a multi-factor framework unconditionally.
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tests and find a significantly positive risk price, supporting the model prediction that leading tech-

nology is risky.4 Specifically, I find that the prices of risk for the LTR factor with the direct and

indirect approach are an annual rate of 10 and 7 percent, respectively.5 Both are statistically sig-

nificant. This is evidence that investors desire a high premium for their exposure to risky leading

technologies.

Further analysis confirms that the LTR factor provides additional pricing information, sup-

porting the model prediction that LTR is endogenous and is driven by the follower-to-leader ratio.

I estimate the stochastic discount factor (SDF) loading on the LTR factor, while controlling for

other factors, in a standard linear specification where SDF prices cross-sectional assets. The sig-

nificant loading shows that the pricing information of LTR factors cannot be captured by known

factors, e.g., the Fama-French five factors, the momentum factor, and the intermediary risk factor.

If the follower-to-leader ratio is constant and thus the conditional sensitivity of the value of lead-

ing technologies to the aggregate shock is a constant, the LTR factor should be fully absorbed by

the market factor. SDF loading on the LTR factor should be insignificant, which contradicts my

empirical findings.

Importantly, I show that, in both approaches, the price-dividend ratio predicts the LTR factor

premia positively, which is consistent with the model’s prediction that LTR is high in a booming

economy. Again, if there is no entry in the technological race, the conditional sensitivity of the

value of leading technologies to the aggregate shock remains constant. The stock market price to

dividend (PD) ratio should predict the LTR factor premium negatively similar to the market factor,

contradicting my empirical results. Moreover, I demonstrate that, on average, lagging technology

firms have higher loadings on the risk of leading technologies and higher expected returns than the

4The LTR factor captures β LT
A,t+1 ∗aggregate shock. β LT

A,t+1 denotes the sensitivity of the value of
the leading technologies to the aggregate shock. If a firm’s return has higher exposure to the LTR
factor, it has higher exposure to the aggregate risk on net through the technological race channel.

5To account for the estimation bias caused by omitting factors, I use the three-stage procedure
introduced by Giglio and Xiu (2019).
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leading technology firms, supporting my model.

To summarize, my work provides a novel perspective on the cross-section of firm returns by

linking firms’ risk to their positions in the technological race. I show theoretically and empirically

that leading technology is risky and drives the risk premia of the firms in the technological race.

Followers that radically innovate have higher premia than leaders because of their greater exposure

to future LTR.

Related Literature This work is closely related to the literature studying the implications of

innovation in a step-by-step innovation framework (e.g., Aghion and Howitt (1992), Grossman

and Helpman (1991), Aghion et al. (2001), Aghion et al. (1997), Acemoglu and Akcigit (2012),

Acemoglu and Cao (2015), and Liu et al. (2019)). While only the entrants innovate in the base-

line Schumpeterian quality ladder models, several papers study the implication of innovation by

incumbents. Aghion et al. (2005) study the relationship between product market competition and

innovation by technological leaders and followers, with no innovation by entrants. Acemoglu and

Cao (2015) explore the implication of innovation by both new firms and existing firms. How-

ever, in their model, in which there are no followers, the entrants innovate more radically than the

incumbents.

My paper adds to the literature in several dimensions. First, it features follower-to-leader

dynamics by allowing leaders, followers, and entrants to race for the leading positions. Unlike

the current literature, in which the aggregate sensitivity of the rents of leaders is constant, the

endogenous follower-to-leader ratio in my work drives the risk of leading technologies. Second,

my paper focuses on the asset pricing implications of the technological race, while the literature

typically studies the economic growth implications of innovation. In particular, in my model, the

heterogeneous exposures to the risk of leading technology generate dispersion of risk premia across

firms.6

6My paper is related to the literature that explains the heterogeneity in the cross-section of risk
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This paper is also related to a large body of literature that explores the implications of technol-

ogy growth for asset prices (e.g., Greenwood and Jovanovic (1999), Laitner and Stolyarov (2003),

Pástor and Veronesi (2009), Gârleanu et al. (2012), Gârleanu et al. (2012), Kung and Schmid

(2015), Bena et al. (2015), Liao and Schmid (2017), Croce et al. (2019)). In contrast to the liter-

ature, this work focuses on the asset pricing implications of the technological race. In addition,

my work is connected to the literature that explores the impact of creative destruction of new tech-

nologies on asset prices and firm profits. Kogan et al. (2020) study a general equilibrium model, in

which newly developed technologies have asymmetric impacts on the gain captured by innovators

and shareholders. Gârleanu et al. (2012) show that innovation can damage an existing firm’s prof-

its. While creative destruction can decrease the value of current leading firms, my paper suggests

that the creative destruction could also lower the leader firms’ risk by making them less exposed to

the future risk of leading technology.7

My paper also contributes to the literature that explores the asset pricing implications of indus-

trial organization (e.g., Loualiche (2014), Binsbergen (2016), Bustamante and Donangelo (2017),

Corhay et al. (2020), Corhay (2017), Garlappi and Song (2017), Dou et al. (2019)). Corhay et al.

(2020) show that more entry leads to lower market power and lower sensitivity to aggregate fluctua-

tions for the incumbent firms. Therefore, the cash flow sensitivity of the incumbent is countercycli-

cal. Loualiche (2014) show that the industry that has high exposure to entry risk, which lowers the

monopolistic rents of incumbents, has a high risk premium. In those models, the incumbent firms

are assumed to be identical. My paper contributes to the literature by showing that, due to their

market power, new technological leaders generate more risky rents when there are more followers

after an intensified technological race.

premia by considering the endogenous conditional exposures of the firm returns to the aggregate
risk (e.g. Gomes et al. (2003), Zhang (2005), Ai et al. (2012), Lin (2012), and Belo et al. (2014)).

7Broadly, my paper is related to the production-based asset pricing literature that explore the
implication of technology shocks, as in Papanikolaou (2011), Kogan and Papanikolaou (2013),
Kogan and Papanikolaou (2014), and Lin et al. (2019).
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Methodologically, my model builds on Acemoglu and Cao (2015), Bena et al. (2015) and

Bansal et al. (2019). Specifically, my work considers a two-sector model within the Schumpeterian

endogenous growth framework, allowing the existence of the technological race among the leaders,

the followers and the entrants.

Structure The paper is organized as follows: Section 2.2 presents the model. Section 2.3 dis-

cusses the model results and the empirical predictions of the model. Section 2.4 presents the

empirical evidence. Section 2.5 concludes.

2.2 Model

2.2.1 Final Goods Producer

The final goods aggregator converts a continuum of measure one of differentiated industry goods

Yj,t into the final consumption goods Yt using a constant elasticity of substitution (CES) technol-

ogy:

Yt =

(∫ 1

0
Y

1− 1
τi

j,t d j
) 1

1−1/τi
(2.1)

where τi is the elasticity of substitution among different industry goods. The final goods aggregator

buys the industry goods from the industry goods producer at price Pj,t and solves:

max
Yj,t

PY ,tYt −
∫ 1

0
Pj,tYj,td j. (2.2)

The optimization of the aggregator yields the demand for industrial good j:

Yj,t = Yt

(
Pj,t

PY ,t

)−τi

. (2.3)
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Given that the final goods market the aggregator faces is perfectly competitive, the zero profit

condition combined with the demand curve Eq.(2.3) yields the aggregate price index:

PY ,t =

(∫ 1

0
P1−τi

j,t d j
) 1

1−τi
. (2.4)

2.2.2 Industry Goods Producer

The production of industrial goods in industry j requires quality goods Yj,l,t produced with the

leading technologies of this industry, and homogenous goods Yj, f ,t with lagging technologies as

input. The industry goods producer bundles these two types of goods using CES technology:

Yj,t =

[
ωY

1− 1
τ

j,l,t +(1−ω)Y
1− 1

τ

j, f ,t

] 1
1−1/τ

. (2.5)

The elasticity of substitution between these two goods is τ . The relative production contribution

of the leader good with respect to the follower good is governed by ω . I assume that both quality

goods and homogeneous goods are equally desirable in the production of industrial goods, i.e.,

ω = 0.5. The industry goods producer faces perfectly competitive market and solves the profit

maximization problem:

max
Yj,l,t ,Yj, f ,t

Pj,tYj,t −Pj,l,tYj,l,t −Pj, f ,tYj, f ,t . (2.6)

With the advanced technologies installed in the product, the quality goods firm has monopolistic

power, while the homogenous goods firm can only take the price as given since the technologies

installed in the homogenous goods are common and lagging. Therefore, the homogenous goods

are treated as numeraire goods and the price is set to one (Pj, f ,t = 1).8 Solving the maximization

problem of the industry goods producer implies the demand curve of the quality goods:

Pj,l,t =
ω

1−ω

(
Yj, f ,t

Yj,l,t

) 1
τ

. (2.7)

8Because of the existence of symmetric equilibrium discussed in section 2.2.7, the homogenous
goods in all industries have identical relative price and thus can serve as numeraire goods.
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As shown above in Eq.(2.7), the price of the quality goods is increasing with the output ratio Y j, f ,t
Yj,l,t

.

Relative to the quality goods, if there are more supply of homogeneous goods in the market, the

demand for quality goods equipped with the leading technologies increases since the aggregate

income rises. The quality goods producer thus can charge a higher price because of a stronger

demand. Optimality also implies the price of the industrial goods:

Pj,t =
1

1−ω

(
Yj, f ,t

Yj,t

) 1
τ

. (2.8)

2.2.3 Quality Goods Production

The quality goods are produced using capital K j,l,t , labor L j,l,t and a continuum of differentiated

intermediate goods, produced by a set of leading-technology holders operating in a variety of tech-

nological products, as input:

Yj,l,t = (Kα
j,l,t(ΩtL j,l,t)

1−α)1−ξ Gξ

j,l,t , (2.9)

where α is the physical capital share, and ξ is the share of the bundle of technologies G j,l,t that is

defined as

G j,l,t ≡
[∫ 1

0
q

1− 1
ν

j,i,t x
1
ν

j,i,t di
]ν

. (2.10)

Each technology input is indexed by i ∈ [0,1]. The measure of leading technologies is fixed and is

normalized to one. x j,i,t denotes the quantity of the input of a specific technology i in industry j.

And q j,i,t is the technological level of input i.

The quality goods firm bundles together the technology inputs x j,i,t weighted by its techno-

logical level q j,i,t . Therefore, only the intermediate goods with the highest technological levels,

which are the leading technologies, are used in the production of the quality goods. The measure

of the types of leading technologies is fixed and normalized to one. The substitutability among the

technology inputs is governed by the parameter ν . I assume that there exists a common aggregate
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shock Ωt = ezt that affects the productivity of all producers in the production sector. And zt follows

an AR(1) process:

zt = (1−ρz)z̄+ρzzt−1 +σzεz,t ,

εz,t ∼ i.i.d. N(0,1).

The firm rents physical capital and labor from the household and buys the intermediate goods

from the leading technology holders, taking the capital rental rates rk
t , the wage rates wt and the

prices p j,i,t as given. Facing the demand for the quality goods in Eq.(2.7), the firm optimally

chooses the price Pj,l,t of its product. The dividends of the quality goods firm are:

D j,l,t = Pj,l,tYj,l,t − rk
t K j,l,t −wtL j,l,t −

[∫ 1

0
p j,i,tx j,i,t di

]
, (2.11)

where rk
t and wt are endogenously determined in the equilibrium. The price p j,i,t are set by the

industry j leading technology producers. With monopolistic power, the quality goods firm can set

the price higher than the cost and generate positive profits.

The optimization problem of the firm is:

Vj,l,t = max
Y j,l,t ,K j,l,t ,L j,l,t ,x j,i,t

Et [
∞

∑
s=0

Mt,t+sD j,l,t+s] (2.12)

where Mt,t+s is the stochastic discount factor. Vj,l,t denotes the market value of the quality goods

produced by firm j at time t.

Leading Technology Holders

Leading technology holders, or the leaders, produce intermediate inputs for the quality goods. For

each input i, at any point in time there exists exactly one leader who owns the patent on the leading

technology of input i. Therefore, the measure of the leaders is constant and equal to the measure

of the types of leading technologies at each time t.
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The leading positions grant the patent holders the monopoly power. Given the quality goods

producer’s demand for intermediate inputs, the leader i converts x j,i,t units of the quality goods into

the intermediate goods with the highest technology level q j,i,t and a production cost of µl per unit.

The leader sets p j,i,t to maximize its profits, π j,i,t :

π j,i,t ≡max
p j,i,t

p j,i,t · x j,i,t −µlPj,l,tx j,i,t . (2.13)

Solving the optimization problem, combined with the optimal conditions from quality goods firm’s

problem, leads to the equilibrium quantity for input x j,i,t :

x j,i,t =

(
ξ

νµl

1−1/τ

1−ξ/τ

) 1
1−ξ

Kα
j,l,t(ΩtL j,l,t)

1−αQ
ξ ν−1
1−ξ

j,t q j,i,t (2.14)

where Q j,t is defined as the aggregate technology level of industry j:

Q j,t =
∫ 1

0
q j,i,tdi (2.15)

which is the average of the technology level q j,i,t held by leaders. Optimality implies that the

quantity x j,i,t is linear in its technology level q j,i,t . Aggregating the output x j,i,t of leaders leads to

the equilibrium production of quality goods:

Yj,l,t =

(
ξ

νµl

1−1/τ

1−ξ/τ

) ξ

1−ξ

Kα
j,l,t(ΩtQtL j,l,t)

1−α (2.16)

Combining Eq.(2.14) with the leader’s profit Eq.(2.13) and Eq.(2.16) reveals the equilibrium profit

of the leader i9:

π j,i,t = (1− 1
ν
)

(
ξ (1−1/τ)

1−ξ/τ

)
Pj,l,tYj,l,t

q j,i,t

Q j,t
(2.17)

The profit of the leader in Eq.(2.17) is determined by three components. (1) The sales of the quality

goods firm Pj,l,tYj,l,t in the units of the homogeneous goods. Thus, the cash flows of the quality

firm drive the leader’s profits. (2) The monopolistic power of owning the leading technology that

9Details of the proofs are provided in Appendix Section A.3 and A.4 .
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is controlled by ν . With stronger monopolistic power, a leader can claim larger share of the sales

of the quality goods. (3) The relative technology level of leader i q j,i,t
Q j,t

with respect to the aggregate

level. More advanced technology compared to others leads to higher profits of a leader.

2.2.4 Homogeneous Good Production

The homogeneous goods firm only has access to the patents owned by lagging technology holders,

or followers. Without the unique features provided by the leading technology, the firm sells its

products competitively with no monopolistic rents. The production of the homogeneous goods

requires capital K j, f ,t , labor L j, f ,t , and the intermediate goods produced by a continuum of measure

m j,t of followers:

Yj, f ,t = Kα
j, f ,t(ΩtG j, f ,tL j, f ,t)

1−α ,

where the composite G j, f ,t is defined as

G j, f ,t ≡
∫ m j,t

0
ḡQ j,tx

f
j,i,tdi, (2.18)

and x f
j,i,t is the quantity produced by follower i ∈ [0,m j,t ] and ḡ controls the leader-follower tech-

nology gap.

Following Technology Holders

I make the following assumption about the technology spillovers. In each industry, there exist

knowledge spillovers between leaders and followers such that the followers are able to copy the

leading technology imperfectly with gap ḡ with no costs.10 Two implications follow from the

assumption. First, this assumption ensures that followers can costlessly follow the leading tech-

nologies without lagging far behind. Because the leading technology advances also benefit the

10Bernstein and Nadiri (1989) study the effects of intra-industry R&D spillovers.
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followers, a balanced growth path exists in the economy.11 Second, knowledge spillovers allow

each follower to copy any type of leading technology within an industry costlessly. The technol-

ogy held by a follower thus can be fully replicated by the other followers in the same industry. As

a result, all the followers have no monopolistic power.

Therefore, the followers sell the intermediate goods to the homogeneous goods firm competi-

tively and make no profits. To stay in business, the followers have to produce at least x̄ f units of

intermediate good. The homogeneous goods firm combines the intermediate inputs that have the

average technology level ḡQ j,t additively as in Eq.(2.18). The output of the firm can be rewritten

as

Yj, f ,t = Kα
j, f ,t(ΩtQ j,tm j,t x̄ f L j, f ,t)

1−α . (2.19)

Therefore, the productivity of the homogeneous goods firm is also driven by the number of follow-

ers who contribute their lagging technologies to the production. Taking the capital rental rates rk
t ,

the wage rates wt as given, the firm optimally chooses K j, f ,t and L j, f ,t to maximize its value:

Vj, f ,t = max
K j, f ,t ,L j, f ,t ,

Et [
∞

∑
s=0

Mt,t+sD j, f ,t+s], (2.20)

where the dividends are

D j, f ,t = Yj, f ,t − rk
t K j, f ,t −wtL j, f ,t − p f ,tm j,t x̄ f . (2.21)

At any point in time, the optimal D j,l,t is zero.12

11The technology growths of quality goods firm and homogeneous goods firm are both governed
by the aggregate leading technology growth, that is Q j,t+1

Q j,t
. A large literature studies the relation

between technological spillovers and growth (e.g., Griliches (1992) Nadiri (1993), Bloom et al.
(2013)).

12Under the assumption that no resource is needed to copy technology. p f ,t is equal to zero.
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2.2.5 Technological Race

In each industry, three groups of agents, i.e., the leaders, the followers and the entrants, invest in

the quality improving innovation in a quality ladder framework, trying to take leader positions in

the future production.13 The innovation arrives randomly and depends on the innovator’s effort.

In each period, the leaders, the followers and the entrants choose their innovation effort. The

innovation results reveal at the beginning of the next period before all productions take place. The

leaders continue enjoying the profits in the next period production if they still hold the patent on

the leading technology. The followers and entrants can displace the leaders if their innovation is a

success and they hold the newly improved leading technology. The radical innovation of followers

and entrants, which jumps from a lagging technology to the leading technology, features some

creative destruction.14

Radical Innovation

Followers and entrants innovate to take over the leader’s positions in order to contribute to the

profitable production of the quality goods. If they succeed, the new leading technology level will

be raised by a rate of κ > 1. The innovation of followers and entrants is radical in the sense that it

has to improve the current leading technology while starting with less knowledge about it in com-

parison to the leaders.15 In order to achieve the radical improvement of technology, followers and

entrants develop new ideas. I assume that the direction of new radical ideas cannot be controlled by

followers and entrants (Akcigit et al. (2016)). This assumption implies that followers and entrants

13Schumpeterian quality ladder models, e.g., Segerstrom et al. (1990), Aghion and Howitt
(1992), Grossman and Helpman (1991), Acemoglu and Cao (2015).

14The innovation of followers and entrants is disruptive since it destroys the value of the incum-
bent leaders when succeed.

15In the model, the followers and entrants can only have access to lagging technology which is
a factor of ḡ < 1 lower than the leading technology level. Successfully innovation can be achieved
if they raise their technology level by κ

ḡ .
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cannot target a specific leading technology during the innovation. The realized improved technol-

ogy i is uniformly distributed over [0,1] of the leading technology. As I show in the Appendix

section A.6 , this assumption implies that all leaders choose identical quality adjusted innovation

effort.

Entrants Innovation Each period, there is a continuum of entrants normalized to one devel-

oping new ideas. They spend resources on R&D in order to achieve leading technology improve-

ments. Given the innovation outcome is stochastic, the probability of an entrant who successfully

displaces a leader is φe(S j,e,t). Q j,tS j,e,t is the entrant’s total innovation expenditure.16 φe satisfies

φ ′e(S j,e,t)> 0, φ ′′e (S j,e,t)< 0, φe(0) = 0, and φ ′e(0) = +∞. This Inada-type assumption assures that

S j,e,t > 0, that is entrants always put some effort on R&D. A greater effort increases the likelihood

of obtaining the patent on upgraded leading technology.

The problem of an entrant in industry j is:

max
S j,e,t

Vj,e,t =−Q j,tS j,e,t +φe(S j,e,t)Et [Mt+1

∫ 1

0
Vj,i,κq j,i,t di]︸ ︷︷ ︸

become leaders

(2.22)

where Vj,i,κq j,i,t is the value of leader i with improved technology level κq j,i,t .
∫ 1

0 Vj,i,κq j,i,t is industry

j’s average value of leaders at time t + 1, which determines the innovation decision made by the

entrants.

Follower Innovation A measure of m j,t of followers, which resulted from the technology race

in period t − 1 enter time t, participating the production of homogeneous goods with no profits.

In the race at time t, the followers innovate to become leaders. Similar to the entrants, φ f (S j, f ,t)

of the followers hold the leading technology patents after spending Q j,tS j, f ,t on innovation.17 The

16The expenditure is scaled by the industry technology level Q j,t so that it does not diminish in
the growth model. S j,e,t is the effective R&D expenditure.

17φ f has the same properties as φe.
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follower solves the optimization problem:

max
S j, f ,t

Vj, f ,t = π fi,t︸︷︷︸
=0

−Q j,tS j, f ,t +φ f (S j, f ,t)Et [Mt+1

∫ 1

0
Vj,i,κq j,i,t di]︸ ︷︷ ︸

become leaders

+(1−φ f (S j, f ,t+1))φEt [Mt+1Vj, f ,t ]︸ ︷︷ ︸
stay followers

, (2.23)

where Vj, f ,t is the value of follower in industry j at time t. φ is the obsolescence rate of the followers

who fail in the technology race. The measure of the followers that become leaders is m j,tφ f (S j, f ,t),

and the total innovation expenditure of followers is expressed as m j,tS j, f ,t .18

As shown in Eq.(2.22) and Eq.(2.23), the future value of leaders is the key determinant of the

radical innovation activities of entrants and followers.

Leader Innovation

In each period, leaders innovate to improve their own leading technology.19 If leader i successfully

secures the patent on upgraded technology κq j,i,t , the leader maintains the leader position. If the

innovation fails, the leader can either be displaced and become a follower, or stays as a leader

with q j,i,t if no followers or entrants improve that technology. The rate for leaders to successfully

improve their own technology and stay leaders is φl(S j,i,t). The leader chooses the innovation

18The additive measure of successful followers m j,tφ f (S j, f ,t) are based on the assumption that
the direction of radical ideas cannot be controlled in the innovation and the leading technology
space is large in comparison to the successful radical innovations. Two identical radical ideas are
highly unlikely to arrive at the same time. That is, a follower’s innovation result is not affected by
other followers’ innovation; in other words, m j,t does not affect φ f (S j, f ,t).

19For simplicity, I assume that the cost for leaders to give up their own leading technologies and
switch to other technologies is so high that leaders stick to their own technologies.
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expenditure q j,i,tS j,i,t to maximize the value20:

max
S j,i,t

Vj,i,q j,i,t = π j,i,t −q j,i,tS j,i,t

+φl(S j,i,t)Et
[
Mt+1Vj,i,κqi,t

]︸ ︷︷ ︸
Successfully upgrade

+(1−φl(S j,i,t)−m j,tφ f (S j, f ,t)−φe(S j,e,t))Et
[
Mt+1Vj,i,q j,i,t

]︸ ︷︷ ︸
Unsuccessful but hold the position

+(m j,tφ f (S j, f ,t)+φe(S j,e,t))Et [Mt+1Vj, f ,t+1]︸ ︷︷ ︸
Lose leader’s position

.

Note that Eq.(2.24) captures the relative destruction where the rate of success of radical innovation

m j,tφ f (S j, f ,t)+φe(S j,e,t) by entrants and followers increases the leaders’ probability of losing their

position. Greater expenses on radical innovation depress the leader’s value. In addition, the stream

of profits π j,i,t drives the cash flow risk of the leader.

Follower Dynamics

The measure of followers m j,t is time varying, while the measure of leaders is fixed. After each

technology race, the entrants with leading technology patents enter into the production as new

leaders and a fraction φ of failed followers exit the market. The evolution of the measure of

followers m j,t is:

m j,t+1 = (1−φ f (S j, f ,t))φm j,t︸ ︷︷ ︸
survived followers

+[φ f (S j, f ,t)m j,t +φe(Se,t)]︸ ︷︷ ︸
failed leaders

+m̄

More followers exist and contribute their lagging technologies to the production of the homoge-

neous goods in the next period when more entrants successfully take leader positions and more

leaders fall behind.21 Therefore, radical innovation affects the future production of homogeneous

goods and quality goods by changing the ratio of followers to leaders.

20q j,i,t is predetermined. The leader chooses S j,i,t to solve the optimization problem.
21m̄ is a constant that determines the unconditional mean of mt , playing no role in the dynamic.
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2.2.6 Household

In the economy, there exists a representative household with Epstein-Zin preferences over a bundle

Ct of consumption Ct and labor Lt :

Ut =

[
(1−β )C

1− 1
ψ

t +β

(
Et
[
U1−γ

t+1

]) 1− 1
ψ

1−γ

] 1
1−1/ψ

, (2.24)

where ψ denotes intertemporal elasticity of substitution, γ is the relative risk aversion, and β is the

subjective discount rate. I assume the household prefers an early resolution of uncertainty, hence

γ > 1
ψ

. The the utility bundle Ct is defined as:

Ct =Ct − ω̄l
ZtL

ωl
t

ωl
,

where ωl controls the elasticity of labor. ω̄l is a scaling parameter. Zt is an exogenous process that

cointegrates with aggregate technology growth to ensure balanced growth.22

The household holds the physical capital Kt . Each period, the household invests to accumulate

capital using the following technology:

Kt+1 = (1−δk)Kt +Φ(
It
Kt

)Kt , (2.25)

where It is the aggregate investment, δk is the capital depreciation rate. Φ is the production tech-

nology of capital, which features convex adjustment costs (Jermann (1998)).

Each period, the household earns wage wtLt and receives capital rents rk
t Kt as income by sup-

plying physical capital Kt and labor Lt to the markets for the use of production. In addition, the

household receives dividends from all firms, which are owned by the household. Therefore, the

household’s budget constraint is:

Ct + It = Dt + rk
t Kt +wtLt , (2.26)

22Specifically, zqt , which is the ratio of Zt over aggregate technology level Qt , satisfies: zqt =
(1−θzq)µ̄ +(1−θzq)(zqt−1−∆qt). θzq equals 0 so that Zt grows at steady state growth rate µ̄ .
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where Dt is the aggregate net cash flow from all firms. All terms in Eq.(2.26) are in units of

homogeneous goods.

The household’s optimaziation problem is to maximize the utility in Eq.(3.6) subject to budget

constraint Eq.(2.26) and Eq.(2.25). The implied stochastic discount factor is standard:

Mt,t+1 = δ (
Ct+1

Ct
)−

1
ψ (

Ut+1

E∗t [U
1−γ

t+1 ]
1

1−γ

)
1
ψ
−γ . (2.27)

2.2.7 Equilibrium

Market Clearing

In equilibrium, the capital rental rates rk
t , the wage rates wt and the goods prices clear their markets

respectively.

The capital market clearing:

Kt =
∫

j
K j,l,td j+

∫
j
K j, f ,td j. (2.28)

The labor market clearing:

Lt =
∫

j
L j,l,td j+

∫
j
L j, f ,td j. (2.29)

The goods market clearing:

PY ,tYt =Ct + It +
∫

j

∫
i
Pj,l,tx j,i,tdid j+

∫
j

∫
i
q j,i,tS j,i,tdid j+

∫
j
Q j,tm j,tS j, f ,td j+

∫
j
Q j,tS j,e,td j.

(2.30)

Symmetric Equilibrium

For the leaders, the profit π j,i,t is linear in the leading technology level q j,i,t , as shown in Eq.(2.17).

In addition, all leaders are equally likely to be displaced by entrants and followers that resulted
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from the uncontrollable radical ideas. These two conditions imply that all leaders with hetero-

geneous technology levels choose the same quality adjusted innovation expenditure S j,i,t in the

technology race at time t.23 Therefore, industry j’s innovation activity can be expressed by its

average technology level Q j,t and homogeneous S j,i,t = S j,l,t across leading technology i:

∫
i
q j,i,tS j,i,tdi = Q j,tS j,l,t (2.31)

Similarly, Eq.(2.3) implies that quality adjusted intermediate input x j,i,t
q j,i,t

is invariant across i. Hence,

industry j’s aggregate intermediate input can by described by Qt and the equilibrium x j,i,t
q j,i,t

=
x j,l,t
q j,l,t

:

∫
i
Pj,l,tx j,i,tdi = Q j,tPj,l,t

x j,l,t

q j,l,t
. (2.32)

In addition, the technology spillover effect ensures that all followers (entrants) are ex-ante identical

and make symmetric innovation expenditure decisions in each industry.

A symmetric equilibrium exists in the economy where all industry good firms, quality firms

and homogeneous firms make the identical production decisions across industries.24 The aggregate

technology levels and the ratio of followers to leaders are identical for all j, that is Qt = Q j,t and

mt = m j,t . The aggregate technology growth rate is given by:

Qt+1

Qt
= ((φl(Sl,t)+φ f (S f ,t)+φ f (S f ,t)mt)κ)︸ ︷︷ ︸

Successful innovation

+((1−φl(Sl,t)−φ f (S f ,t)−φ f (S f ,t)mt))︸ ︷︷ ︸
Stay at the same technology level

The follower-to-leader ratio mt , the aggregate technology Qt and the aggregate physical capital Kt

are the three endogenous state variables in the economy.25

23See the proof for symmetric innovation in Section A.6 .
24Yj,t = Yt = Yt , Yj,l,t = Yl,t , Yj, f ,t = Yf ,t and Pj,t = Pt = PY ,t , Pj,l,t = Pl,t , Pj, f ,t = Pf ,t . for all j.

The details of the equilibrium conditions and proofs are in the Appendix.
25Qt can be interpreted as the aggregate technology capital.
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2.3 Quantitative Analysis

In this section, I present the quantitative analysis of the model. First, I discuss the model calibration

and the functional forms for innovation and physical capital production technology. Second, I

examine the implications of the technological race for asset prices and technology growth. In

particular, the follower-to-leader ratio, as a state variable in the model, drives the cash flow risk

of the leading technology, which is a key factor affecting asset prices. In addition, I discuss the

empirical predictions of the model.

2.3.1 Calibration

I report the quarterly benchmark calibration for the model in Table 2.1. The performance of the

model is robust to reasonable variations around the benchmark. I solve the model using third order

perturbation methods.

The parameter choices for preferences are standard. In particular, the relative risk aversion γ

is set to 10, and the intertemporal elasticity of substitution is set to 2 so that the agent prefers an

early resolution of uncertainty, following the production-based asset pricing literature (e.g., Croce

(2014), Kung and Schmid (2015), Kung (2015)). This parametrization helps to generate a sizable

risk premium as discussed in the long-run risk literature (Bansal and Yaron (2004)). The subjective

discount rate is set so that the risk-free rate is within a reasonable range of the empirical estimate.

The labor elasticity is set to 1.5 so as to be consistent with the choice in Greenwood et al. (1988).

And the labor scale parameter ω̄l is set so that the steady state labor supply is 1/3.

In the production of quality goods and homogeneous goods, the capital share α is set to 0.3.

And the quarterly physical capital depreciation rate δk is set to 1.5%, following the macroeconomic

literature. For the physical capital production technology Φ( It
Kt
), I consider the following standard
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Table 2.1: Benchmark Calibration

Preferences

Relative Risk Aversion ( γ ) 10
Intertemporal Elasiticity of Substitution ( ψ ) 2
Subjective Discount Rate ( β ) 0.988

1
4

Labor Elasticity ( ωl ) 1.5
Labor Scale Parameter ( ω̄l ) 0.63

Production

Capital Share ( α ) 0.3
Capital Depreciation Rate ( δk ) 0.015
Elasticity of Capital Adjustment Costs ( ξk ) 8
Leading Technology Patent Share ( ξ ) 0.49
Leading Technology Markup ( ν ) 1.73
Leading Technology Patent Production Cost ( µl ) 1
Follower Technology Lag ( ḡ ) 1/κ

Follower Required Production ( x̄ f ) 1

Industry Good

Quality Good Weight ( ω ) 0.5
Quality Good Elasticity of Substitution ( τ ) 4.5
Industry Good Elasticity of Substitution ( τi ) 4.5

Innovation

Innovation Scale Parameter ( χ ) 0.9
Innovation Elasticity Parameter ( η ) 0.8
Size of Technology Improvement ( κ ) 1.2
Follower Survival Rate ( φ ) 0.8
Follower Number Scale Parameter ( m̄ ) 0.2

Productivity

Productivity Persistence ( ρ ) 0.98
Productivity Volatility ( σ ) 0.016

This table reports the quarterly benchmark calibration.
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function form as in Jermann (1998):

Φ(
It
Kt

) =
α1

1− 1
ξk

(
It
Kt

)1− 1
ξk
+α0, (2.33)

where the elasticity of capital adjustment costs ξk is set to 8 so that the friction on the physical

capital accumulation is low, consistent with the choice in Croce (2014). Physical capital adjustment

thus is not a major risk in the model.

The leading technology patent share in the production of quality goods ξ is set to 0.49 and the

leading technology markup 1/ν is set to satisfy the balance growth restriction (ν−1)ξ
1−ξ

= 1−α . The

leading technology patent production cost µl is set to 1 so that one unit of patented intermediate

goods with leading technology needs one unit of quality goods. The three parameters above are set

in the spirit of Kung and Schmid (2015).

The follower technology lag parameter ḡ is set to be the inverse of the size of technology

improvement κ so that the followers are only one step below the leading technology in accordance

with Aghion et al. (2005). The follower required units of intermediate goods x̄ f is normalized

to one. m̄ is set so that on average each follower has one corresponding follower who holds the

lagging technology.

For the innovation technology, all innovators share the same function:

φi(S) = χSη , i = l, f ,e. (2.34)

The elasticity of innovation rate with respect to R&D η is set to 0.8, which is within the range

from 0.6 to 1.0 estimated by Griliches (1998). The size of technology improvement κ is set to 1.2

following the estimates in Bena et al. (2015). The innovation scaling parameter χ is set to 0.9 so

that the annual average growth rate of aggregate output is 1.9%.

The quality goods elasticity of substitution τ is set to 4.5. This parameter plays an important

role in the model since it governs the monopoly power of the quality goods. The choice of τ

thus affects the value of leading technology, which further affects the innovation activities of all
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innovators in the economy. The value set in the benchmark calibration implies that the average

arrival rate of a radical innovation for a follower or entrant is about 16 years which is consistent

with the choice in Acemoglu and Cao (2015).26

The implied leader survival cycle, that is the time of staying in leaders, is about 8 years since

both followers and entrants conduct radical innovation in each period. In addition, the follower

survival rate φ is set to 0.8. Therefore, the implied patent survival rate is 0.975 which is consistent

with the choice in Comin and Gertler (2006) and Comin et al. (2009). The implies a quality goods

markup of 0.28, which is broadly consistent with my empirical evidence. I conduct comparative

static analysis by changing the value of τ and discuss the results in the following section.

The productivity parameters are set to be consistent with macroeconomic moments. The pro-

ductivity persistence is set to ρ is set to 0.98 and the productivity volatility is set to σ , which are

consistent with the estimates in Bansal et al. (2019). The upper panel of Table 2.2 shows the sim-

ulated macro moments from the model. Overall, the calibrated model fits the macroeconomic data

reasonably well.27

2.3.2 Results

In this section, I discuss the implications of the model. First, I show the relation between the tech-

nological race and the aggregate dynamics. Then, I study how the risk of the leading technology,

or LTR, affects asset prices. More importantly, I examine how the novel endogenous state variable

follower-to-leader ratio mt drives the LTR.

26The choice of τ , χ and m̄ jointly determines the annual average growth rate of aggregate
output, the radical innovation rate, and the quality goods markup.

27The model generates on average higher and less volatile risk free rates.
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Table 2.2: Macro and Return Moments

Moment Data Benchmark Low MP
Estimate Standard Error (τ = 9)

σ(∆Y ) (%) 4.85 (0.90) 3.61 3.60
σ(∆C)/σ(∆Y ) 0.61 (0.11) 0.76 0.76
σ(∆I)/σ(∆Y ) 2.14 (0.11) 1.59 1.60
σ(∆S) (%) 10.20 (1.88) 11.05 10.88
ρ(∆C,∆I) 0.84 (0.41) 0.97 0.97
AC1(∆C) 0.42 (0.12) 0.32 0.31
E
[
r f
]

(%) 0.49 (0.50) 1.93 2.03
σ(r f ) (%) 2.75 (0.48) 0.45 0.45

E
[
R f −Rl

]
(%) 0.88 0.57

β l
LP 0.32 0.29

β
f

LP 0.75 0.64
β l

LT R 0.26 0.25
β

f
LT R 0.47 0.40

The upper panel of this table reports the model simulated macro moments for the benchmark cali-
bration and the low market power specification, that is Low MP. The macro variables includes the
output growth ∆Y , the consumption growth ∆C, the investment growth ∆I, the R&D growth ∆S,
and the risk-free rate r f . The sample is from 1929-2014. The empirical moments report both the
estimates and the standard errors. Standard errors are computed by stationary bootstrap sampling.
Model moments are the average of 100 samples. Each sample has 400 time periods. The lower
panel shows the annualized mean of the unlevered returns of longing the return on followers and
shorting the return of leaders E

[
R f −Rl

]
. β s are the coefficients of the following regressions:

Rt,t+1 = α +βLP∆
πl,t+1

Kl,t+1
+ εt+1,

Rt,t+1 = α +βLT R∆
V l

t+1

V l,ex
t

+ εt+1,

for both leader and follower. The variance of independent variables is normalized to 1. The mean
of returns and coefficients reported are the average of 100 samples. Each sample has 400 time
periods.
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Model Dynamics

Figure 2.1 illustrates the macroeconomic dynamics by demonstrating the impulse responses of

macro quantities with respect to a positive technology neutral shock. Note that good aggregate

conditions make the leading technology more valuable by increasing the profits of leaders, as shown

in Eq.(2.17). A positive shock triggers the expanded effort on both the leaders’ innovation Sl,t and

the radical innovation from the entrants Se,t and the followers S f ,t since the value of being a leader

Vl,t increases. The innovation race becomes intense in the sense that more leading technologies are

improved by the entrants and followers and more leaders are displaced. The growth of aggregate

technology speeds up in response to the increase in innovation effort.

In contrast to the standard quality ladder models in which only the highest technology holders

can participate in the production (e.g., Acemoglu and Cao (2015), Bena et al. (2015)), the leaders

who lose their position do not exit the economy and can still contribute to the production of homo-

geneous goods as followers in the model. Each period, the number of leaders who are displaced

depends on the results of the technological race, which leads to a time-varying measure of the fol-

lowers mt . As shown in Figure 2.2, with respect to a positive neutral productivity shock, mt rises

since more leaders become followers after the race. Without the leading technology for the quality

goods production, the followers enjoy no monopolistic rents. However, they can become leaders in

the future technology races. The follower’s value is determined by the probability of becoming a

leader in the future, as Eq.(2.23) shows. Therefore, the followers have incentives to stay in business

even if they generate no profits.

The homogeneous goods producer is more productive in terms of the quantity after the number

of lagging technology holders expands.28 The larger supply of the homogeneous goods, which

increases the aggregate income, drives up the demand for the quality goods. The quality goods

28One way to interpret the increase in the productivity of homogeneous goods producers as the
firms provide more products with similar lagging technologies.
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Figure 2.1: Technology Growth

This figure plots the impulse responses of growth and innovation variables with respect to the
neutral productivity shock εz,t in the benchmark model. The variables are the aggregate technology
growth rate ∆logQt+1, the value of the leading technology logV l

t , the quality adjusted average R&D
expenditures of leaders St , followers S f ,t and the entrants Se,t .
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Figure 2.2: Prices and Profitability

This figure plots the impulse responses of prices and profitability variables with respect to the
neutral productivity shock εz,t and the tech step size shock (i.e. an increase in kappa) in the
benchmark model. The variables are the follower-to-leader ratio Followerst+1 or mt+1, the price
of the quality goods Pl,t , The profitability measure, which is the average profit of leaders scaled by
capital used in quality goods production πl,t

Kl,t
.
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firm thus charges a higher price and earns higher profits. As shown in Figure 2.2, the relative price

of the quality goods Pl,t surges along with the follower-to-leader ratio mt . The profit earned by the

leaders and the profitability measure of the quality goods firm, which is the ratio of the profit to

capital, increase since the quality goods are worth more as a result of a rise in the demand. Given

the link between the profit of the quality goods firm and the profit of the leading technology as

shown in Eq.(2.17), each leader who contributes to the production of the quality goods extracts

higher rent when quality goods firm becomes more profitable.

The profitability measure of the quality goods firm is important for the following reasons.

First, it is informative about the important state variable follower-to-leader ratio mt introduced by

the model. Increased number of technological followers in the market makes the quality goods with

cutting-edge technologies more profitable by driving up the demand. Therefore, the profitability of

the quality goods firm comoves with the follower-to-leader ratio. Therefore, it gives some empirical

guidance to capture this state variable. In addition, empirically, not only the macroeconomic condi-

tion but also other shocks can trigger the technological race such as technology booms and shocks

that improve the new idea financing condition. The changes in the profitability of the quality goods

firm reflect the resulted follower-to-leader ratio from such shocks. Moreover, the profitability of

the quality goods firm is an indirect measure of the average profits of the leading technologies. The

average value of leading technologies rises along with the profits of the leading technologies. In

section 2.4.1, I discuss the construction of the empirical counterpart of the measure of the profits

for the leading technologies.

Risk of Leading Technology

The value of all firms in the economy are determined by their discounted profits since both capital

and labor are held by the representative household. Furthermore, among the three types of inno-

vators, namely the leaders, the followers and the entrants, only the leaders who own the leading
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technology can enjoy the profits. In contrast, the values of the followers and entrants who enjoy no

monopolistic rents are entirely determined by their small chances to become leaders in the future,

as shown in Eq.(2.23) and Eq.(2.22). The followers and entrants with low current values have a

strong incentive to innovate to displace the leaders and their innovation efforts are driven entirely

by the future value of leaders. That is, S f ,t and Se,t are both determined by the expected value

of future leaders. Their current values are, therefore, fully determined by the future monopolistic

rents of leading technology. As a consequence, the risk of follower and entrants is low since their

values are not sensitive to the current aggregate productivity shocks.

In comparison to the followers and entrants, the value of leading technology is higher and

more risky. Each period, the monopolistic rents gained by leaders are volatile and covary with the

aggregate shocks, which increase the leaders’ exposure to the aggregate shocks. I define the risk of

leading technology as the sensitivity of V l
t

V l,ex
t−1

to the aggregate shock, that is,

β
LT
A,t+1 =

∂
V l

t+1

V l,ex
t

∂ zt+1
, (2.35)

where V l
t+1 denotes the average value of leaders at time t +1:

V l
t+1 =

∫ 1

0
Vi,q j,i,t+1di (2.36)

The leader’s value is scaled by V l,ex
t , which is the average ex-dividend value of leaders at time t. As

shown in Figure 2.2, the value of leading technology responds positively to the aggregate shock.

Therefore, β LT
A,t+1 is positive and the leading technology is risky. How risky the leading technology

is, or β LT
A,t+1, depends on both the monopoly power of the leader firms and the follower-to-leader

ratio.

The Demand For Quality Goods

The demand for the quality goods is determined by aggregate household income, which is procycli-

cal. To be specific, when the aggregate productivity increases, the quality goods firm which has
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monopoly power does not fully expand its production to respond to the good shock so that higher

monopolistic rents can be extracted by the firm. On the contrary, the homogeneous goods firm,

which sells the goods in a competitive manner, is more responsive to the aggregate shock by fully

increasing its production. Overall the rise in the production of all goods increases the aggregate

income, driving up the demand for the quality goods, which are produced limitedly. In the goods

market, the quality goods, therefore, sell at a higher price. The quality goods firm and the leaders

make higher profits, as shown in Figure 2.2.

The volatile demand affects the cash flow risk of the quality goods firm. How volatile the

demand fluctuates further depends on the state variable follower-to-leader ratio. In Figure 2.3,

both the conditional volatility of the quality goods price scaled by its conditional mean Pl,t+1
Et Pl,t+1

, and

the profit of leading technology, which is extracted from the quality goods firm’s profit, scaled by

its conditional mean πl,t+1
Et πl,t+1

become more volatile along with the increase in the follower-to-leader

ratio. That is, the price of the quality goods and the leader’s rents are more sensitive to the aggregate

shocks when there are more followers in the economy. This is because the homogeneous goods

firm is more productive in terms of quantity if more followers exist. When the good aggregate

shock happens, compared to the economy with fewer followers, the more productive homogeneous

goods firm, which hires more labor and uses more capital, increases their production even further.

That further boosts the aggregate income. The richer representative household has an even higher

demand for the quality goods. As a result, the leaders earn even higher rents. That is, the cash

flows generated by the leading technologies covary more with the aggregate shocks and are more

risky when the follower-to-leader ratio is high.

As shown in Figure 2.3, the increased cash flow risk drives up the risk of the leading technology

as the conditional volatility of V l
t

V l,ex
t−1

, which is the measure of β LT
A,t+1, increases as well. The results

combined with the result in Figure 2.2 indicate that the value of leading technology is more risky

when more followers participate in the production. β LT
A,t+1, therefore, is increasing in the follower-
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Figure 2.3: Cash Flow Risk

This figure plots the neutral productivity shock conditional sensitivity measure of the price of qual-
ity goods, the profit of the leading technology, and the value of the leading technology, that are the
conditional standard deviation of Pl,t+1

Et Pl,t+1
, πl,t+1

Et πl,t+1
, and Vl,t+1

V ex
l,t

, against the state variable follower-to-
leader ratio. The blue lines, which have the y axis on the left, are the benchmark model. The red
lines, which have the y axis on the right, are the model with low monopoly power τ = 9.
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to-leader ratio.

Besides, adjusting by the equilibrium wages and capital rental rate, the resources for production

flow more to the homogeneous goods sector because of the high productivity of the homogeneous

goods firm and the strong incentive for the quality goods firm to limit its increase in production.29

The resources are allocated to the more productive sector, which further boosts the aggregate in-

come. As a result, the price of the quality goods and the monopolistic rents boost more when the

follower-to-leader ratio is high and vice versa. Figure 2.4 confirms that the labor and capital real-

locations are larger with more followers. The conditional volatilities of the labor share and capital

share are increasing in the state variable mt . Therefore, when more followers exist, a larger share

of the resources for production flow towards the homogeneous goods firm in goods time and vice

versa.

To better understand the role of monopoly power of the quality goods firm, Figures 2.3 and

2.4 also plot the results of the model with a low monopoly power specifications, in which the

elasticity of substitution between quality goods and homogeneous goods τ is high. Figure 2.3

shows that for a given level of the follower-to-leader ratio, the prices of quality goods and the

profit of leading technology are less responsive to neutral productivity shocks. And the value of

the leading technology is less risky. The quality goods firm with low market power cannot earn as

high profits as in the case of high market power even if the demand for the quality goods is high.

The weaker ability to extract rents makes the cash flows of leading technologies covary less with

the aggregate shocks. The cash flow risk for the quality goods firm with low market power is low,

which leads to a lower risk of the leading technology.

Figure 2.3 also shows that the cash flow sensitivity and the risk of leading technology increase

slowly with the follower-to-leader ratio for the low monopoly power case. Due to the lack of

ability to extract rents, the leaders cannot raise their profits that much even if the demand is higher.

29The aggregate supply of labor is higher in good times, while the increased labor is largely
hired by the homogeneous goods firms.
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Figure 2.4: Resource Reallocation

This figure plots the neutral productivity shock conditional sensitivity measure of share of capital
and the share of labor used in quality goods production, that are the conditional standard deviation
of Kl,t+1

Kt+1
, Ll,t+1

Lt+1
, against the state variable follower-to-leader ratio. The blue lines, which use the y

axis on the left, are the benchmark model. The red lines, which use the y axis on the right, are the
model with low monopoly power τ = 9.
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More followers contributing to the production does not make the cash flow much more volatile.

Therefore, the cash flow risk and thus the risk of leading technology are less responsive to changes

in the follower-to-leader ratio.

Risk Premium

The value of the leading technology is risky because the profits of the leaders are more exposed to

the aggregate risks. I refer to the leading technology risk as LTR. The innovators whose returns

have higher loading on the LTR should expect a higher premium. Interestingly, the current follow-

ers who actively innovate to become a leader in the future have higher LTR loadings and thus have

higher expected returns than the returns on the leaders on average.

I define the quality-weighted average return on the current leaders from time t to t +1 as:

Rl
t,t+1 = [(1− (1−κ)φl(Sl,t)−mtφ f (S f ,t)−φe(Se,t))]︸ ︷︷ ︸

Stay as a leader

V l
t+1

V l,ex
t

(2.37)

+(mtφ f (S f ,t)+φe(Se,t))︸ ︷︷ ︸
Become a follower

V f ,ex
t

V l,ex
t︸ ︷︷ ︸

Price jump down

V f
t+1

V f ,ex
t

.

Rl
t,t+1 can be interpreted as the return of the technology capital of the quality goods firm. The

loading of the leader’s return on the LTR, β i
LT,t+1, mainly depends on both the leader’s rate of

successful technology improvement φl(Sl,t) and the rate of radical innovation from followers and

entrants mtφ f (S f ,t)+φe(Se,t).30 Because the technology step size κ is greater than 1, a higher suc-

cessful rate of leader’s innovation makes the leader have greater exposure to the LTR. In contrast,

if the rate of successful radical innovation is high, the leader is more likely to be displaced and thus

has a lower exposure to the LTR. That is, the distruptive innovation from followers and entrants

lowers the risk of the leader’s returns.

30Actually, the follower’s value V f
t+1

V f ,ex
t

is also positively correlated with the leader’s value V l
t+1

V l,ex
t

.
However, the correlation is relatively small since the follower has no cash flows.
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The average return from t to t +1 on the current followers is defined as:

R f
t,t+1 = φ f (S f ,t)︸ ︷︷ ︸

Become a leader

κ
V l,ex

t

V f ,ex
t︸ ︷︷ ︸

Price jump up

V l
t+1

V l,ex
t

+(1−φ f (S j, f ,t))φ︸ ︷︷ ︸
Stay as a follower

V f
t+1

V f ,ex
t

. (2.38)

R f
t,t+1 thus can be interpreted as the return of the technology capital of the homogeneous goods

firm. The follower’s rate of succesfully obtaining the leader’s position and the price jump from the

follower to the leader are the key elements that affect the follower’s loading on the LTR (β i
LT,t+1).

The followers’ effort on innovation expose them to the LTR. More importantly, once the follower

succeed, the price jump from a follower who has no profits to a leader who enjoys monopolistic

rents is drastic. This increase in the value makes the return on the follower sensitive to the cash

flow shock in the next period.

The future returns on the current followers have greater exposure to the LTR than the returns on

leaders because of the price jump, that is, β
f

LT R > β l
LT R. The conditional exposure of firm’s return

to aggregate risk, β i
A,t+1, can be decomposed as follows:

β
i
A,t+1 = β

i
LT,t+1β

LT
A,t+1.

Because the leading technology is risky (β LT
A,t+1 > 0), a high loading on the LTR (β i

LT,t+1) makes the

return more sensitive to aggregate shocks. The return with high β i
LT,t+1 has a high risk premium.

Therefore, the returns on followers have higher risk premia than the returns on leaders.

The long follower short leader portfolio thus has a positive risk premium. The lower panel in

Table 2.2 shows that the loading of follower’s returns on the LTR β
f

LT R is 0.47, while the leader’s

loading on the LTR β l
LT R is 0.26. The annualized unlevered premium of the long follower short

leader portfolio generated by the model is around 0.9%, which is sizable in a production based

model with low investment adjustment costs. In addition, the future returns on the current followers

are more sensitive to the cash flow risk of the leading technology. The loading of a follower’s

returns on the changes of profitability of leading technology, β
f

LP, thus is also higher than the
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leader’s, as shown in Table 2.2. That is, β
f

LP reflects the return’s exposure to LTR. Empirically, I

use firms’ β
f

LP to approximate their exposure to LTR, as discussed in section 2.4.1.

Figure 2.5 shows that the risk premium of return on leaders and the risk premium of return on

followers are both increasing in the follower-to-leader ratio since the LTR rises. More importantly,

the risk premium of longing followers and shorting leaders rises along with the follower-to-leader

ratio. This is due to the rise in LTR. Because the returns on followers have higher exposure to the

LTR, the increase in the LTR drives up the premium of the followers more. The second channel is

the increase in the aggregate price of risk further drives up the risk premium of return on followers.

Firms often hold a mix of technologies. Therefore, the return of the technology capital of a

firm is the value-weighted return of leading technologies and following technologies.

The Aggregate Price of Risk The sensitivity of the aggregate output to the aggregate produc-

tivity shocks rises along with the follower-to-leader ratio, as shown in Figure 2.6. The aggregate

output can be expressed as:

PY ,tYt = Pl,tYl,t +Yf ,t . (2.39)

As shown in section 2.3.2, the revenue of the quality goods firm Pl,tYl,t is more volatile with a

larger number of followers.31 The output of the homogeneous goods firm Yf ,t is also more volatile

because of the larger resources reallocations. The aggregate output thus is more volatile. Therefore,

the aggregate price of risk rises along with the increase in volatility of consumption growth. This

result implies that the aggregate price of risk could also be high if the follower-to-leader ratio is

high.

31A more sensitive profits implies a more volatile revenue since the quality goods firm has a
constant markup.
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Figure 2.5: Leader and Follower Premium

This figure plots the conditional excess returns of leaders, followers and long leader short follower
against the state variable follower-to-leader ratio. The blue lines, which use the y axis on the left,
are the benchmark model. The red lines, which use the y axis on the right, are the model with low
monopoly power τ = 9.
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Figure 2.6: Aggregate Risk

This figure plots the neutral productivity shock conditional sensitivity measure of aggregate output,
aggregate consumption growth, and stochastic discount factor, that are the conditional standard
deviation of PY ,t+1Yt+1

Et PY ,t+1Yt+1
, ∆Ct+1, and Mt,t+1, against the state variable follower-to-leader ratio.
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2.3.3 Empirical Implications

Recall that β i
A,t+1, the conditional exposure of firm’s return to aggregate risk, can be decomposed

as follows:

β
i
A,t+1 = β

i
LT,t+1β

LT
A,t+1,

where β LT
A,t+1 is the exposure of the value of leading technologies to aggregate shock, or the risk of

leading technology (LTR), and β i
LT,t+1 is the firm-specific loading on LTR. Empirically, I construct

the LTR factor that captures β LT
A,t+1×aggregate shock.32

The model implies that LTR factor carries a positive price of risk since β LT
A,t+1 is positive. That

is a firm with higher exposure to the LTR should expect a higher premium since its return is more

sensitive to aggregate shock (higher β i
A,t+1).

The LTR provides additional pricing information since the LTR is driven by the novel state

variable follower-to-leader ratio proposed by the model (β LT
A,t+1 is endogenously driven by the

follower-to-leader ratio). As a result, the model predicts that the SDF loading on the LTR fac-

tor is significant while controlling for other factors. This is because LTR factor is informative

about the follower-to-leader ratio that drives the cross-section of risk premia.

Moreover, the LTR price of risk is increasing in the follower-to-leader ratio, which is further

positively correlated with the aggregate productivity, as shown in section 2.3.2. Therefore, the

model predicts that the LTR price of risk, or β LT
A,t+1, is high when the economy is booming.

Empirically, a firm could hold both the leading technologies and the lagging technologies. The

model predicts that firms that have more lagging technologies and actively innovate should expect

higher returns because of the higher exposure to the LTR (higher β i
LT,t+1). Implied by the model,

the follower firm should also spend more resources to innovate than the leader firm since it has a

32My model features the endogenous conditional beta on aggregate risk. However, empirically
it’s difficult to estimate conditional factor models. In the spirit of Jagannathan and Wang (1996), I
use an unconditional multifactor approach to capture LTR in my model. I show that the properties
of that factor are consistent with my model’s prediction.
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stronger incentive to displace the leaders.

2.4 Empirical Evidence

In this section, I test the empirical implications of the model. First, I construct the leading tech-

nology risk factor in section 2.4.1. In section 2.4.2, I perform various formal cross-sectional tests

to estimate the price of risk of the leading technology risk factor. In section 2.4.3, I test if the

LTR factor is useful for pricing assets. In section 2.4.4, I test the LTR procyclicality by showing

that price-dividend ratio predicts the LTR factor positively. In section 2.4.5, I verify the model’s

implications for returns and innovation activities at the firm level.

2.4.1 Factor Construction

The model implies that the profits of the quality goods firms determine the cash flow risk of the

leading technology. According to the definition of the quality goods firm in the model, empirically,

a firm identified as a technological leader should satisfy two conditions. First, the firm should hold

the leading technologies. Note that typically firms hold a bundle of different technologies. Some

of the technologies are cutting edge, while the others are common. A firm is more likely to hold

the leading technology if the technology level measured by the quality of its patents is higher than

other firms in the industry. Second, the firm should already bring innovative products to the market

using the leading technology. Importantly, if a firm has already obtained the patent on the leading

technology but its new product is still in progress, it should not be considered a leader since the

leading technology has yet to start generating profits.
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Direct Approach

A natural approach to identify the leader firm is to directly verify whether a firm provides innova-

tive products since they are likely to be equipped with leading technologies. For this reason, I use

R&D/Innovation performance indicators from the MSCI ESG KLD STATS dataset, which identify

a company as a leader if it brings notably innovative products to market. I match the indicator

dataset with CRSP/Compustat to collect the financial data and stock returns for leaders and follow-

ers identified by the performance indicator. More importantly, In order to validate the innovation

performance indicators, I also use the patent value data from Kogan et al. (2017). All details of the

data are described in the Appendix.

Table 2.3 reports the summary statistics of leader firms and follower firms identified by the

performance index. Importantly, the citation weighted patents scaled by size of the leader firms

is about six times as high as the patents owned by the follower firms. The scaled market value

of the patents owned by the leader firms is about five times as high as it is for follower firms.33

Therefore, the leader firms are more likely to hold the leading technologies.34 In addition, while

it is typically difficult to measure markups, Table 2.3 suggests that the leader firms have higher

markups on average. Moreover, the leader firms have larger size, lower book-to-market ratio on

average.

Following section 2.3.2, I construct the measure of the average profitability of the leading

technologies as the average excess profitability of the leader firms:

LPt =
1

nleaderst
∑

j∈leaderst

Pro f it j,t

Asset j,t
− 1

n f ollowerst
∑

j∈ f ollowerst

Pro f it j,t

Asset j,t
.

33The citation-weighted measure is based on Hall et al. (2005). The market value of the patent
is measured based on the firm stock returns. See Kogan et al. (2017).

34Note that the leader firm is different from the high R&D firms in the firm innovation literature
(e.g. Chan et al. (2001), Li (2011), Lin (2012), Croce et al. (2019)). High R&D firms are identified
based on the R&D expenditure which is an input measure, while the leader index is related to the
innovation output, which is innovative products with high valued patents.
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Table 2.3: Summary Statistics

Follower Firm Leader Firm Total

Total Assets 5738.9 13617.7 6042.1

Market Value 7630.1 38870.4 8640.5

EBITDA/Assets 0.142 0.167 0.143

Sale/Assets 1.169 1.073 1.165

CAPX/Assets 0.0580 0.0542 0.0579

Book Leverage 0.304 0.253 0.302

Number of Employee 24.73 39.47 25.29

Citation-Weighted Innovation Output/Assets 114.1 660.2 150.3

Market-Value Innovation Output/Assets 1092.6 5193.7 1364.4

Markup: (Sales-Costs)/Sales 0.393 0.485 0.396

Markup: Operating Income/Sales 0.0974 0.176 0.100

Markup: (Sales-Costs-Others)/Sales 0.0933 0.172 0.0964

This table reports the summary statistics for firms identified by the performance indicator
R&D/Innovation (PRO-str-B) from the MSCI ESG KLD STATS performance indicators dataset.
The definition of the indicator is: The company is a leader in its industry for research and devel-
opment (R&D), particularly by bringing notably innovative products to market. Citation-weighted
innovation output is the value of patents measured based on the citations. Market-value innovation
output is the value of patents measured based on the stock market reactions. Both measures are
obtained from Kogan et al. (2017). All financial data are obtained from Compustat.
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LPt is measured at quarterly frequency and Pro f it is defined as Sales−Costs. I denote ∆LPt =

LPt −LPt−1 as the innovation of LPt .35 Implied by the model, LPt is informative about the average

follower-to-leader ratio. A rise in LPt reflects a higher average profitability of the leading tech-

nologies. Importantly, the stock returns that are more sensitive to the changes in LPt have higher

exposures to the leading technology risk.

I use the stock returns from the Center for Research in Security Prices with share codes 10, 11

and 12 so that microcap stocks are not considered in the sample. In order to construct the tradable

factor of the LTR, for each stock returns in the sample, I estimate its exposure to the ∆LPt by

running the following regression:

Rex
i,t = αi +β

i
LP,t∆LPt +Controls+ ε

i
t ,

where Rex
i,t is the excess return of stock i at time t, and β i

LP,t measures its exposure to the LTR. I

control the return i’s exposures to Fama-French three factors that are the market factor, the size

factor and the value factor. For each time t, I sort the stock returns into terciles according to

their conditional LTR exposures β i
LP,t estimated on a trailing window. I form the value-weighted

portfolios for stocks with high LTR exposures and for stocks with low exposures. Then I construct

the factor-mimicking portfolio for the LTR by longing the portfolio with high β i
LP,t and shorting

the portfolio with low β i
LP,t . The sample period for the tradable LTR factor is from January 1998 to

December 2009 at a monthly frequency.36 Given this LTR factor is constructed directly based on

the firms with innovative products which are the closest to the definition of the quality goods firm

in the model, I refer it as the LTR factor with the direct approach.

35The time series of LPt is in Appendix.
36The MSCI ESG KLD STATS dataset discontinue the R&D/Innovation performance indicators

after 2009. Table B1 in Appendix reports details of the LTR factor.
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Indirect Approach

In this section, I propose another approach to construct the LTR in order to extend the sample with-

out relying on the performance indicators in section 2.4.1. Ideally, leader firms can be identified

if both their products and the embedded technologies can be observed, which is generally difficult

to achieve. Instead, I measure the technology level of firms in each industry, assuming that they

implement the technologies in their products.

The technology level of a firm includes both the newly developed technologies and the previous

technologies. In order to capture the current contribution of the technology developed in the past,

I estimate the technology depreciation rates for each industry. The approach I use to approximate

the depreciation speed is to measure the average life cycle of the patents in each industry with the

assumption that the contribution of a particular technology to the current product is negligible at

the end of its lifetime.

The measurement of the average life follows Bilir (2014). First, I match the NBER patent data

recorded in the NBER US Patent Citation Data Files to Compustat firms.37 Second, for industry

j, I compute the average life cycle T tech
lc, j by averaging the citation lags of the patents owned by

the firms in that industry. The citation lag is defined as the time difference between the grant of a

patent and the future citations.38 Table B2 summarizes the estimated life cycle of patents for SIC

49 industries. Therefore, T tech
lc, j indicates the average length of time that the technologies owned by

the firms in industry j stay relevant. That is, it is a measure of the average depreciation speed of

the technologies of industry j.

I estimate a firm i’s technology level in industry j as follows:

TechStocki, j,t = (1−δ
tech
j )TechStocki, j,t−1 +PatentValuei, j,t .

37For patent information, see Bronwyn Hall’s website, https://eml.berkeley.edu//∼bhhall/patents.html.
38For each patent, if the patent is cited more than once, I compute the average citation lag for

that patent.
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TechStocki, j,t is the stock of the technologies owned by firm i in industry j at time t. PatentValuei, j,t

is the market value of the patents generated by the firm at time t.39 PatentValuei, j,t thus is the

quality-adjusted innovation output of firm i at time t. It is a measure of inflow to the pool of

technologies held by the firm and contributes to the firm’s products. δ tech
j is the average depre-

ciation rate of technologies in industry j based on the measured life cycle T tech
lc, j .40 TechStocki, j,t

is therefore a measure of the current value of the technologies owned by firm i. TechStocki, j,t−1

is zero if firm i starts its business at time t. I define the technology level of firm i TechLeveli, j,t

as TechStocki, j,t scaled by its book assets, accounting for the fact that large firms may file more

patents.

Note that I use indutry-specific depreciation rate to capture the heterogeneous technology de-

preciation speeds across industry. More importantly, I use the innovation output, the value of a

patent, to measure the inflow to the stock of technologies, accounting for the fact that not all R&D

expenditures lead to technology improvements.41

For each industry, I sort the firms into deciles based on their measured technology level each

year. For the next year, I only label the top group as leaders, that is top 10% of the firms within

each industry, and the bottom group as followers based on the previous year’s groups. Note that

this procedure is conservative to assure that the leading technologies are more likely to be held

by the labeled leader firms. Moreover, I allow a one-year lag for labeling, assuming the firms

implement the newly developed technologies in their products fairly quick because of the rent-

seeking incentives.42 After forming the leader group and follower group for each time period,

39The data for patent values is obtained from Kogan et al. (2017).
40δ tech

j is determined so that after T tech
lc, j , the depreciated value of the patent is under 5% of the

original value.
41Eisfeldt and Papanikolaou (2013) and The Bureau of Economic Analysis (Sliker (2007)) use

the expenditure measure to construct the stock of organization capital and the stock of R&D re-
spectively, considering a constant depreciation rate.

42The results are robust to two-year and three-year lags.
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I follow the same procedure in section 2.4.1 to construct the LTR factor-mimicking portfolios,

which is referred as the LTR factor with the indirect approach.

In comparison to the factor with the direct approach, the indirect factor is potentially noisier

for the following reasons. First, the accuracy of the measurement on the firm’s technology level is

elusive because of the difficulty of measuring the depreciation rate of each technology. Second, the

time a firm actually uses the newly developed technologies in its product is not observed, which

makes the measurement on the average profitability of the leading technologies noisy. However,

the factor with the indirect approach has longer test sample period, which is from January 1978 to

December 2011. Therefore, more time-series and cross-sectional data are included in the tests. In

addition, despite the potential noises, the decomposition of the variances of both direct and indirect

factor into the principal components in section 2.4.3 suggests that they capture similar pricing

information.

2.4.2 Price of Risk

In this section, I estimate the price of risk of the leading technology risk in formal cross-sectional

asset pricing tests with a comprehensive set of test assets. In section 2.4.2, I perform the standard

two-stage procedure in cross-sectional asset pricing tests with GMM corrected standard errors.43

In section 2.4.2, for robustness, I perform a three-stage test that allows for omitted priced factors

proposed by Giglio and Xiu (2019). I compare the results with the estimates from GMM and

the estimates from the Fama-MacBeth procedure. The results support the model prediction that

β LT
A,t+1 > 0, that is leading technology is risky.

43See Kan and Zhang (1999a), Kan and Zhang (1999b) and Cochrane (2009).

50



Two-Stage Procedure

I perform the cross-sectional test that include two stages. In the first stage, I estimate the LTR betas

for each test asset i from the time-series regressions with the control of other priced factors:

Rex
i,t = ai +β

i
LT R fLT R,t + ∑

control
β

i
control fcontrol,t + ε

i
t .

Rex
i,t is the excess returns on asset i. Then I run a cross-sectional regression where I regress the

average excess returns on each test assets on the betas estimated in the first stage:

ET Rex
i = β

i
LT RλLT R + ∑

control
β

i
controlλcontrol +νt ,

where λLT R is the price of risk of the LTR. λcontrol are the risk prices of the control factors. The

model implies that the LTR price of risk is time-varying and depends on the state variable follower-

to-leader ratio. The esimated λLT R in the two-stage procedure is the average of the time-varying

LTR price of risk.

I use the portfolios obtained from Kenneth French’s website as test assets.44 The set of test

assets includes: 25 portfolios sorted by size and book-to-market ratio, which is the 25 Fama and

French (1993) Portfolios, 10 portfolios sorted by momentum, 10 portfolios sorted by investment,

10 portfolios sorted by operating profitability, 10 portfolios sorted by market beta, 10 portfolios

sorted by net issuance, 10 portfolios sorted by industry. The test assets, therefore, capture various

characteristics of the cross-sectional asset returns.

Table 2.4 reports the estimate of the price of risk for the LTR factor with the direct approach

(DA LTR factor). I use GMM, which corrects the cross-sectional correlation among assets and the

errors from generated regressor β s in the first stage, to estimate the standard errors. I report the

44For all details of the portfolio constructions, see Kenneth French’s website:
http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data librar.html. There are two rea-
sons for using portfolios as test assets. First, the returns on portfolios are less noisy. Second, they
suffer less from the issue of missing data.
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GMM t-statistics for each risk prices. The test time period for DA LTR factor is from January of

1998 to December of 2009. The LTR risk price is estimated with the presence of different groups of

control factors, such as Fama-French three factors, Carhart four factors, Fama-French five factors

and Fama-French five factors plus intermediary factor.45

Table 2.4: DA LTR Price of Risk: GMM

Factors LTR MKT SMB HML
λ 2.581 0.208 0.284 0.191
t− statGMM 2.401 0.499 0.893 0.619

Factors LTR MKT SMB HML MOM
λ 2.183 0.219 0.277 0.221 0.597
t− statGMM 3.135 0.531 0.860 0.711 1.018

Factors LTR MKT SMB HML RMW CMA
λ 1.886 0.211 0.366 0.058 0.139 0.264
t− statGMM 2.274 0.508 1.197 0.178 0.424 1.074

Factors LTR MKT SMB HML RMW CMA IMR
λ 1.696 0.211 0.366 0.098 0.117 0.234 -0.320
t− statGMM 2.304 0.508 1.192 0.308 0.360 1.004 -0.303

Factors LTR MKT SMB HML RMW CMA IMR

Std[β f ] 0.057 0.142 0.359 0.282 0.295 0.268 0.076

This table reports the estimated price of risk of the LTR factor based on the direct approach along with
various sets of control factors. The control factors include: market factor MKT, size factor SMB, value factor
HML, momentum factor MOM, profitability factor RMW, investment factor CMA, intermediary factor IMR.
Test assets include 25 portfolios sorted by size and book-to-market ratio, which is the 25 Fama and French
(1993) Portfolios, 10 portfolios sorted by momentum, 10 portfolios sorted by investment, 10 portfolios
sorted by operating profitability, 10 portfolios sorted by market beta, 10 portfolios sorted by net issuance,
10 portfolios sorted by industry. Sample is 1998M1-2009M12 Monthly. The estimation is the standard two-
stage procedure including the first stage time-series regression for each asset and the second stage cross-
sectional regression. The t-statistics are GMM corrected, accounting for the cross-sectional correlation and
estimation bias for β s in the first stage. The standard deviation of β s estimated in the first stage across assets
is reported.

The price of risk of the DA LTR factor is positive and significant across different control groups.

Moreover, the estimates of the DA LTR risk price 1.7% monthly or 20% annually is one magnitude

45Fama-French five factors (Fama and French (2015)) are obtained from Kenneth French’s web-
site. Intermediary factor is obtained from He et al. (2017).
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larger than the estimated market price of risk, which is 0.2% monthly or 2.4% annually. In addition,

surprisingly, while the estimates of the DA LTR risk price is consistently significant, the estimated

prices of risk of the classic factors are not. The insignificant results are mainly because the classic

factor estimation needs more time-series and cross-sectional data to reduce the noise, given the

sample size is only from January of 1998 to December of 2009. Table 2.4 also reports the standard

deviation of the betas across assets estimated in the first stage Eq.(2.40). The dispersion of the

loadings on DA LTR factor is one magnitude smaller than the dispersion of the classic factor betas.

Overall, the estimation results imply that the risk premium for being exposed to the DA LTR risk

is large while the number of the portfolios with relatively high exposures to the DA LTR risks is

small.

Table 2.5 shows the results for the LTR factor with the indirect approach (IA LTR factor) along

with other control factors with GMM correction. In this extended sample, from January of 1978

to December of 2011, similar to the results for DA LTR factor, the IA LTR factor risk price is

significantly positive and it is also one magnitude larger than the classic factors. However, many of

the classic factors become significant in the extended sample. In addition, the standard deviation

of betas on IA LTR factor is one magnitude smaller than the classic factors’, similar to the results

in Table 2.4.

Robustness

The standard two-stage price of risk estimation can be biased if not all priced factors are controlled

for. The bias can be potentially large if the factors are highly correlated with omitted priced fac-

tors.46 In order to account for the missing factors, I estimate the price of risk of the LTR using the

three-stage methodology proposed by Giglio and Xiu (2019).

The three stages are as follows. In the first stage, I perform a principal component analysis and

46If factors in the estimation are correlated with omitted priced factors, the β s estimated in the
first stage and the risk prices estimated in the second stage are biased. See Giglio and Xiu (2019).
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Table 2.5: IA LTR Price of Risk: GMM

Factors LTR MKT SMB HML
λ 9.148 0.572 0.086 0.281
t− statGMM 5.031 2.489 0.505 1.559

Factors LTR MKT SMB HML MOM
λ 4.983 0.593 0.097 0.331 0.733
t− statGMM 3.293 2.580 0.601 2.040 2.922

Factors LTR MKT SMB HML RMW CMA
λ 3.341 0.551 0.244 0.070 0.315 0.338
t− statGMM 2.283 2.412 1.584 0.438 2.292 2.552

Factors LTR MKT SMB HML RMW CMA IMR
λ 3.569 0.561 0.250 0.102 0.313 0.262 -0.266
t− statGMM 2.445 2.459 1.613 0.630 2.252 2.125 -0.440

Factors LTR MKT SMB HML RMW CMA IMR

Std[β f ] 0.011 0.324 0.342 0.269 0.257 0.257 0.057

This table reports the estimated price of risk of the LTR factor based on the indirect approach along with
various sets of control factors. The control factors include: market factor MKT, size factor SMB, value factor
HML, momentum factor MOM, profitability factor RMW, investment factor CMA, intermediary factor IMR.
Test assets include 25 portfolios sorted by size and book-to-market ratio, which is the 25 Fama and French
(1993) Portfolios, 10 portfolios sorted by momentum, 10 portfolios sorted by investment, 10 portfolios
sorted by operating profitability, 10 portfolios sorted by market beta, 10 portfolios sorted by net issuance,
10 portfolios sorted by industry. Sample is 1978M1-2011M12 Monthly. The estimation is the standard two-
stage procedure including the first stage time-series regression for each asset and the second stage cross-
sectional regression. The t-statistics are GMM corrected, accounting for the cross-sectional correlation and
estimation bias for β s in the first stage. The standard deviation of β s estimated in the first stage across assets
is reported.
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extract principal components from the set of test assets. The extracted PCs, which span the factor

space, capture almost all the pricing information. For each test asset i, I estimate the loadings on

the PCs. In the second stage, similar to Eq.(2.40), I run a cross-sectional regression to estimate the

risk prices λPC j for each PC using the loadings from the first stage. In the third stage, I regress the

observed factors on the PCs and estimate the loadings on each PC β f ,PC j . Therefore, the price of

risk of an observed factor, e.g. the LTR, can be expressed as:

λ
GX
LT R = ∑

j
β

LT R
PC j

λPC j (2.40)

The estimate λ GX
LT R is unbiased as long as the factor space is recovered by the extracted PCs.

Table 2.6 report the three-stage estimated prices of risk along with results from GMM and

Fama-MacBeth procedure (Fama and MacBeth (1973)), which is commonly used in the literature,

for both the DA LTR factor and the IA LTR factor. While there is no need to control other factors in

the three-stage procedure, for consistency, I also estimate the price of risks of the control factors in

the two-stage procedure using the same sample period. The t-statistics for the three-stage estimates

are based on the asymptotic theory developed by Giglio and Xiu (2019). The DA LTR price of risk

estimated by the three-stage methodology, which is 0.9% monthly, is smaller than the results from

two-stage estimation, suggesting that some factors relevant for the LTR risk are omitted in the two-

stage procedure even if Fama-French five factors plus intermediary factor are controlled. However,

the DA LTR price of risk is consistently positive and significant. Moreover, the estimation results

for the classic factors are close to the estimates in the two-stage procedure, which suggests the

results in Table 2.4 may be affected less by the omission of priced factors.

Similar to the DA LTR factor, the three-stage esitmate for the IA LTR price of risk is 0.6%

monthly and significant, while smaller than the two-stage estimates. The estimated price of risk

for the classic factors are consistent with the results in Giglio and Xiu (2019), while some of the

estimates in Giglio and Xiu (2019) are more significant since they use a longer sample, which is

from July of 1963 to December of 2015. In addition, for both samples, the results from Fama-
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Table 2.6: LTR Price of Risk: Giglio Xiu

DA LTR

Factors LTR MKT SMB HML RMW CMA IMR
λ 1.696 0.211 0.366 0.098 0.117 0.234 -0.320
t− statGMM 2.304 0.508 1.192 0.308 0.360 1.004 -0.303

λ 1.696 0.211 0.366 0.098 0.117 0.234 -0.320
t− statFM 2.453 0.510 1.185 0.298 0.362 0.990 -0.353

λGX 0.851 0.202 0.326 0.216 0.252 0.186 0.022
t− statGX 1.943 0.379 1.136 0.598 0.728 0.814 0.033

IA LTR

Factors LTR MKT SMB HML RMW CMA IMR
λ 3.569 0.561 0.250 0.102 0.313 0.262 -0.266
t− statGMM 2.445 2.459 1.613 0.630 2.252 2.125 -0.440

λ 3.569 0.561 0.250 0.102 0.313 0.262 -0.266
t− statFM 2.722 2.441 1.653 0.647 2.299 2.253 -0.487

λGX 0.595 0.584 0.220 0.216 0.300 0.191 0.454
t− statGX 1.830 1.670 1.421 1.230 2.120 1.684 1.082

This table reports the estimated price of risk of the LTR factor for both direct and indirect approach along
with various sets of control factors. The control factors include: market factor MKT, size factor SMB,
value factor HML, momentum factor MOM, profitability factor RMW, investment factor CMA, intermediary
factor IMR. Test assets include 25 portfolios sorted by size and book-to-market ratio, which is the 25 Fama
and French (1993) Portfolios, 10 portfolios sorted by momentum, 10 portfolios sorted by investment, 10
portfolios sorted by operating profitability, 10 portfolios sorted by market beta, 10 portfolios sorted by net
issuance, 10 portfolios sorted by industry. Sample for direct approach LTR factor is 1998M1-2009M12
Monthly. And sample for indirect approach LTR factor is 1978M1-2011M12 Monthly. The table reports the
estimated risk prices based on GMM, Fama MacBeth, and Giglio and Xiu. The Giglio and Xiu estimation is
based on the three-stage procedure proposed by Giglio and Xiu (2019), accounting for the omitted factors.
t-statitics for Giglio and Xiu are based on the asymptotic theory in Giglio and Xiu (2019), which corrects
time-series and cross-sectional heteroscedasticity and correlations and estimation biases.
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MacBeth procedure are consistent with the GMM, while the Fama-MacBeth procedure does not

account for the estimation errors of β s in Eq.(2.40).

2.4.3 Pricing Information

A positive price of risk of the LTR factor confirms that the returns with higher exposure to the

LTR factor have a high premium. However, the factor with a significant positive price of risk may

not be useful for pricing assets since the factor can be a combination of known factors and does

not provide additional pricing information.47 In order to test if the LTR factor explains the cross-

sectional returns, I estimate the stochastic discount factor (SDF) loadings on that factor. The results

support that β LT
A,t+1 is time-varying and capture additional pricing information so that the LTR factor

is not absorbed by the market factor.

I assume that the SDF has the following linear form:

mt = b0−b f t , (2.41)

where mt is the SDF, f t is a vector of factors and b is a vector of SDF loadings on the factors. A

factor is useful for pricing assets if b is significant on that factor controlling other factors. Cochrane

(2009) shows the relation between price of risk and SDF loadings as follows:

λ = E( f f ′)b. (2.42)

Inferences for λ and b is identical if the factors are uncorrelated with each other, which is often not

the case in the data.

Table 2.7 and Table 2.8 report the SDF loading estimates for both the DA LTR factor and the IA

LTR factor with different controls. The GMM t-statistics are also reported. The LTR factor with

both approaches has significant SDF loadings with the presence of classic factors. Importantly,

47For detailed discussion, see Cochrane (2009), Feng et al. (2019).
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Table 2.7: DA LTR SDF Loading

Factors LTR MKT SMB HML
bi 12.531 0.801 0.495 4.978
t− statGMM 2.407 0.446 0.201 1.903

Factors LTR MKT SMB HML MOM
bi 10.450 1.343 0.633 5.144 0.802
t− statGMM 3.060 0.661 0.268 1.923 0.484

Factors LTR MKT SMB HML RMW CMA
bi 8.518 3.413 3.496 -1.634 6.759 4.680
t− statGMM 2.163 1.189 1.189 -0.317 1.325 0.688

Factors LTR MKT SMB HML RMW CMA IMR
bi 7.744 5.773 2.872 0.776 5.573 3.719 -2.352
t− statGMM 2.143 1.071 0.912 0.152 1.200 0.608 -0.609

This table reports the SDF loading on the LTR factor based on the direct approach along with various sets
of control factors. The control factors include: market factor MKT, size factor SMB, value factor HML,
momentum factor MOM, profitability factor RMW, investment factor CMA, intermediary factor IMR. Test
assets include 25 portfolios sorted by size and book-to-market ratio, which is the 25 Fama and French (1993)
Portfolios, 10 portfolios sorted by momentum, 10 portfolios sorted by investment, 10 portfolios sorted by
operating profitability, 10 portfolios sorted by market beta, 10 portfolios sorted by net issuance, 10 portfolios
sorted by industry. Sample is 1998M1-2009M12 Monthly. The t-statistics are GMM corrected.
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the SDF loading on LTR is significant while controlling for the profitability factor RMW. Given

the construction of LTR uses the profitability measure, it is important to show that the LTR factor

provides pricing information that is different from the information captured by the profitability

factor. In addition, for the extended sample, the size factor has significant SDF loading while an

insignificant price of risk because of potential noises.48 The result implies that the size factor is

still useful in terms of pricing assets.

Table 2.8: IA LTR SDF Loading

Factors LTR MKT SMB HML
bi 10.349 3.688 3.555 3.064
t− statGMM 5.023 3.058 1.980 1.402

Factors LTR MKT SMB HML MOM
bi 5.522 4.533 2.180 6.243 4.165
t− statGMM 3.207 3.742 1.241 2.980 3.285

Factors LTR MKT SMB HML RMW CMA
bi 3.644 5.739 4.315 -7.980 8.998 19.828
t− statGMM 2.160 4.115 2.198 -2.125 2.947 3.124

Factors LTR MKT SMB HML RMW CMA IMR
bi 3.928 12.399 3.613 -1.963 8.341 14.414 -5.700
t− statGMM 2.340 2.817 1.782 -0.520 2.782 2.534 -1.762

This table reports the SDF loading on the LTR factor based on the indirect approach along with various sets
of control factors. The control factors include: market factor MKT, size factor SMB, value factor HML,
momentum factor MOM, profitability factor RMW, investment factor CMA, intermediary factor IMR. Test
assets include 25 portfolios sorted by size and book-to-market ratio, which is the 25 Fama and French (1993)
Portfolios, 10 portfolios sorted by momentum, 10 portfolios sorted by investment, 10 portfolios sorted by
operating profitability, 10 portfolios sorted by market beta, 10 portfolios sorted by net issuance, 10 portfolios
sorted by industry. Sample is 1978M1-2011M12 Monthly. The t-statistics are GMM corrected.

PC Decomposition As a supplement to the SDF loading estimates, I perform a variance de-

composition by projecting LTR factors along with other test factors onto principal components.

48Giglio and Xiu (2019) also find an insignificant price of risk for size factor in the sample from
1970 to 2012.
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Table 2.9 shows the percentage of the factor variance that is attributed to PCs for each factor.49

The results suggest that the LTR factors constructed by two different approaches capture similar

pricing information. Both DA and IA LTR factors have nontrivial loadings on the first three PCs,

which are the strong latent factors that explain most of the cross-sectional asset returns. Specifi-

cally, both DA and IA LTR factors load on PC2, where 19% of the variance of DA LTR and 17%

of the variance of IA LTR are attributed to. Surprisingly, both LTR factors load heavily onto PC13

to PC15 especially PC14, which is responsible for 25% of the DA LTR factor variance and 39%

of the IA LTR factor variance. In contrast, the loadings of the classic factors on PC13 to PC15 are

negligible. Therefore, both LTR factors are distinguishable from classic factors. The SDF loading

estimation results combined with the PC decomposition support the prediction that the LTR factor

49PCs are ranked from highest to lowest based on their eigenvalues. In addition, by projecting
the factor onto PCs, the factor fluctuation unrelated to pricing information is filtered.

Table 2.9: Variance Decomposition

Factors PC1-PC3 PC4-PC6 PC7-PC9 PC10-PC12 PC13-PC15
DA LTR 23.5 14.9 15.2 16.5 29.9
IA LTR 21.5 16.5 6.5 11.9 43.6
Market 99.7 0.0 0.1 0.1 0.1
SMB 91.3 6.5 1.8 0.1 0.3
HML 84.0 4.6 9.9 1.0 0.6
MOM 24.4 72.6 2.2 0.6 0.2
RMW 56.0 11.4 25.8 2.9 3.9
CMA 66.6 9.3 7.1 13.9 3.2
IMR 90.4 5.4 2.2 1.4 0.7

This table reports the variance decomposition of the factors onto the principle components ex-
tracted from the test assets. Numbers in the table are the percent explained by the PCs. The test
assets include 25 portfolios sorted by size and book-to-market ratio, which is the 25 Fama and
French (1993) Portfolios, 10 portfolios sorted by momentum, 10 portfolios sorted by investment,
10 portfolios sorted by operating profitability, 10 portfolios sorted by market beta, 10 portfolios
sorted by net issuance, 10 portfolios sorted by industry. Sample for DA LTR is 1998M1-2009M12
Monthly. Sample for the other factors is 1978M1-2011M12 Monthly.

60



contains additional pricing information.

2.4.4 Procyclical Premium

The model predicts that the LTR price of risk is procyclical since the leading technology is more

risky if more followers exist in the economy, which is more likely to happen in good times (β LT
A,t+1 >

0 is high in a booming economy). The empirical implication is that the market PD ratio should

predict the LTR factor premium positively. Table 2.10, where I regress both the DA and IA LTR

factors and the market factor on the PD ratio, confirms this prediction.50 Specifically, I run the

following regression:
1
k

Re
f ,t→t+k = α +β

f
pdPt/Dt + εt+k. (2.43)

The estimated β
f
pd over different horizons and the GMM corrected t-statistics are reported. The β

f
pd

for both DA and IA LTR factors are significant and positive over the one and two year horizons.

And the PD ratio loses its predictability for the LTR factors over longer horizons. The adjusted R2s

also declines along with the horizons after two years. In contrast, the PD ratio predicts the market

excess return positively. Moreover, the predictability is stronger for longer horizons because of

higher coefficient significance and higher adjusted R2s, consistent with the finding in the literature

(e.g., Cochrane (2011)). The results imply that the LTR factor premium is procyclical, while the

market factor price of risk is countercyclical.

2.4.5 Firm-Level Evidence

I use the panel data of Compustat firms with innovation performance indicator from MSCI ESG

KLD STATS dataset to investigate the model’s prediction on firms’ returns and innovation activi-

ties.

50Market price and dividend data is from Shiller’s website. IA LTR factor is filtered by project-
ing onto PCs.
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Table 2.10: Return Predictability (Years)

DA LTR Factor Prediction (Year)
Variables 1 2 3 4

P/D 1.115 0.828 0.532 0.377
t-stats 2.756 1.819 1.720 1.613
Ad jR2 0.231 0.147 0.128 0.094

IA LTR Factor Prediction (Year)
Variables 1 2 3 4

P/D 0.228 0.172 0.111 0.070
t-stats 1.995 1.795 1.486 1.227
Ad jR2 0.147 0.158 0.106 0.055

Market Factor Prediction (Year)
Variables 1 2 3 4

P/D -0.627 -0.615 -0.521 -0.437
t-stats -2.327 -2.941 -3.394 -3.506
Ad jR2 0.039 0.098 0.129 0.141

This table reports the coefficients of the regression 1
k Re

f ,t→t+k = α +β
f
pdPt/Dt + εt+k for LTR fac-

tors with both direct and indirect approach and the market factor. t-stats are GMM corrected.
Adjusted R2s are reported. Sample for direct approach LTR factor is 1998-2009. Sample for indi-
rect approach LTR factor is 1978-2011. Sample for market factor is 1969-2011.Market price and
dividend data is from Shiller’s website. IA LTR factor is filtered by projection onto PCs.
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Table 2.11: Firm Returns

(1) (2) (3) (4)
Rt,t+2 Rt,t+2 Rt,t+2 Rt,t+2

Leader Indicator -0.35*** -0.36*** -0.34*** -0.40***
(-5.04) (-5.23) (-4.92) (-5.56)

Market Exposure Yes Yes Yes

Size Yes Yes Yes

Book to Market Yes Yes Yes

Idiosyncratic Risk Yes Yes

Profitability Yes Yes

Year FE Yes Yes Yes Yes

Industry FE Yes Yes Yes

Firm FE Yes
Observations 67271 67271 66887 66887

This table reports the coefficients of the regression Rt,t+2 = α + βlleadert + controlt + εt . The
dependent variable for each column is the average monthly stock returns of the firm from year t
to t + 2. Market exposure is the beta on market factor. Idiosyncratic risk is the volatility of the
residuals of regressing returns on four factor linear model. The sample is 1995-2009.
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Table 2.11 shows the relation between future returns and the innovation achievement of the

firm. The dependent variable for each column is the average monthly stock returns of the firm

from year t to t + 2. The result of column (1) shows that the firm expects a lower return if it is

identified as a leader controlling the industry and time fixed effects. In column (2), I further control

for the firm’s exposure to market risk, size and book-to-market ratio. In column (3), I add the

firm’s idiosyncratic risk and profitability as control. The coefficients across these three are similar

and significant. More importantly, in column (4), instead of the industry fixed effects, I control for

the firm fixed effect. In comparison to the results from other specifications, the leading position

has a stronger within-firm effect. That is, if a firm develops the products embedded with leading

technologies, it expects a lower return, compared to itself with no innovation output.

In Table 2.12, the dependent variable is the measure of each firm’s conditional exposure to

changes of leading technology profitability, that is β i
LP,t→t+2. With the same controls in Table 2.11,

the results of column (1) to column (3) show that the returns on leader firms on average have lower

sensitivity to the changes of leading technology profitability. Column (4) shows that the effect is

stronger within firm.

Moreover, the results in Table 2.13, where the average R&D intensity from year t to t + 1 is

the dependent variable, implies that the leader firms have lower innovation expenditures within

industry. In addition, firms tend to lower their innovation efforts if they achieve a technology

improvement and become leaders. The firm-level evidence supports the model’s prediction that

the leader firms on average have lower loadings on the cash flow risk of leading technologies and

thus have lower expected returns. Moreover, leader firms have less incentive to improve their own

technologies.
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Table 2.12: Firm Exposures to ∆LPt

(1) (2) (3) (4)
β i

LP,t→t+2 β i
LP,t→t+2 β i

LP,t→t+2 β i
LP,t→t+2

Leader Indicator -2.684*** -2.574*** -2.748*** -3.172***
(-3.94) (-3.77) (-4.01) (-4.23)

Market Exposure Yes Yes Yes

Size Yes Yes Yes

Book to Market Yes Yes Yes

Idiosyncratic Risk Yes Yes

Profitability Yes Yes

Year FE Yes Yes Yes Yes

Industry FE Yes Yes Yes

Firm FE Yes
Observations 14858 14740 14666 14666

This table reports the coefficients of the regression β i
LP,t→t+2 = α +βlleadert + controlt + εt . The

dependent variable for each column is the estimated exposure to the innovation of the excess prof-
itability of leading technologies in Eq.(2.40) from year t to t + 2. Market exposure is the beta on
market factor. Idiosyncratic risk is the volatility of the residuals of regressing returns on four factor
linear model. The sample is 1995-2009.
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Table 2.13: Firm Innovation

(1) (2) (3) (4)
R&Dt,t+1
Assetst,t+1

R&Dt,t+1
Assetst,t+1

R&Dt,t+1
Assetst,t+1

R&Dt,t+1
Assetst,t+1

Leader Indicator -0.00491** -0.00448* -0.00426* -0.00582**
(-2.09) (-1.89) (-1.80) (-2.42)

Market Exposure Yes Yes Yes

Size Yes Yes Yes

Book to Market Yes Yes Yes

Idiosyncratic Risk Yes Yes

Profitability Yes Yes

Year FE Yes Yes Yes Yes

Industry FE Yes Yes Yes

Firm FE Yes
Observations 7106 7106 7038 7038

This table reports the coefficients of the regression R&Dt,t+1
Assetst,t+1

= α +βlleadert + controlt + εt . The
dependent variable for each column is the average R&D intensity from year t to t +1. Market ex-
posure is the beta on market factor. Idiosyncratic risk is the volatility of the residuals of regressing
returns on four factor linear model. The sample is 1995-2009.
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2.5 Conclusion

In this paper, I develop a general equilibrium asset pricing model, in which technological leaders,

followers and entrants race for the technological leadership to generate high but also risky profits.

The cash flow risk of the leading technology, which further drives the leading technology risk

(LTR), depends on the follower-to-leader ratio resulting from the technology race and the market

power of the product produced by leading technologies. High follower-to-leader ratio as a result of

the intensified technology race leads to a volatile demand for the products with leading technologies

and thus sensitive cash flows for leaders. Therefore, the LTR is increasing in the follower-to-leader

ratio. The model implies that the LTR carries a positive price of risk. That is, the firms with

higher exposure to the LTR have a high risk premium. And the risk premium is high in a booming

economy due to the fact that the follower-to-leader ratio is high in good times. Further, the returns

of the technology capital of the firms that have following technologies and actively innovate to seek

technology leading positions have high loadings on the LTR and thus have a high risk premium.

I find empirical evidence supporting the model predictions. I measure the excess profits of

the firms with leading technologies and construct the LTR factor. The estimated LTR risk price is

significantly positive. The SDF loading estimation with the control of known factors shows that

LTR risk capture unique pricing information. Importantly, the price-dividend ratio predicts LTR

factor returns positively. These findings support my model.
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Chapter 3

Uncertainty-Induced Reallocations and Growth1

3.1 Introduction

It is well documented that periods of high uncertainty are often associated with sizable and pro-

longed economic slowdowns during which both private consumption and aggregate investment

decline. Less is known, however, on the impact of uncertainty shocks on the composition of na-

tional investments. In this manuscript, we study the reallocation motives that uncertainty shocks

generate across different investment opportunities and we connect them to growth. Our focus is on

the interplay of uncertainty shocks and innovative capital.

Specifically, focusing on US microeconomic data from Compustat, we look at a cross section

of firms sorted according to their R&D intensity. We document that R&D intensive firms (High-

R&D firms) are more affected by volatility shocks than non-innovative firms (Low-R&D firms).

That is, volatility shocks are more disruptive for innovation-oriented firms both in terms of market

valuation and contraction in their investments. According to the data, when uncertainty increases

there exists a relative reallocation effect that penalizes investments in R&D-intensive firms, that

is, investments that are important to sustain long-term growth. These findings hold also at longer

horizons and hence are not limited to short-lived business cycle fluctuations.

In our novel empirical analysis, we also use aggregate data from the National Income Product

Accounts (NIPA) tables to further support our main findings, that is, uncertainty shocks are a first-

order concern for growth because they are more disruptive for innovation-oriented capital. In the

context of this analysis, we consider aggregate data on tangible and intangible private investment

1This chapter is co-authored with Ravi Bansal, Mariano Max Croce and Samuel Rosen
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as well as government investments.

Accounting for government capital is important for two reasons. First, this margin is important

in order to properly account for the wedge between private investments and savings. As already

pointed out in the literature (among others, see Fernandez-Villaverde et al. (2011) and Bloom et al.

(2018)), in a closed economy without a government sector, private savings and investment must

be identical to each other. This result is at odds with national accounting data. Considering the

behavior of government-allocated resources is a way to avoid counterfactual conclusions. Sec-

ond, considering the dynamics of government investment enables us to better quantify the impact

of volatility shocks on innovation-oriented investments. Since the Bureau of Economic Analysis

(BEA) provides a decomposition of government investment into tangible and intangible compo-

nents, we are able to measure R&D intensity of government investments. Our data suggest that the

US government has a low R&D intensity when compared to the firms in Compustat.

Using standard VAR empirical techniques, we show the existence of a significant positive link

between uncertainty and reallocation from innovative to less-innovative forms of capital. After

accounting for shocks to the level of economic activity and controlling for several financial indica-

tors, such as, for example, credit conditions, we find that an adverse uncertainty shock prompts a

reallocation away from both private R&D capital and private tangible capital. These dynamics are

both more pronounced and long-lived when we focus on medium cycles of our aggregate variables

(Comin and Gertler (2006)).

We rationalize these novel empirical findings in a multi-sector production economy with en-

dogenous growth sustained by R&D investments that create new patents, a form of intangible

capital. Like in Comin and Gertler (2006) and Kung and Schmid (2015), patents grant monopolis-

tic rents that are procyclical, volatile, and more sensitive to fundamental shocks than the marginal

return of physical private capital and government capital. As a result, in our economy intangible

capital is essential for growth, but it is also risky.
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In contrast to Comin and Gertler (2006) and Kung and Schmid (2015), the final consumption

bundle is an isoelastic aggregator of a private good and a government-supplied good. Like the

private producers, the government needs labor and infrastructure capital for production. The main

difference between the private final-good sector and the government is that the government offers

its own good in a competitive manner, that is, charging just its marginal cost, whereas the private

sector has monopoly power on the supply of private goods.

Under this assumption, the value of private capital depends on both the present value of its

marginal productivity and the present value of future monopoly rents (Hayashi (1982)). With

recursive preferences, the latter component is extremely sensitive to uncertainty shocks, implying

that even small increases in uncertainty can depress the market value of intangible capital, that

is, the stock of patents in the economy. Under our benchmark calibration, the marginal product

of capital is relatively smooth and tangible capital is less risky than intangible capital. On the

other hand, tangible capital is riskier than government capital because the value of the latter is not

affected by monopolistic rents.

This setting explains the reallocation motives in our model: when uncertainty increases, the

monopoly rent channel induces the representative agent to both reduce drastically private R&D

investment and cut down tangible capital. Simultaneously, more resources are allocated toward

government capital. At the equilibrium, government capital offers a strong hedge against volatility

shocks and is as safe as a risk-free bond. This reallocation, although efficient, comes at the cost of

dimming future growth.

We note that our model reconciles the observed pattern of savings and private investments, in

contrast to prior studies. When uncertainty spikes upward, our representative agent reduces private

consumption in order to increase her precautionary savings. Simultaneously, private investment

declines because the increase in private savings is dominated by a reduction of government savings,

or, equivalently, by the higher government expenditure in investment goods, broadly consistent with

70



the data.

Related literature. Our manuscript contributes to a recently growing literature that studies

the real effects of uncertainty shocks (see, among others, Bloom et al. (2007); Bloom (2009);

and Alfaro et al. (2018)). We find that higher productivity volatility is associated with a relevant

reallocation away from R&D and a decline in future growth. A general equilibrium model with

endogenous growth and multiple sectors suggests that these features of the data may result from

aversion to volatility shocks. More broadly, our framework generates persistent growth stagnation

through a channel which is both distinct and complementary to that in Kozeniauskas et al. (2019)

and Bloom et al. (2019).

More broadly, our analysis relates to the recent literature examining the role of uncertainty

both in the data and in economic models (see, among others, Jones et al. (2005); Justiniano and

Primiceri (2008); Basu and Bundick (2017); Gilchrist et al. (2014); Jurado et al. (2015); Berger

et al. (2020); Ludvigson et al. (2020); Kozeniauskas et al. (2018) and Bloom et al. (2018)). We

contribute with our attention to the reallocation of resources across sectors with different riskiness

and growth prospects. Furthermore, we study the impact of this reallocation on growth through

the lens of the recent endogenous growth models developed by Kung and Schmid (2015), Kung

(2015), and Corhay et al. (2015).

Barro et al. (2017) study the role of government assets in an endowment economy with het-

erogenous agents. Fernandez-Villaverde et al. (2015) focus on the real effect of uncertainty shocks

to unproductive government expenditure and distortionary taxation in a neoclassical model with

exogenous growth. We differ from these studies for (i) our novel empirical evidence on investment

reallocation; (ii) our focus on productive government expenditure; and (iii) our focus on R&D and

endogenous growth.

Belo et al. (2013) and Belo and Yu (2013) examine the effects of government investment and

spending on asset prices. Our work complements their findings and highlights a new trade off
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between growth and government capital in times of higher uncertainty. Both our empirical focus

on heterogenous forms of capital and endogenous growth, and our attention to priced uncertainty

shocks are distinct from the work of Baxter and King (1993).

According to our model, it is optimal for the government to expand its size in bad times, an out-

come broadly consistent with that of new Keynesian models (for a recent example, see Christiano

et al. (2011)). We differ from this literature for our risk-based approach and for our attention to the

trade off between long-term growth and government size. In our setting with recursive preferences,

uncertainty shocks are also discount rate shocks and hence our findings are consistent with those

in Comin et al. (2018).

We note that Futagami et al. (1993) have been the first one to consider an endogenous growth

model with productive government capital. We differ from their study in many dimensions, the

most important being that we focus on a stochastic environment with time-varying uncertainty and

recursive preferences.

In our model, we abstract away from uncertainty stemming from government policy (see, for

example, Pastor and Veronesi (2012); Pástor and Veronesi (2013); Kelly et al. (2016); Fernandez-

Villaverde et al. (2015); and Baker et al. (2016)), the nature of government financing risk (see,

among others, Lustig et al. (2008) and Berndt et al. (2012)), the impact of distortionary taxation on

innovation (among others, see Akcigit et al. (2018)) and the role of government subsidies to relax

credit constraints to innovators (among others, see Howell (2017)). Our results do not contradict

the existing evidence on the positive role of government support to innovation, they rather point

out the existence of a relevant reallocation motive. Furthermore, in our empirical investigation we

control for credit conditions.

In the next section, we show our main empirical evidence. Section 3.3 describes the model and

its calibration. We summarize our main results in section 3.4. Section 3.5 concludes.
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3.2 Empirical Evidence

In this section, we show our main empirical findings. We start by looking at the link between un-

certainty and relative investment across private firms sorted according to their innovation intensity.

We then turn our attention to investment reallocation across private and government capital and use

a VAR approach to isolate the role of uncertainty shocks on investment reallocation. Importantly,

we document the existence of a positive link between the relative size of innovation capital and

long-run productivity growth.

When assessing reallocation in the cross section of R&D-sorted firms, we use either a broad

market-based measure of uncertainty such as integrated stock market returns volatility (iVol), or the

economic policy uncertainty (EPU) measure proposed by Baker et al. (2016). We use integrated

volatility as benchmark because it has two relevant advantages: (i) it is easy to compute (see C for

details), and (ii) it is available on long samples.

When we turn our attention to the reallocation across private and public capital, we enhance

our analysis by considering time-varying volatility in productivity as a measure of uncertainty. This

choice enables us to better guide the calibration of our macroeconomic model. Since most of our

data are well-known, we detail our sources in C.

3.2.1 Reallocation Across Innovation-sorted Firms

Using quarterly accounting data from Compustat over the sample 1972:Q1-2016:Q4, we compute

firm-level R&D intensity measured as the ratio of R&D expenses to total assets. This measurement

is common in the empirical literature about R&D firms and prevents our analysis from being driven

by a small set of very large firms. We use CRSP data for equity returns. Our results hold also in a

post-1975 subsample completely based on the most recent Financial Accounting Standards Board

(FASB) accounting standards about R&D activity expenses.
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In each calendar year, we form five portfolios with equal number of firms sorted according

to their previous year’s R&D intensity. The resulting composition of our portfolios is consistent

with prior studies and is summarized in table D1 in D. This table shows also standard summary

statistics for our portfolios. We are interested in studying both return dynamics and the subsequent

investment adjustments of the firms in our portfolios upon the realization of adverse uncertainty

shocks.

In table 3.1, we show informative summary statistics about returns for a subset of our portfolio

returns. HML-R&D refers to the difference in behavior of the variables of interest across the High-

and Low-R&D intensity portfolios. We interpret the figures for HML-R&D as being specific to

innovative firms, as they are in excess of those observed for regular firms. Consistent with Chan

et al. (2001), we observe a higher risk premium on R&D-intensive firms with respect to both levered

and unlevered returns.

Table 3.1: Excess Returns in R&D-sorted Portfolios

rex
i,t = rex

i +βz,iez,t +βvol,ievol,t + εi,t

High-R&D Low-R&D HML-R&D
rex

i 15.35 8.30 7.05
(4.34) (2.09) (2.99)

βz,i 13.53 5.19 8.34
(2.40) (1.37) (2.26)

βvol,i -18.35 -11.25 -7.10
(3.36) (1.70) (2.60)

R2 0.17 0.21 0.08

Notes: Our sample starts in 1972 and ends in 2016. Returns are annualized, multiplied by 100,
equal-weighted, and unlevered. The High (Low) portfolio includes the top (bottom) 20% of R&D
intensity-sorted firms and accounts for about 10% of total market capitalization. HML-R&D refers
to a portfolio long in the High-R&D portfolio and short in the Low-R&D portfolio. Integrated
return volatility and price-dividend level are denoted as ivol and pd. The variable zt is the residual
from the regression pdt = αpd + β ivolt + zt . We model both ivol and z as AR(1) processes and
denote their innovations as evol,t and ez,t , respectively. Standard errors in parentheses are Newey-
West adjusted.
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In order to formally test that the returns of innovative firms are more exposed to economic

uncertainty than those of non-innovative firms, we proceed as follows. We regress the aggregate

price-dividend ratio, pdt , on iVolt and take the residual of this regression, zt , as a factor capturing

shocks that affect the level of the market activity and are orthogonal to uncertainty fluctuations. We

model both iVol and z as AR(1) processes and denote their innovations as evol,t and ez,t , respectively.

We then estimate the following standard time-series regression,

rex
i,t = rex

i +βz,iez,t +βvol,ievol,t + εi,t ,

where the left hand side refers to annualized unlevered excess returns, ez,t controls for shocks to the

level of economic conditions, and evol,t captures unexpected volatility shocks. Our results confirm

that the market value of innovative firms is more exposed to both level and volatility shocks. When

the market price of risk of level shocks is positive and that of volatility is negative, our estimated

betas unambiguously imply that High-R&D firms must be riskier than Low-R&D firms under no-

arbitrage.

Through the lens of our innovation-driven model, these results suggest that uncertainty shocks

depress the market value of the rents associated to patents and hence they should discourage

innovation-oriented investments. Given this observation, we now turn our attention to the study

of investment dynamics by estimating jointly the following set of predictive regressions,

∆[·]i,t→t+h = αi +

(
β0 +βrnd

R&Di

Assetsi

)
ivolt +βzzt + cntrli

t , i = 1, ...,N, (3.1)

where the left hand side refers to the h-periods ahead future investment growth rate, zt controls

for shocks to the level of economic conditions, and N captures the size of our cross section. We

also consider additional control variables grouped in cntrli
t . The literature has already shown that

β0 < 0, i.e., uncertainty shocks have a negative impact on investment. We are interested in whether

high R&D-intensity firms are more exposed than low R&D-intensity firms, that is, βrnd < 0.

In table 3.2, we show our results when we focus on a cross section of five R&D intensity-

sorted portfolios. We account for financial shocks, or equivalently, credit tightness, by adding the
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Table 3.2: Reallocation across R&D-sorted Portfolios

∆[·]i,t→t+h = αi +
(

β0 +βrnd
R&D
Assets i

)
ivolt +βzzt + cntrli

t i = 1, ...,5

Horiz. ∆Inv.(%) ∆
R&D
Assets(p.p.)

(years) βrnd Wald R2 Loss βrnd Wald R2 Loss

h=3 -1.80 19.10 -52 -0.89 12.96 -21
(1.03) [0.000] (0.35) [0.002]

h=4 -1.54 17.38 -33 -0.76 11.18 -15
(0.84) [0.000] (0.35) [0.004]

h=5 -1.35 13.22 -22 -0.84 8.70 -13
(0.72) [0.001] (0.38) [0.013]

Notes: Our quarterly data sample starts in 1972 and ends in 2016. Cumulative investment growth
rates, ∆Inv., are annualized. All estimates are obtained through GMM using five portfolios sorted
on R&D intensity. Numbers in parentheses are Newey-West adjusted standard errors. We test
H0 : βrnd ≥ 0 and denote a significance level of 1%, 5%, and 10% with ∗∗∗, ∗∗, ∗, respectively.
We also test the joint hypothesis H0 : β0 = βrnd = 0 and report the implied Wald test (p-value
in square brackets) as well as the associated reduction in R2 from removing all volatility terms
(iVol and iVol ·R&D/Asset) from our benchmark specification. Integrated return volatility and
price-dividend level are denoted as ivol and pd. The variable zt is the residual from the regression
pdt = αpd +β ivolt + zt . We control for the 10-year Baa credit spread.
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10-year Baa credit spread as an additional control. Across different horizons, our results confirm

that high R&D firms reduce more significantly both total investment and R&D intensity in the

aftermath of an adverse volatility shock. According to a formal Wald test on the joint hypothesis

H0 : βrnd = β0 = 0, we reject the null, i.e., we find support about uncertainty being a statistically

relevant driver of investment dynamics. This effect is relevant also in terms of R2. Over a three-

year horizon, for example, removing our uncertainty measure from our predictive regressions let

the R2 for investment growth and R&D intensity decline by 52% and 21%, respectively.

For the sake of economic interpretation of the magnitude of our results, we note that the average

R&D intensity in our High (Low) R&D-intensity portfolio is 16% (0.00%). This implies that when

iVol is two standard deviations away from its mean, the cumulative drop in relative investment

across the High and Low portfolios over a 3-year horizon is 11.5%.2 Similarly, over the same

horizon the relative variation in R&D intensity is -1.9 percentage points.

In table 3.3, we focus on a more granular cross section in which we assess βrnd using firm-

level data. In this case, we adopt firm-level fixed effects and account for time-variation in the

firm-level R&D intensity characteristic. We continue to control for credit conditions by using 10-

year Baa credit spread and we also consider firm-level variables including Tobin’s Q, a standard

proxy for growth opportunities, as well as profitability. Our goal is to test whether volatility shocks

are statistically and economically relevant, even after we account for key firm characteristics used

to predict investment growth. In our first pass, we consider the subgroup of firms that is in our

sample for the entire 1972-2016 period in order to ensure a balanced panel. We also consider

larger subgroups of firms that are present in our sample for at least 90% or 80% of the entire time

span.

2In our data, we use annualized percent integrated vol and hence StD(iVol) = 6.67. The cu-
mulative growth rate of investment is annualized, therefore we derive our result by computing
h · βrnd · (.16− .00) · 2StD(iVol) for each horizon, h. For the R&D intensity measure, we have
βrnd · (.16− .00) ·2StD(iVol).
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Table 3.3: Reallocation across R&D-sorted Firms

∆[·]i,t→t+h = αi +
(

β0 +βrnd
R&D
Assets i,t

)
ivolt +βzzt + cntrli

t i = 1, ...,N

Horiz. ∆Inv.(%) ∆
R&D
Assets(p.p.)

(years) Balanced ≥ 90%T ≥ 80%T Balanced ≥ 90%T ≥ 80%T
h=3 βrnd -3.04 -4.69 -5.61 -1.28 -1.45 -1.89

(1.05) (0.92) (0.79) (0.15) (0.15) (0.28)
Wald 30.85 51.93 92.97 73.79 92.77 54.92

[0.000] [0.000] [0.000] [0.000] [0.000] [0.000]
R2 Loss -13 -16 -22 -76 -75 -73

h=4 βrnd -3.06 -4.36 -5.41 -1.46 -1.67 -2.57
(0.93) (0.84) (0.80) (0.17) (0.18) (0.39)

Wald 28.44 59.82 89.08 73.51 90.02 51.33
[0.000] [0.000] [0.000] [0.000] [0.000] [0.000]

R2 Loss -11 -12 -19 -70 -71 -75

h=5 βrnd -3.10 -4.18 -4.91 -1.65 -1.96 -3.03
(0.85) (0.77) (0.82) (0.21) (0.18) (0.43)

Wald 27.62 47.30 68.00 68.31 121.18 57.03
[0.000] [0.000] [0.000] [0.000] [0.000] [0.000]

R2 Loss -10 -10 -18 -66 -69 -73
N=96 N=196 N=273 N=96 N=196 N=273

Notes: Our quarterly data sample starts in 1972 and ends in 2016. Cumulative investment growth
rates, ∆Inv., are annualized. All estimates are obtained through GMM using a cross section of firms
sorted on R&D intensity. Numbers in parentheses are Newey-West adjusted standard errors. We
test H0 : βrnd ≥ 0 and denote a significance level of 1%, 5%, and 10% with ∗∗∗, ∗∗, ∗, respectively.
We also test the join hypothesis H0 : β0 = βrnd = 0 and report the implied Wald test (p-value in
square brackets) as well as the associated reduction in R2 from removing all volatility terms (iVol
and iVol ·R&D/Assets) from our benchmark specification. Integrated return volatility and price-
dividend level are denoted as ivol and pd. The variable zt is the residual from the regression
pdt = αpd +β ivolt + zt . The firm-level R&D intensity average, R&D/Assetsi,t , is computed over
3-year subsamples. We control for firm-level Tobin’s Q and cash flow profitability, as well as for
aggregate credit conditions as measured by the 10-year Baa credit spread (cntrli

t ).
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Across different groups and time horizons, our results suggest that volatility shocks are partic-

ularly disruptive for innovative firms. Equivalently, investment contractions originated by adverse

volatility shocks come with important reallocations away from firms with innovation capital.

This result is significant both in terms of R2 variations due to the elimination of our volatility

measure, and according to a formal Wald test for H0 : βrnd = β0 = 0. When iVol is two standard

deviations away from its mean, these results imply a cumulative drop in relative investment across

the High and Low portfolios for h = 3 ranging from 8.9% to 21.8%, depending on whether we use

a balanced cross section or not. The cumulative relative decline in R&D intensity ranges instead

from 1.2 to 2.4 percentage points. Hence our reallocation magnitudes are relevant both when using

portfolio-level and firm-level data.

In D, table D2 shows that our results are confirmed also when we run our firm-level regressions

replacing the Baker et al. (2016) measure of economic policy uncertainty (EPU). This finding is

important because it broadens the relevance of our reallocation evidence since EPU is a distinct

and broader type of uncertainty relative to productivity uncertainty. Table D3 confirms that our

firm-level results are nearly unchanged when including time fixed effects. Similar results apply to

our portfolio-level results.

Through the lens of models of endogenous growth in which R&D intensity is a leading indi-

cator of medium-term growth and innovation, these results suggest that uncertainty shocks may

anticipate periods of prolonged sluggish innovation and growth. In what follows, we proceed in

two steps. First, we broaden further our results by using aggregate data. Second, we relate our

reallocation measures to medium-run growth.

3.2.2 Aggregate Data

In this section, we use aggregate data to support further our main findings, that is, uncertainty

shocks are a first-order concern for growth because they are more disruptive for innovation-capital.
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In the context of this analysis, we consider aggregate data on tangible and intangible investment as

well as government investments.

Accounting for government capital is important for two reasons. First, this margin is important

in order to properly account for the wedge between private investments and savings. As already

pointed out in the literature (among others, see Fernandez-Villaverde et al. (2015) and Bloom et al.

(2018)), in a closed economy without a government sector, private savings and investment must

be identical to each other. This result is at odds with national accounting data. Considering the

behavior of government-allocated resources is a way to avoid counterfactual conclusions. Second,

considering the dynamics of government investment enables us to better quantify the impact of

volatility shocks on innovation-oriented investments.

Government capital: data and stylized facts. Government capital data are reported in the

NIPA tables, according to criteria described in Bureau of Economic Analysis (2014). Examples

of expenditures included in our government capital measure are provided in D, table D4. We

include both tangible and intangible investment both at the federal and the local level. Our data are

consistent with other sources explored by Aschauer (1988), Boskin et al. (1989), Peterson (1990),

and Kamps (2004), and include both in-house investment and purchases from the private sectors.

From a business cycle point of view, government capital is important in at least three dimen-

sions: (i) it is sizeable, as it is on average about one third of private capital; (ii) government invest-

ment is an important margin during the cycle as its growth rate is approximately 1.5 times more

volatile than that of private investment; and (iii) the correlation of private and government invest-

ment growth is negative, implying that government capital is associated to important cross-sector

reallocation during the cycle (see D, figure ??). More specifically, during periods of economic

stress government investment becomes relatively more prominent than private investments. This

result is broadly consistent with what we have already observed in our R&D-based cross section of

firms because the R&D intensity of the government is moderate compared to that of many firms in
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our cross section (see table 3.4), meaning that we see a negative connection between R&D intensity

and capital reallocation during periods of high uncertainty also across sectors.3

Table 3.4: R&D-Intensity across Sectors

Firm-level quintiles (Compustat) Govt
20% 40% 60% 80% Avg
0.17 1.98 5.40 11.70 1.59

(0.02) (0.10) (0.33) (0.75) (0.04)

Notes: We sort Compustat firms with non-missing R&D expense according to their innovation
intensity and form 5 groups. We report our average R&D-to-Assets ratio quintiles as well as the
average value for the government sector. Numbers in parenthesis are Newey-West standard errors.
The sample ranges from 1972 to 2016.

Summarizing, like in our microdata, our aggregate data suggest that innovation-oriented in-

vestments are penalized in periods of high uncertainty. Within the private sector, our tests show

that investments are shifted toward low innovation-intensity firms. In order to test whether private

investments are substituted by government investments when volatility increases, we proceed with

a formal VAR investigation that can inform us on the duration of these reallocations.

3.2.3 A VAR analysis of aggregate reallocation.

We use a VAR analysis in order to determine the joint dynamics of level and volatility shocks as

well as capital reallocation. We perform this exercise using both realized equity market volatility

and an ex-ante measure of productivity growth volatility. This exercise has at least three relevant

goals. First of all, we show that our reallocation results are robust to using either an equity-based or

3In D, we document additional related facts on government investments. We show that the
reallocation patterns are much more pronounced for government investment than for government
expenditure. Equivalently, these dynamics are a distinct phenomenon when compared to non-
investment government expenditure (see D, figure ??). We also present evidence of relevant re-
allocation of both capital flows and employment toward government capital in periods of high
uncertainty (see D, table D5).
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a macroeconomic measure of uncertainty. Second, our findings are not affected by the Berger et al.

(2020) critique, as they hold also when we adopt an ex-ante measure of fundamental uncertainty.4

Third, by quantifying the empirical role of productivity volatility shocks we obtain relevant guid-

ance on both the calibration of our aggregate model and the assessment of its fit of the US aggregate

data.

We start by estimating the following VAR(1):

Yt+1 = µY +ΦYt +ΩCntrlt +Σut+1, (3.2)
with

Yt =
[
∆at iVolt logXt

]
, (3.3)

and

Xt ∈ {Ig,t , IR&D,t , Ip,t ,Yp,t}.

The variables ∆at , and iVolt denote productivity growth and integrated volatility for stock market

returns, respectively. By including productivity growth, we control for shocks to the level of eco-

nomic activity and isolate the role of uncertainty shocks on the last variable of the VAR which refers

to detrended economic aggregates such as private output (Yp), private R&D investment (IR&D), total

private investment (Ip), and total government investment (Ig). The vector Cntrlt comprises other

aggregate variables, such as, for example, the 10-year Baa credit spread. We focus on the sample

period from 1972 to be consistent with the empirical evidence presented elsewhere in this section.

In D, we show that our results are unchanged when using the full available sample period from

1961.

Throughout this study, we do not need to take a stand on causality across uncertainty and level

shocks (for a further discussion of this point, see Berger et al. (2020)). We identify impulse re-

sponses through a lower diagonal Cholesky decomposition and point out that their pattern does not

4We agree with Berger et al. (2020) on the fact that realized equity volatility is not a perfect
measure of uncertainty.
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change whether level shocks or volatility shocks are ranked first. For the purpose of our analysis,

both methods produce similar orthogonalized level and volatility shocks.

Using our estimated VAR, we trace the response of investment and output aggregates to both

productivity and volatility shocks in figure 3.1. In this figure, all variables are HP-filtered in order

to extract a business cycle component. A positive productivity shock boosts output as well as all

forms of investment and it has a stronger effect on private investment. This result is reassuring as

it is consistent with previous empirical evidence.

Figure 3.1: Aggregate Capital Reallocation in a VAR with iVol

This figure shows the response to both productivity growth shocks and volatility shocks of total
gross government investment (Ig), total gross private investment (Ip); gross private R&D investment
(IR&D), and private output (Yp). All results are based on the VAR specified in equations (3.2)–(3.3),
in which we use stock market integrated volatility to measure uncertainty. We control for the 10-
year Baa credit spread. All series are HP filtered and in log units. Our sources are detailed in
C. Our quarterly sample starts in 1972 and ends in 2016. Confidence intervals are adjusted for
heteroscedasticity.
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Uncertainty shocks, instead, are associated to both production and private investment contrac-

tions and, in contrast, an increase in government investments. Hence our reallocation evidence is

not driven solely by private investment adjustments, but also by an adjustment in the size of the

government sector. Most importantly, uncertainty shocks produce adjustments quantitatively as

relevant as those due to level shocks. Furthermore, the role of uncertainty shocks is much more

pronounced if we follow Comin and Gertler (2006) in using a band-pass filter to extract medium-

cycle fluctuations from macroeconomic aggregates. As shown in figure 3.2, the effects of volatility

shocks are both more disruptive and more long-lived along the medium-cycle.

Figure 3.2: Aggregate Capital Reallocation and Medium-Run Cycle

This figure shows the response to volatility shocks of total gross government investment (Ig), total
gross private investment (Ip); gross private R&D investment (IR&D), and private output (Yp). All
results are based on the VAR specified in equations (3.2)–(3.3), in which we use stock market
integrated volatility to measure uncertainty. We control for the 10-year Baa credit spread. In the
top (bottom) panels, all series are HP (band-pass) filtered and in log units. Our sources are detailed
in C. Our quarterly sample starts in 1972 and ends in 2016. Confidence intervals are adjusted for
heteroscedasticity.
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Integrated stock market volatility results from many different economic phenomena that are

not solely related to uncertainty shocks. As an example, integrated volatility may be driven by

sentiment shocks, or time-varying market frictions. In order to focus on a fundamental measure

of economy activity uncertainty and address Berger et al. (2020)’s concerns related to the use

of realized volatility, we extract ex-ante time-varying volatility from productivity growth using a

standard predictive-factors approach that we detail in E.

We proceed as before by estimating the VAR specified in equation (3.2) using the following

modified vector of variables

Y,t =
[
∆at xt volt logXt

]
, (3.4)

where ∆at controls for short-run realized growth shocks, the productivity long-run component xt

controls for growth news shocks, volt refers to our measure of productivity uncertainty, and Xt is

defined as in equation (3.3).

We depict our main results in figure 3.3. The role of productivity level shocks is similar to

that obtained using market volatility and can be found in D, figure ??. As in the case of integrated

volatility, productivity-based uncertainty shocks promote a strong and persistent reallocation of

resources away from private capital. This effect is much more pronounced when we focus on

medium-cycle effects. In this case, the decline in production lasts for more than five years. We

have also replicated our analysis replacing our measure of expected volatility with the residual of

the following equation,

|∆at+1−µ− xt |= bv
0 +bvFt + residt+1.

In this case, we find no significant reallocation, implying that what really matters for investment

flows is the extent of expected long-term uncertainty.

85



Figure 3.3: Aggregate Capital Reallocation and Medium-Run Cycle (II)

This figure shows the response to productivity-based volatility shocks of total gross government
investment (Ig), total gross private investment (Ip); gross private R&D investment (IR&D), and pri-
vate output (Yp). All results are based on the VAR specified in equations (3.2)–(3.4), in which
we use stock market integrated volatility to measure uncertainty. We control for the 10-year Baa
credit spread. In the top (bottom) panels, all series are HP (band-pass) filtered and in log units.
Our sources are detailed in C. Our quarterly sample starts in 1972 and ends in 2016. Confidence
intervals are adjusted for heteroscedasticity.
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3.2.4 Reallocation and growth.

In a model in which growth is endogenously linked to innovation, the decline in R&D intensity is a

leading indicator of persistent growth slowdowns. Given this consideration, we investigate whether

the relative composition of capital matters for future productivity growth by formally estimating

the following forecasting regression:

1
n

∆at,t+n = µ +bn
gCapitalMeasurest +bn

cCntrlst + residt (3.5)

where ∆at,t+n is the n-year-ahead cumulative aggregate productivity growth at time t, CapitalMeasures

refers to different measures of capital composition that we detail in what follows, and controls com-

prises a broad set of macro-financial leading indicators that accounts also for credit conditions (US

Treasury bond yields with maturity from 1 to 6 years; inflation; price-dividends ratio; iVol; Baa

corporate yield minus 10y Treasury bond yield).

In table 3.5, we show the existence of a negative correlation between the share of non-innovative

capital and future long-term growth.5 This result applies to both capital stocks and investment

flows. The bottom panel shows that our findings are not solely driven by government capital, as

the share of investment from our High-R&D set of firms is a positive and significant predictor

of growth over different horizons. Importantly, across all panels, adding variables related to the

innovation-based composition of capital increases substantially our adjusted R2s, implying that our

findings are statistically important. Since we control for many other well-known leading indicators

that account also for credit conditions, we consider our R2 improvements as very sizeable. To bet-

ter interpret the economic relevance of this result, we notice that if our capital measure in the top

panel increases by two standard deviations, cumulated productivity growth should decline by 3%

5In the first two specifications, we cannot reject the null hypothesis that the coefficient in front
of the government capital share is the opposite of that for the High-R&D capital share. For this
reason, we present the results of the regression in which we impose our null hypothesis as a restric-
tion. In E, the scatter plots depicted in figure ?? confirm that our findings do not depend on outliers
or specific time periods.
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Table 3.5: Reallocation and Growth

Horizon (n): 5 year 7 year 10 year
kg/kBEA

tot -kH
R&D/kCompustat

tot -0.14* -0.31*** -0.36***
(0.08) (0.08) (0.07)

Adj R2 0.20 0.34 0.24
Adj R2 w/o 0.19 0.18 -0.17
Ig/IBEA

tot -IH
R&D/ICompustat

tot -0.12** -0.20*** -0.20***
(0.05) (0.02) (0.02)

Adj R2 0.32 0.61 0.50
Adj R2 w/o 0.19 0.18 -0.17
IH
R&D/ICompustat

tot 0.16*** 0.23*** 0.22***
(0.06) (0.03) (0.03)

Adj R2 0.31 0.53 0.33
Adj R2 w/o 0.19 0.18 -0.17
Credit Tightness Control: Baa10y Yes Yes Yes
Predicting Factors Yes Yes Yes

Notes: This table reports the estimated coefficients b̂g for the following regression:

1
n

∆at|t+n = α +bn
g ·CapitalMeasurest +bn

c · controlst + residt ,

where n is expressed in years. kg,t/kBEA
tot,t denotes the public-to-total capital stock ratio as determined

using BEA data. kH
R&D,t/kCompustat

tot,t refers to total assets in our High-R&D portfolio relative to
total assets in our Compustat cross section focused on firms with non-missing R&D data. The
other ratios are constructed in a similar way using investment flows, as opposed to capital stock
data. The other forecasting variables included in the regressions are: US Tresury bond yields with
maturity from 1 to 6 years; inflation; price-dividends ratio; iVol; and Baa corporate yield minus
10y Treasury bond yield. Our sources are detailed in C. Our annual sample starts in 1972 and ends
in 2016. Confidence intervals are adjusted for heteroscedasticity. One, two, and three asterisks
denote 10%, 5%, and 1% significance, respectively. Adj R2 w/o refers to a regression in which we
eliminate our CapitalMeasures variables.
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over five years.6

3.3 The Model

We start by describing the representative household problem and then describe both the private and

public production sectors. The model is based on Comin and Gertler (2006) and Kung and Schmid

(2015) and it features a government-owned production sector so that we can disentangle private

savings from private investments. The goal of this model is to propose a mechanism that links in

equilibrium uncertainty shocks, reallocation, innovation, and growth.

3.3.1 Household problem

The objective of the representative agent is to maximize her utility

Ut =

[
(1−δ )C̃

1− 1
ψ

t +δ

(
Et
[
U1−γ

t+1

]) 1− 1
ψ

1−γ

] 1
1−1/ψ

(3.6)

where the consumption bundle C̃t is

C̃t =Ct − ω̄l,p
SLtL

ωl
p,t

ωl
− ω̄l,g

SLtL
ωl
g,t

ωl
,

in which Ct denotes the consumption of the final good, Lp,t is the labor supply in private sector,

and Lg,t is the labor supply in government sector. To ensure balance growth with Greenwood et al.

(1988) preferences, we introduce an exogenous preference shock process, SLt , cointegrated with

productivity. Specifically, we define:

slat :=
SLt

At

and assume

slat = (1−θsla)µ +(1−θsla)(slat−1−∆at),

6Since the standard deviation of our capital measure is 0.023, the cumulative decline is 2×
0.023×0.14×5.
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in which we set θsla ≈ 0 so that SLt mimics an exogenous linear trend.

The budget constraint of the representative household is:

Ct +Tt +ZtV ex
t = Zt−1(V ex

p,t +Dt)+(wp,tLp,t +wg,tLg,t)/ p̃t , (3.7)

where Tt is a lump-sum transfer from the household to the government; Zt ∈ [01] represents the

percentage ownership of private capital; V ex
t is the ex-dividends value of private capital; Dt is

the corporate payout; wp is the wage paid by the private firm; and wg is the wage paid by the

government. As described in detail in the next section, p̃t is the relative price of the final good with

respect to the numeraire (government) good. This change of unit is required because all variables

are expressed in terms of the final good.

Optimality. The optimal investment strategy implies that:

V ex
t = Et

[
Mt+1(V ex

t+1 +Dt+1)
]
,

where Mt+1 is the IMRS of the agent in final consumption units. In what follows, we often use the

IMRS in government-good units,

Mg
t+1 ≡Mt+1

p̃t

p̃t+1
.

The optimal supply of labor in private and public sectors implies:

wp,t/p̃t = ω̄l,pSLtL
ωl−1
p,t

wg,t/ p̃t = ω̄l,gSLtL
ωl−1
g,t .

3.3.2 Final good producer

The final good in the economy is a bundle of private goods, Yp,t , and public goods, Yg,t

Yt =

[
ωtY

1− 1
τ

p,t +(1−ωt)Y
1− 1

τ

g,t

] 1
1−1/τ

. (3.8)
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The elasticity of substitution between these two goods is determined by τ . The relative demand of

the private good with respect to the public good is also determined by the possibly time-varying

preference process ωt . For parsimony, we assume that

ωt = ωeφvvt−1 ,

where vt−1 is the time-varying volatility of productivity, and φv is a non-positive constant. This ex-

pression captures the idea that public goods may be more desirable in high-uncertainty periods. In

our sensitivity analysis, we show that most of our results do not require the presence of a preference

shocks, i.e., they hold even when φv = 0.

We assume the existence of a competitive producer that solves the following profit maximiza-

tion problem taking prices as given:

max
Yp,t ,Yg,t

p̃tYt − ptYp,t −Yg,t , (3.9)

where the price of the government good is normalized to one (numeraire). Optimality implies:

ωt

1−ωt

(
Yp,t

Yg,t

)− 1
τ

= pt . (3.10)

The relative price of the final good w.r.t the numeraire good:

p̃t ≡
∂Yg,t

∂Yt
=

1
1−ωt

(
Yg,t

Yt

) 1
τ

.

3.3.3 Private sector

Private final good. The private firm that produces the private final good has monopolistic

power. The private firm has also access to the same technology of the public firm and hence it could

produce the public good as well. Since the price of the public good is set equal to its marginal cost,

there is no scope for positive profits creation, i.e., marginal profits are null and hence the firm is
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indifferent between utilizing the public technology or not. Without loss of generality, we assume

that the private firm specializes in the production of the private good.

The production function of the private final good is:

Fp,t = (Kαp
p,t (Ωp,tLp,t)

1−αp)1−ξ Gξ

t , (3.11)

where the composite Gt is defined as

Gt ≡
[∫ Nt

0
Xν

i,t di
] 1

ν

, (3.12)

Xi,t is the quantity of the intermediate good i ∈ [0,Nt ], and Nt is the total mass of intermediate good

varieties. Since each intermediate good requires a patent, Nt also measures the total mass of patents

in use at date t.

The exogenous stationary process of private firm productivity is Ωp,t = eap,t , where ap,t follows

an AR(1) process subject to volatility shocks, εv,t :

ap,t = (1−ρ)ā+ρap,t−1 + evt−1σεa,t

vt = ρvvt−1 +σvεσ ,t +βv,aεa,t

εω,t ,εσ ,t ∼ i.i.d.N(0,1).

The parameter βv,a captures contemporaneous correlation across level and volatility shocks. In

what follows, we refer to level shocks as short-run shocks, as they determine most of the variance

of the growth dynamics over the short-run. Over longer horizon, capital reallocation is the main

driver of growth.

We assume that the private firm buys production inputs (investment goods Ip,t , labor Lp,t , and

intermediate goods Xi,t) in a competitive way, that is, by taking their price as given. Hence the
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problem of the private firm is as follows:

Vp,t = max
Lp,t , Ip,t ,Yp,t

Kp,t+1 ,Xi,t

ωt

1−ωt

(
Yp,t

Yg,t

)− 1
τ

︸ ︷︷ ︸
pt

Yp,t − p̃tIp,t −wp,tLp,t (3.13)

−pt

[∫ Nt

0
Pi,tXi,t di

]
+Et [M

g
t+1Vp,t+1]

subject to

Yp,t ≤ Fp,t (λp,t)

Kp,t+1 ≤
(

1−δ +Γp,t

(
Ip,t

Kp,t

))
Kp,t (qp,t),

where λp,t is the shadow marginal cost, and qp,t is the shadow value of private capital. The adjust-

ment cost function is specified as in Jermann (1998):

Γp,t =
αp,1

1− 1
ξp

(
Ip,t

Kp,t

)1− 1
ξp
+αp,0,

and the optimality condition with respect to Ip,t pins down the marginal value of private capital:

qp,t =
p̃t

Γ′p,t
(3.14)

The optimal demand of labor implies

wp,t

pt
= (1−1/τ)(1−αp)(1−ξ )

Yp,t

Lp,t
,

and the optimal condition with respect to Kp,t+1 is:

qp,t = Et

[
Mg

t+1
∂Vp,t+1

∂Kp,t+1

]
(3.15)

where by envelope theorem we have:

∂Vp,t

∂Kp,t
= (1−1/τ)ptαp(1−ξ )

Yp,t

Kp,t
+

(
1−δ +Γp,t+1−

Ip,t+1

Kp,t+1
Γ
′
p,t+1

)
qp,t+1. (3.16)
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The optimal demand of Xi,t implies

Pi,t =

(
1−1/τ +1/τ

∫ Nt
0 Pi,tXi,t di

Yp,t

)
∂Yp,t

∂Xi,t
(3.17)

where
∂Yp,t

∂Xi,t
= ξ (Kαp

p,t (Ωp,tLp,t)
1−αp)1−ξ

[∫ Nt

0
Xν

i,t di
] ξ

ν
−1

Xν−1
i,t .

Intermediate Goods. Intermediate good producers can generate one unit of their own good by

buying one unit of the private good at market price pt . They have monopoly power and choose Pi,t

to maximize their profits, Πi,t , each period:

max
Pi,t

Πi,t ≡max
Pi,t

pt · [Pi,t ·Xi,t(Pi,t)−Xi,t(Pi,t)] .

Since Πi,t is measured in public good units, the value Vi,t of owning exclusive rights to produce

intermediate good i is:

Vi,t = Πi,t +(1−φ)Et [M
g
t+1Vi,t+1], (3.18)

where φ is the probability that a patent becomes obsolete.

Aggregation. In our symmetric equilibrium,

Pi,t ≡ Pt =
1
ν
, (3.19)

Xi,t ≡ Xt =

(
ξ ν

1−1/τ

1−ξ/τ

(
Kαp

p,t (Ωp,tLp,t)
1−αp

)1−ξ

N
ξ

ν
−1

t

) 1
1−ξ

(3.20)

Under the restriction α +
ξ

ν
−ξ

1−ξ
= 1, the production function of private good sector can be written

as:

Yp,t = Zp,tKα
p,tL

1−α
p,t (3.21)

where

Zp,t ≡ A(Ωp,tNt)
1−α , (3.22)
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is an endogenous productivity process that grows with the stock of patents Nt , and whose initial

level, A≡
(

ξ ν
1−1/τ

1−ξ/τ

) ξ

(1−ξ ) , depends on the extent of competition as determined by the elasticities

τ and ξ . Similarly to the process Ωp,t , measured productivity Zt features time-varying volatility.

Innovators. Innovators develop new patents that are sold to the intermediate good producers in

a competitive way. As a result, at the equilibrium, the price of a new patent is Vi,t . The law of

motion of the intangible capital stock, Nt , is specified as follows:

Nt+1 = ϑtSt +(1−φ)Nt , (3.23)

where St denotes R&D expenditures (in terms of the final good) and ϑt represents the productivity

of the R&D sector that is taken as exogenous by the R&D sector. In the spirit of Comin and Gertler

(2006), we assume that this technology coefficient involves a congestion externality effect

ϑt = χ

(
Nt

St

)1−η

, (3.24)

where χ > 0 is a scale parameter and η ∈ [0,1] is the elasticity of new patents with respect to

R&D. This specification captures the notion that concepts already discovered make it easier to

come up with new ideas, ∂ϑ/∂N > 0, and that R&D investment has decreasing marginal returns,

∂ϑ/∂S < 0.7 The free-entry condition in the R&D sector implies that

Et [M
g
t+1Vt+1](Nt+1− (1−φ)Nt) = p̃tSt , (3.25)

that is, the expected revenue from selling new patents must equal the incurred costs, or equivalently,

p̃t

ϑt
= Et [M

g
t+1Vt+1].

7Similarly, this congestion externality can be thought of as giving rise to adjustment costs to
investment in intangible capital, that is, R&D. We will later see that the optimality condition for
R&D is 1

ϑt
= Et [Mt+1Vt+1]. Absent the congestion externality, this becomes 1 = Et [Mt+1Vt+1], a

result analogous to q-theory, in which case the absence of adjustment cost fixes marginal Q at unity.

95



3.3.4 Government sector

The public firm provides its own good in a competitive fashion. The public firm uses labor, Lg,t , and

final goods to accumulate government capital, Kg,t , and it solves the following dynamic problem:

Vg,t = max
Yg,t ,Kg,t+1,Lg,t ,Ig,t

Yg,t − p̃tIg,t −wg,tLg,t +Et [M
g
t+1Vg,t+1] (3.26)

subject to

Yg,t ≤ Fg,t = χgZp,tK
αg
g,t L1−αg

g,t (λg,t)

Kg,t+1 ≤
(

1−δ +Γg,t

(
Ig,t

Kg,t

))
Kg,t (qg,t),

where λg,t is the shadow marginal cost of the government good, qg,t is the shadow value of gov-

ernment capital, and the parameter χg captures the gap in the level of measured public and private

productivity. The adjustment cost function is defined as follows,

Γg,t

(
Ig,t

Kg,t

)
=

αg,1

1− 1
ξg

(
Ig,t

Kg,t
+1
)1− 1

ξg
+αg,0,

and allows for reversibility of government investment.8 This assumption captures the ability of the

private sector to use infrastructure generated by the government.

The optimality condition with respect to Yg implies that

λg,t ≡ 1,

i.e., the marginal cost must be equal to the price of the good. As a result, the optimal demand of

labor implies

wg,t = Fg,Lg,t ,

The optimality condition with respect to Ig,t pins down the marginal value of public capital:

qg,t =
p̃t

Γ′g,t
, (3.27)

8The constant αg,0 is set so that at the deterministic steady state Ig
Kg

= Γg. The coefficient αg,1

is set so that at the deterministic steady state Γ′g = 1.
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where p̃t accounts for the fact that investment is made using the final good. The optimality with

respect to Kg,t+1 is

qg,t = Et

[
Mg

t+1
∂Vg,t+1

∂Kg,t+1

]
(3.28)

= Et

[
Mg

t+1

(
Fg,Kg,t+1 +

(
1−δ +Γg,t+1−

Ig,t+1

Kg,t+1
Γ
′
g,t+1

)
qg,t+1

)]
. (3.29)

Under this specification, the government sector does not produce innovations, but it has access

to the same production function of the private sector when we set ξg = 1 and αg = αp. Under

this assumption, the government differs from the private sector only in that it does not hold risky

innovation capital.

3.3.5 Payout Flows

The total private pay-out (in numeraire units) is

p̃tDt = pt(Yp,t −NtXt)−wp,tLp,t − (p̃tIp,t + p̃tSt),

that is, private GDP net of labor costs and private investments. As a result, V ex captures the value of

both tangible and intangible private assets. The government payout is positive when the tax flow is

negative, i.e., when the agent receives a net subsidy. Similarly to the private payout computations,

in numeraire units, we have

−p̃tTt = Yg,t −wg,tNg,t − p̃tIg,t (3.30)

= αgYg,t − p̃tIg,t .

3.3.6 Calibration and Solution Method

We report our quarterly calibration in table 3.6. Many of the parameters are standard. The prefer-

ence parameters are set in the spirit of the long-run risk literature. See, among others, Bansal and

Yaron (2004).
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Both the tangible capital income share and the depreciation rate of tangible capital are set to

the same values across sectors. We choose numbers as in Croce (2014). We also set the elasticity

of the adjustment cost functions to be the same and choose a moderate value that let investment be

as volatile as in the data.

In the bundle that aggregates private and government goods, the weight ω is chosen to match

the relative size of private and government investment. The coefficient φv is set to zero because we

consider the presence of this shock only in our sensitivity analysis. The elasticity of substitution

τ is set to have a total profit share comparable to the data. The parameters that determine the

innovation activity in the model are set in the spirit of Comin and Gertler (2006) and Kung and

Schmid (2015). Our innovators have stronger mark ups than other private producers, consistent

with our Compustat data. The scaling parameter χ is set to have an annual average growth rate of

1.9%.

Productivity is calibrated according to our quarterly data. Both the persistence and the mag-

nitude of time-varying volatility are consistent with our confidence intervals reported in table E1.

The parameter βv,a accounts for the negative correlation between relative volatility and short-run

shocks and is set according to the data to -3.5. In untabulated sensitivity analysis, we find that this

parameter plays no crucial role.

Private and public productivity share the same dynamics, although public productivity is set to

a lower average level. This is consistent with the data provided by the BEA. The model is solved

with a third-order perturbation method.

3.4 Results

In this section, we use our benchmark model to study both new unconditional moments and to

quantify the benefits of government capital through a counterfactual analysis. We also show the
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Table 3.6: Benchmark Calibration

Preferences

Relative Risk Aversion ( γ ) 10
Intertemporal Elasticity of Substitution ( ψ ) 2
Subjective Discount Rate ( β ) 0.981/4

Labor Elasticity ( ωl ) 1.5
Cointegration Labor Preference Shock ( θsla ) 0.1
Public Good Preference Shock Coefficient ( φv ) 0

Final Good Aggregator

Private Good Bias ( ω ) 0.8
Private/Public Elasticity of Substitution ( τ ) 5

Production

Intangible Capital Share ( ξ ) 0.49
Tangible Capital Share ( αp = αg ) 0.3
Capital Depreciation Rate ( δn = δs ) 0.06/4
Adjustment Cost Elasticity ( ξp = ξg ) 3.5
Elasticity of Substitution Across Interm. Goods ( ν−1 ) 1.73

Innovation

Intangible Capital Congestion, Scale Parameter ( χ ) 0.128
Intangible Capital Congestion, Elasticity ( η ) 0.83
Patent Survival Rate ( 1−φ ) 0.96

Productivity

Productivity Persistence ( ρ ) 0.98
Productivity Volatility ( σ ) 0.032/2
Relative Log-Volatility Persistence ( ρv ) 0.74
Volatility of Relative Log-Volatility ( σv ) 0.15
Relative Log-Volatility Short Run Exposure ( βv,a ) -3.5
Average Government Gap ( χg ) 65%

Notes: This table reports our benchmark quarterly calibration.
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relevance of both recursive preferences and volatility shocks to generate the reallocation observed

in the data.

3.4.1 Benchmark Model

Responses. In figure 3.4, we depict the response of variables of interest to both productivity

level shocks and volatility shocks. We note several points. First, with respect to a positive level

shock, our model behaves similarly to a standard production economy model, as private consump-

tion, total labor, private investments, and output simultaneously expand.

On the asset pricing side, the higher level of productivity increases the value of both intangible

(Vt) and tangible (qp,t) private capital. Since at the equilibrium there is a reallocation away from the

government sector (Ig/Itot declines) for 5 quarters, the shadow value of government capital (qg,t)

declines as well.

In contrast to a positive level shock, a positive (i.e., adverse) volatility shock produces a con-

traction in private economic activity and promotes a reallocation toward government capital. Both

private consumption and investment fall and the value of both tangible and intangible private capital

decline. Because of aversion to volatility shocks, the representative agent finds it optimal to real-

locate resources toward forms of capital that are less exposed to volatility. Since both the marginal

product of tangible capital and the monopolistic rents generated through intangible capital are very

exposed to volatility, the household reallocates resources toward government capital causing it to

appreciate.

In order to better compare the model predictions to our empirical results, in figure 3.5 we

compare the responses of our model with those of our VAR in which we focus on business cycle

fluctuations. Absent cross-sector reallocation costs, the model predicts a reallocation away from the

private sector that is more pronounced but also less long-lived than in the data. Overall, however,

our model captures well the empirical pattern of private output.
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Figure 3.4: Impulse Responses

This figure shows percentage deviations from steady state. Our benchmark calibration is reported
in table 3.6. The dashed line refers to the model with no time-varying volatility (σv = 0).
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As mentioned in our previous section, when we focus on medium cycle fluctuations we cap-

ture a more prolonged and pronounced decline in output. In figure 3.6, we show that our model can

go in the direction of replicating these dynamics if we depart from our conservative calibration in

two dimensions. First, we assume that the productivity of the government and that of the private

sectors have the same average level, e.g., χg = 1. We consider this modification plausible given

that government services tend to be undervalued because national accounting misses part of gov-

ernment services added value (Abel et al. (2016)). As a result, measured government productivity

is downward biased. From a model perspective, increasing χg makes government capital a more

effective storage technology against volatility shocks and hence it facilitates reallocation.

Second, we increase ρv to 0.90, a value consistent with our estimated confidence intervals. We

note that these two modifications leave the unconditional moments implied by our model almost

unchanged. We discuss these results in what follows.

Figure 3.5: Model versus VAR

This figure shows the response to productivity volatility shocks of the ratio of total gross gov-
ernment investment to output (Ig/Y ), detrended total gross private investment (Ip); detrended gross
private R&D investment (IR&D), and detrended private output (Yp). The VAR-implied responses are
obtained as in figure 3.3, top panels. The model-implied responses are obtain from our benchmark
quarterly specification.
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Figure 3.6: Business versus Medium Cycle

This figure shows the response to productivity volatility shocks of detrended private output (Yp).
The VAR-implied responses are obtained as in figure 3.3. The model-implied responses are obtain
from our benchmark quarterly specification (left) and an enhanced calibration described in section
3.4.
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Simulated moments. To better assess the performance of our model, in table 3.7 we show a

comprehensive list of moments generated through simulations. The top portion of the table shows

standard moments for private macroeconomic aggregates. Our model matches very well all these

well known figures, except the average share of total private investment which is too high due to

intangible investment. We note, however, that McGrattan and Prescott (2010) and Corrado et al.

(2009) argue that the BEA data may underestimate the extent of intangible investments and hence

we regard our model output as plausible.

Table 3.7: Main Moments

Moment Data Model
Est. St.Err.

σ(∆y) (%) 4.85 (0.90) 4.81
σ(∆c)/σ(∆y) 0.61 (0.11) 0.68
σ(∆itot)/σ(∆y) 2.14 (0.11) 1.70
σ(∆s) (%) 10.20 (1.88) 8.29
E [(Ip +S)/Y ] (%) 15.06 (0.79) 31.45
σ((Ip +S)/Y ) (%) 3.41 (0.67) 2.57
ρ(∆c,∆ ln(Ip +S)) 0.84 (0.41) 0.81
E [Ig/Y ] (%) 5.35 (0.51) 6.21
σ(Ig/Y ) (%) 2.79 (1.00) 1.73

E
[

Kg
Kp+Kg

]
(%) 25.46 (0.54) 35.54

E
[
rLEV

p,ex
]

(%) 5.04 (1.98) 6.03
σ(rLEV

p,ex ) (%) 19.72 (1.78) 16.42
E [rg,ex] (%) 0.00
σ(rg,ex) (%) 0.18
E
[
HML-R&DLEV ] (%) 5.27 (3.74) 8.27

E
[
r f
]

(%) 0.49 (0.50) 0.86
σ(r f ) (%) 2.75 (0.48) 0.95
b10

g -0.29 (0.11) -0.26

Notes: Empirical moments are computed using annual data from 1929 to 2016. All data sources
are discussed in C. Numbers in parentheses are standard errors adjusted for heteroscedasticity. The
entries for the model are obtained by repetitions of small samples. Our baseline calibration is
detailed in table 3.6. The coefficient b10

g is based on the following measure of capital composition:
Kg/Ktot −KH

R&D/Kp.
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In the second portion of this table, we focus on moments that are specific to government cap-

ital. The model delivers an investment-to-output average ratio that is on average slightly higher

than in the data but within our confidence interval. As a byproduct of this outcome, the share of

government capital to total capital is slightly higher than in the data. In terms of the volatility of

Ig/Y , the model produces results consistent with our empirical confidence interval. We find this

outcome reassuring as it suggests that our framework is broadly reliable.

Thanks to the fact that government capital provides insurance against volatility shocks, its im-

plied excess return is lower than that of private capital. As it can be observed in the bottom portion

of this table, private tangible capital is risky and requires a levered premium of 6.03%. Further-

more, our model replicates the additional excess return required to hold R&D capital. This result

obtains because the present value of patent rents is very sensitive to volatility shocks, meaning that

it declines when volatility increases. In addition, in this state of the world the household prefers to

reallocate resources toward safer forms of capital. In the presence of adjustment costs, the reallo-

cation amplifies the fall in the market value of R&D capital and makes the implied risk-premium

higher. As a result, periods of higher volatility are associated with a contraction in innovative

investments and medium-run growth.

In order to quantify the model-implied connection between capital reallocation and growth, we

estimate the following regression using simulated data:

1
10

∆ logZp,t|t+10 = β0 +b10
g · (Kg,t/Ktot,t −KR&D,t/Kp,t),

where Ktot := Kp,t +Kg,t and Kp,t captures the book value of private capital. This specification

mimics as closely as possible what we do in the data and produces a negative coefficient consistent

with our estimates. This result is very supportive of our framework as this moment was not directly

targeted by our calibration.
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3.4.2 Inspecting the mechanism.

In this section, we discuss the role played by different elements in our model. We do so by removing

one element at the time from our benchmark calibration and compare the most relevant changes in

our simulated moments of interest. Since our goal is to highlight the marginal relevance of each

parameter, we do not recalibrate the entire model and discuss only the subset of moments that

change significantly across different settings in table 3.8. For comparability, we adjust slightly the

scale parameter for intangible capital congestion, χ , to maintain average growth unchanged.

The role of the government sector. Without accounting for government investment, the

model produces counterfactual results on the reallocation of resources upon the arrival of volatil-

ity news shocks. As shown in figure 3.7, in this case the agent finds it optimal to increase R&D

investment in order to slowly increase growth and compensate for the higher level of volatility.

First of all, this is not consistent with our VAR evidence. Furthermore, because of adjustment

costs, this reallocation implies an appreciation of R&D capital and a stronger depreciation of tan-

gible capital when volatility increases. These results are not consistent with what we document in

table 3.2, as innovation intensive firms are not a hedge against volatility shocks.

The top portion of table 3.8 confirms that this setting predicts a stronger risk premium on

regular capital and a counterfactually modest average HML−R&D. This setting implies also a

higher private investment-to-GDP ratio which results directly from the fact that we have eliminated

the government sector and hence all savings are employed for private investment.
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Table 3.8: Inspecting the Mechanism

Moment Data Benchmark Altern. Model
Est. St.Err.

No Gov (ω = 1)
E [(Ip +S)/Y ] (%) 15.06 (0.79) 31.45 39.76
E
[
rLEV

p,ex
]

(%) 5.04 (1.98) 6.03 8.33
E
[
HML-R&DLEV ] (%) 5.27 (3.74) 8.27 1.00

No Vol (σv = 0)
σ(∆y) (%) 4.85 (0.90) 4.81 4.51
σ(∆s) (%) 10.20 (1.88) 8.29 7.72
σ(Ig/Y ) (%) 2.79 (1.00) 1.73 1.49
E
[
HML-R&DLEV ] (%) 5.27 (3.74) 8.27 7.63

CRRA (γ = 1/2 )
σ(∆itot)/σ(∆y) 2.14 (0.11) 1.70 1.64
σ(∆s) (%) 10.20 (1.88) 8.29 7.55
σ(Ig/Y ) (%) 2.79 (1.00) 1.73 1.12
E
[
rLEV

p,ex
]

(%) 5.04 (1.98) 6.03 0.82
E
[
HML-R&DLEV ] (%) 5.27 (3.74) 8.27 3.81

CRRA (γ = 10 )
σ(∆y) (%) 4.85 (0.90) 4.81 3.88
σ(∆c)/σ(∆y) 0.61 (0.11) 0.68 1.08
σ(∆itot)/σ(∆y) 2.14 (0.11) 1.70 0.81
σ(∆s) (%) 10.20 (1.88) 8.29 3.90
E [(Ip +S)/Y ] (%) 15.06 (0.79) 31.45 19.71
σ((Ip +S)/Y ) (%) 3.41 (0.67) 2.57 0.30
ρ(∆c,∆ ln(Ip +S)) 0.84 (0.41) 0.81 0.99
σ(Ig/Y ) (%) 2.79 (1.00) 1.73 0.35
E
[
rLEV

p,ex
]

(%) 5.04 (1.98) 6.03 2.15
E
[
HML-R&DLEV ] (%) 5.27 (3.74) 8.27 2.31

E
[
r f
]

(%) 0.49 (0.50) 0.86 10.20
PS (φv =−0.015)

E [rg,ex] (%) 0.00 -0.01
E
[
HML-R&DLEV ] (%) 5.27 (3.74) 8.27 9.09

Notes: Empirical moments are computed using annual data from 1929 to 2014. All data sources
are discussed in C. Numbers in parentheses are standard errors adjusted for heteroscedasticity.
The entries for the model are obtained by repetitions of small samples. Our baseline calibration is
detailed in table 3.6. ‘No Gov’ (‘No vol’) refers to a setting with no government sector (no volatility
shocks). ‘PS’ (‘CRRA’) denotes the case with preference shocks (time-additive preferences).
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Figure 3.7: The Model without Government versus VAR

This figure shows the response to productivity volatility shocks of the ratio of total gross gov-
ernment investment to output (Ig/Y ), detrended total gross private investment (Ip); detrended gross
private R&D investment (IR&D), and detrended private output (Yp). The VAR-implied responses are
obtained as in figure 3.3, top panels. The model-implied responses are obtain from our benchmark
quarterly specification without the government sector (ω = 1).

The role of volatility shocks. Removing time varying volatility produces several intuitive

and yet relevant results. First of all, output growth volatility declines by 30 basis points per year,

i.e., a relevant amount in a setting with three different capital stocks and endogenous labor. This

moderation is even more evident when we focus on the volatility of both R&D investment and the

ratio of government investment-to-GDP. We note that according to our model the cost of equity

for innovation-intensive firms would decline by 80 basis points. In this counterfactual scenario,

if we do not adjust the parameter χ , average R&D-capital increases and the average GDP growth

increases by almost 1% over a decade.

The role of preferences. Given our benchmark calibration, we can remove aversion to volatil-

ity shocks by either setting the relative risk aversion to 1/2 or by setting the intertemporal elasticity

of substitution (IES) to 1/10. In figure 3.8 (top panels), we show that when we lower our relative

108



Figure 3.8: The Model with CRRA

(a) RRA=1/2

(b) RRA=10

This figure shows the response to productivity volatility shocks of the ratio of total gross gov-
ernment investment to output (Ig/Y ), detrended total gross private investment (Ip); detrended gross
private R&D investment (IR&D), and detrended private output (Yp). The VAR-implied responses are
obtained as in figure 3.3, top panels. The model-implied responses are obtain from our benchmark
quarterly specification with RRA set to either 1/2 or 10.
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risk aversion to 1/2, the model produces no reallocation with respect to vol shocks. Consistent

with this finding, in table 3.8 we see that investments flows become smoother. Not surprisingly, the

model-implied risk premia decline substantially as news shocks are no longer separately priced.

All other macroeconomic moments remain almost unchanged given that we are keeping fixed the

IES.

In contrast, increasing the risk aversion to 10 implies a much lower IES. In this case, we face

both excessively low risk premia and excessively high risk-free rate, at odds with the data. On

the macroeconomic side, all second moments depart substantially from the data. Furthermore, the

reallocation with respect to vol shocks goes in the opposite direction of that found in the data (figure

3.8, bottom panels) and prescribes an increase in economic activity across all horizons.

3.5 Conclusions

We propose a novel way to think about economic slowdowns associated to high-uncertainty peri-

ods. Specifically, focusing on U.S. micro data we show the existence of a significant positive link

between uncertainty and investment reallocation away from innovation-oriented stocks. Further-

more, we confirm these dynamics in aggregate data that account for government investment flows.

Our empirical tests suggest that this reallocation is a leading indicator of sluggish long-run growth.

We rationalize these novel empirical findings in a production economy in which (a) the rep-

resentative agent has an explicit fear toward uncertainty; and (b) government capital is productive

and has very stable cash-flows because it gives up to monopolistic rents. During periods of high un-

certainty, private capital is perceived as extremely risky, as the private sector has monopoly power

and the present value of monopoly rents is highly exposed to uncertainty shocks. With recursive

preferences, there is a motive to reallocate resources away from risky activities and invest more in

safer capital stocks. This reallocation generates a medium-run decline in growth broadly consistent
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with the data.

Future work should focus on the interplay between government investment and distortionary

taxation. Furthermore, since government capital is related to uncertainty, it should be used to

explain the cross-section of equity returns.
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Chapter 4

Conclusion

Technological innovation is important to explain the cross-section of firm returns. In addition, re-

source reallocation between innovative firms and less innovative firms affects the mid-run economic

growth. This dissertation studies the cross-sectional and time series implication of technological

innovation. It provides a novel mechanism to explain the risk and risk premia of firms in a techno-

logical race in which firms with differentially advanced technologies race for the leading positions.

It also shows the impact of the aggregate uncertainty on the capital reallocation across innovative

sector and non-innovative sector, which further affect the economic growth.
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Appendices

A Equilibrium Conditions

A.1 Final Goods Producer

The final goods aggregator solves:

max
Yj,t

PY ,t

(∫ 1

0
Y

1− 1
τi

j,t

) 1
1−1/τi
−
∫ 1

0
Pj,tYj,td j, (A1)

The optimal condition with respect to Yj,t is:

Pj,t = PY ,t

(∫ 1

0
Y

1− 1
τi

j,t d j
) 1/τi

1−1/τi
Y
− 1

τi
j,t (A2)

which yields the demand for industrial good j:

Yj,t = Yt

(
Pj,t

PY ,t

)−τi

(A3)

So for any two industries i and j:
Yj,t

Yi,t
=

(
Pj,t

Pi,t

)−τi

(A4)

Combining Eq.(A4) with the zero profit condition:

PY ,tYt =
∫ 1

0
Pj,tYj,td j (A5)

yields:

PY ,t =
Yj,t

Yt

∫
P1−τi

i,t di

P−τi
i,t

(A6)

Combining Eq.(A6) and Eq.(A2) gives:

PY ,t =

(∫ 1

0
P1−τi

j,t

) 1
1−τi

(A7)
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A.2 Industry Goods Producer

The industry goods producer solves:

max
Y j,l,t ,Yj, f ,t

Pj,t

[
ωY

1− 1
τ

j,l,t +(1−ω)Y
1− 1

τ

j, f ,t

] 1
1−1/τ

−Pj,l,tYj,l,t −Pj, f ,tYj, f ,t , (A8)

The optimal condition with respect to Yj,l,t is:

ωPj,tY
1
τ

j,tY
− 1

τ

j,l,t = Pj,l,t (A9)

The optimal condition with respect to Yj, f ,t is:

(1−ω)Pj,tY
1
τ

j,tY
− 1

τ

j, f ,t = Pj, f ,t (A10)

Given the price of homogeneous goods is normalized to 1, that is Pj, f ,t = 1, combining Eq.(A9)

and Eq.(A10) yields the demand curve for the quality goods:

Pj,l,t =
ω

1−ω

(
Yj, f ,t

Yj,l,t

) 1
τ

. (A11)

Eq.(A10) gives the industrial goods price:

Pj,t =
1

1−ω

(
Yj, f ,t

Yj,t

) 1
τ

. (A12)

A.3 Quality Goods Firm

The problem of the quality goods produncer is as follows:

Vj,l,t = max
Y j,l,t ,K j,l,t ,L j,l,t ,xk,t

ω

1−ω

(
Yj, f ,t

Yj,l,t

) 1
τ

︸ ︷︷ ︸
Pj,l,t

Yj,l,t − rk
t K j,l,t −ωtL j,l,t

−
∫ 1

0
p j,i,tx j,i,t di+Et [Mt+1Vl,t+1]
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The first order condditions with respect to L j,l,t and K j,l,t give:

(1−1/τ)(1−α)(1−ξ )Pj,l,t
Yj,l,t

L j,l,t
= ωt (A13)

(1−1/τ)α(1−ξ )Pj,l,t
Yj,l,t

K j,l,t
= rk

t (A14)

The optimal condition with respect to x j,i,t yields the demand curve for x j,i,t :

p̃ j,i,t =
p j,i,t

Pj,l,t
=

(
1−1/τ +1/τ

∫ 1
0 p̃ j,i,tx j,i,t di

Yj,l,t

)
∂Yj,l,t

∂x j,i,t
(A15)

And:
∂Yj,l,t

∂x j,i,t
= ξ (Kα

j,l,t(ΩtL j,l,t)
1−α)1−ξ

[∫ 1

0
q

1− 1
ν

j,i,t x
1
ν

j,i,t di
]νξ−1

q
1− 1

ν

j,i,t x
1
ν
−1

j,i,t . (A16)

A.4 Leading Technology Holders

The leader chooses p j,i,t to solve:

π j,i,t = max
p j,i,t

p j,i,t · x j,i,t −µlPj,l,tx j,i,t = max
x j,i,t

Pj,l,t (p̃ j,i,tx j,i,t −µlx j,i,t) . (A17)

Given the demand curve for x j,i,t in Eq.(A15), the optimal condition with respect to x j,i,t yields:

∂ p̃ j,i,t

∂x j,i,t
x j,i,t + p̃ j,i,t −µl = 0 (A18)

so that:

p̃ j,i,t = νµl (A19)

To reach the equilibrium x j,i,t in Eq.(A26), I use the guess and verify method. First I guess the

equilibrium x j,i,t is linear in q j,i,t :

x j,i,t = Θtq j,i,t (A20)
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where Θt is a function of aggregate variables. So x j,i,t
q j,i,t

is identical across all leading technology i

∈ [0,1]. It yields:

∂Yj,l,t

∂x j,i,t
= ξYj,l,t

[∫ 1

0
q

1− 1
ν

j,i,t x
1
ν

j,i,t di
]−1

q
1− 1

ν

j,i,t x
1
ν
−1

j,i,t .

= ξYj,l,t

[
Θ

1
ν

t

∫ 1

0
q j,i,t ,di

]−1

Θ
1
ν
−1

t

= ξYj,l,tQ−1
j,t Θ

−1
t (A21)

Substituting Eq.(A19) and Eq.(A21) into Eq.(A15) yields:

νµl = (1−1/τ)
∂Yj,l,t

∂x j,i,t
+

νµl/τ

∫ 1
0 q j,i,t

x j,i,t
q j,i,t

di

Yj,l,t

 ∂Yj,l,t

∂x j,i,t

= (1−1/τ)
∂Yj,l,t

∂x j,i,t
+

(
νµl/τ

ΘtQ j,t

Yj,l,t

)
ξYj,l,tQ−1

j,t Θ
−1
t

= (1−1/τ)ξYj,l,tQ−1
j,t Θ

−1
t +ξ νµl/τ (A22)

rearrange Eq.(A22) yields:

Θt =
ξ

νµl

1−1/τ

1−ξ/τ
Yj,l,tQ−1

j,t (A23)

where

Yj,l,t = (Kα
j,l,t(ΩtL j,l,t)

1−α)1−ξ

[∫ 1

0
q

1− 1
ν

j,i,t x
1
ν

j,i,t di
]νξ

= (Kα
j,l,t(ΩtL j,l,t)

1−α)1−ξ
Θ

ξ

t Qνξ

j,t (A24)

Combining Eq.(A23) and Eq.(A24) yields:

Θt =
x j,i,t

q j,i,t
=

(
ξ

νµl

1−1/τ

1−ξ/τ

) 1
1−ξ

Kα
j,l,t(ΩtL j,l,t)

1−αQ
ξ ν−1
1−ξ

j,t (A25)

Eq.(A25) verifies that the equilibrium x j,i,t is linear in q j,i,t . It yields the equilibrium quantity for

input x j,i,t :

x j,i,t =

(
ξ

νµl

1−1/τ

1−ξ/τ

) 1
1−ξ

Kα
j,l,t(ΩtL j,l,t)

1−αQ
ξ ν−1
1−ξ

j,t q j,i,t (A26)
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Substituting Eq.(A25) into Eq.(A24) and assuming the following balanced growth condition is

satisfied1:
(ν−1)ξ

1−ξ
= 1−α (A27)

yield the production of the quality goods in equilibrium:

Yj,l,t =

(
ξ

νµl

1−1/τ

1−ξ/τ

) ξ

1−ξ

Kα
j,l,t(ΩtQtL j,l,t)

1−α (A28)

Therefore, the equilibrium profit of leader i is:

π j,i,t = Pj,l,t (ν−1)µl

(
ξ

νµl

1−1/τ

1−ξ/τ

) 1
1−ξ

Kα
j,l,t(ΩtL j,l,t)

1−αQ
ξ ν−1
1−ξ

j,t q j,i,t .

= (1− 1
ν
)

(
ξ (1−1/τ)

1−ξ/τ

)
Pj,l,tYj,l,t

q j,i,t

Q j,t
(A29)

A.5 Homogeneous Goods Firm

The problem of the Homogeneous goods produncer is as follows:

Vj, f ,t = max
K j, f ,t ,L j, f ,t

Yj, f ,t − rk
t K j, f ,t −ωtL j, f ,t +Et [Mt+1Vj, f ,t+1]

The first order condditions with respect to L j, f ,t and K j, f ,t give:

(1−α)
Yj, f ,t

L j, f ,t
= ωt (A30)

α
Yj, f ,t

K j, f ,t
= rk

t (A31)

A.6 Symmetric Innovations

The entrant in industry j solves the following problem:

max
S j,e,t

Vj,e,t =−Q j,tS j,e,t +φe(S j,e,t)Et [Mt+1

∫ 1

0
Vj,i,κq j,i,t di] (A32)

1See Kung and Schmid (2015) and Bena et al. (2015).
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The first order condition with respect to S j,e,t is:

1 = φ
′
e(S j,e,t)Et [Mt+1

∫ 1
0 Vj,i,κq j,i,t di

Q j,t
] (A33)

Therefore, all entrants choose the identical level of innovation effort.

The follower solves:

max
S j, f ,t

Vj, f ,t = −Q j,tS j, f ,t +φ f (S j, f ,t)Et [Mt+1

∫ 1

0
Vj,i,κq j,i,t di]

+(1−φ f (S j, f ,t+1))φEt [Mt+1Vj, f ,t ] (A34)

The first order condition with respect to S j, f ,t is:

1 = φ
′
f (S j, f ,t)Et [Mt+1

∫ 1
0 Vj,i,κq j,i,t di−φVj, f ,t

Q j,t
] (A35)

All followers choose the identical level of innovation effort.

The leader chooses the innovation expenditure to solve:

max
S j,i,t

Vj,i,q j,i,t = π j,i,t −q j,i,tS j,i,t

+φl(S j,i,t)Et
[
Mt+1Vj,i,κqi,t

]
+(1−φl(S j,i,t)−m j,tφ f (S j, f ,t)−φe(S j,e,t))Et

[
Mt+1Vj,i,q j,i,t

]
+(m j,tφ f (S j, f ,t)+φe(S j,e,t))Et [Mt+1Vj, f ,t+1] (A36)

The first order condition with respect to S j,i,t is:

1 = φ
′
f (S j, f ,t)Et [Mt+1

Vj,i,κqi,t −Vj,i,q j,i,t

q j,i,t
] (A37)

then I show that Vj,i,κqi,t −Vj,i,q j,i,t is linear in q j,i,t . To see this, I express Vj,i,κqi,t −Vj,i,q j,i,t by using

Eq.(A36):

Vj,i,κq j,i,t −Vj,i,q j,i,t = (κ−1)π j,i,t − (κS j,i,κq j,i,t −S j,i,q j,i,t )q j,i,t

+φl(S j,i,κq j,i,t )Et

[
Mt+1

(
Vj,i,κ2q j,i,t

−Vj,i,κq j,i,t

)]
−φl(S j,i,q j,i,t )Et

[
Mt+1

(
Vj,i,κq j,i,t −Vj,i,q j,i,t

)]
+(1−m j,tφ f (S j, f ,t)−φe(S j,e,t))Et

[
Mt+1

(
Vj,i,κq j,i,t −Vj,i,q j,i,t

)]
(A38)
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As shown in Eq.(A29), π j,i,t is linear in q j,i,t . (κS j,i,κq j,i,t −S j,i,q j,i,t )q j,i,t is also linear in q j,i,t . Keep-

ing expanding Vj,i,κnq j,i,t −Vj,i,κn−1q j,i,t
shows that Vj,i,κq j,i,t −Vj,i,q j,i,t is linear in q j,i,t .

Vj,i,κqi,t−Vj,i,q j,i,t
q j,i,t

is thus identical across all leading technology i ∈ [0,1]. Therefore, all leading technology holders

make identical S j,i,t decisions. Note that this result relies on the implication that all leaders are

equally likely to be displaced. In addition, the future profits of all leading technology holders with

κq j,i,t are linear in κ .
∫ 1

0 Vj,i,κq j,i,t di can be expressed as κ
∫ 1

0 Vj,i,q j,i,t di.

A.7 Household

The representative household maximize the utility in Eq.(3.6) subject to Eq.(2.25) and Eq.(2.26).

The first order conditions with respect to Ct , It and Kt+1 yields the standard Euler equation:

1 = Et

Mt,t+1

rk
t+1 +Φ

−1
t+1

(
1−δk +Φt+1−Φ′t+1

It+1
Kt+1

)
Φ
−1
t

 (A39)

where the stochastic discount factor is given in Eq.(2.27). The first order condition with respect to

Lt yields:

ωt = ω̄ZtL
ωl−1
t (A40)

B Data

• The macro data in Table 2.2 are from the Bureau of Economic Analysis (BEA).

• The market price, dividend data are from shiller’s website:

– http://www.econ.yale.edu/ shiller/data.htm.

• The leader indicator in section 2.4.1 is the R&D/Innovation (PRO-str-B) from the MSCI

ESG KLD STATS performance indicators dataset. The definition of the indicator is: The
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company is a leader in its industry for research and development (R&D), particularly by

bringing notably innovative products to market.

• The firm accounting data are from Compustat.

• The stock return data in section 2.4.1 and 2.4.1 are from CRSP. Only share codes 10, 11 and

12 are considered. That is microcap stocks are excluded from forming the factors.

• Patent application and citation data and patent/Compustat matching method files are ob-

tained from the NBER US Patent Citation Data Files. Also see Bronwyn Hall’s data website:

https://eml.berkeley.edu// bhhall/patents.html.

• Patent value measured by market reaction data and patent value measured by citation data

are from Kogan et al. (2017). Also see https://iu.app.box.com/v/patents

• Portfolios data are from Kenneth French’s website:

– http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data librar.html.

• Fama-French five factors (Fama and French (2015)), momentum factor and risk-free rate are

obtained from Kenneth French’s website. Intermediary capital risk factor is from He et al.

(2017). See http://apps.olin.wustl.edu/faculty/manela/data.html
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Table B1: LP Beta Sorted Portfolios

Sorted Portfolios: 1998-2009

Variables L H H-L t-stat.

Average excess returns (%) 3.17 11.41 8.24 1.77
αCAPM 1.26 9.40 8.14 1.75
αFF 1.11 9.41 8.31 1.83

Sorted Portfolios Pre-Crisis: 1998-2007

Variables L H H-L t-stat.

Average excess returns (%) 2.35 17.00 14.65 3.02
αCAPM -1.63 12.48 14.12 2.95
αFF -1.35 11.97 13.32 2.83

This table reports average excess returns, alphas of LP sorted portfolios. Columns report portfolios
sorted from low (L, Bottom 33%) to high (H, Top 33%) beta. Columns (H-L) and (T-stat) report
the portfolio that long high-beta portfolio and short the low-beta portfolio and the t-stat. All returns
are annualized. Portfolio return is the value-weighted returns. Stock returns data are obtained from
the CRSP with share codes 10, 11 and 12.
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Table B2: Patent Life Cycles

Industry Life Cycle (Years) Industry Life Cycle (Years)

Rubbr 10.86 Chems 9.30
Whlsl 8.98 Trans 10.94
Ships 9.73 Txtls 10.44
Steel 10.16 Clths 11.47
Chips 8.87 Other 9.12
Hshld 8.74 Oil 9.37
BldMt 10.73 Food 10.51
Autos 9.42 Beer 10.03
Toys 9.90 Util 9.01

Hardw 8.09 Banks 9.94
LabEq 9.55 FabPr 11.37
BusSv 10.04 PerSv 10.03
Drugs 8.95 Rtail 10.46
Paper 9.92 Guns 10.20
ElcEq 9.11 Gold 8.11
Books 9.79 Smoke 8.68
Insur 10.88 Cnstr 10.06
Mach 10.19 Agric 8.05
Softw 8.66 Hlth 10.59

MedEq 9.90 Meals 7.69
Telcm 9.02 Mines 10.39

Fin 10.16 Soda 9.51
Boxes 11.33 RlEst 9.93
Fun 10.30 Coal 11.77
Aero 9.74

This table reports the measures of patent life cycle for each industry. For each industry, the life cycle
is measured by averaging the citation lags of the patents owned by that industry. The definition of
the citation lag is the time difference between the grant of a patent and the future citation (See Bilir
(2014)). Citation data are obtained from the NBER US Patent Citation Data Files.
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Figure B1: LP Time Series

This figure plots the LPt and ∆LPt in section 2.4.1
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C Data Description

In what follows, we detail the sources of our data by grouping them in major groups.

C.1 Aggregate Data

The national income and product accounts (NIPAs) are a set of economic accounts produced by the

Bureau of Economic Analysis (BEA). See Bureau of Economic Analysis (2014) for more underly-

ing details on the construction of the data series.

Government Investment. Data are from the NIPA table 3.1. The quarterly data are season-

ally adjusted. Government gross investment consists of spending by both general government and

government enterprises for fixed assets that benefit the public or that assist government agencies

in their productive activities. Put another way, government gross investment is a measure of the

additions to, and replacements of, the stock of government-owned fixed assets. It consists of in-

vestment by both general government and government enterprises in structures (such as highways

and schools), in equipment (such as military hardware), and in intellectual property products (soft-

ware and research and development), and it includes own-account investment by government. See

Bureau of Economic Analysis (2014) for more details.

Real Government Investment. Data are from the NIPA table 3.9.1. Units are percent change

from the previous period. The quarterly data are seasonally adjusted. Quarterly (annual) data in

chained 2012 dollars are not available prior to 2002 (1967), so we use the avaiable percent change

data series to construct the series of levels.

Government Expenditures and Investment. Data are from the NIPA table 1.1.5. The quar-

terly data are seasonally adjusted. Compared to government investment, this data series also in-

cludes government expenditures.

Private Investment. Fixed private investment data are from the NIPA table 1.1.5. The quar-
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terly data are seasonally adjusted. See Bureau of Economic Analysis (2014) for more details.

Real Private Investment. Data are from the NIPA table 1.1.6. Units are billions of chained

2012 dollars. The quarterly data are seasonally adjusted.

Private Research and Development (R&D) Investment. Data are from the NIPA table 1.5.5.

Units are billions of dollars. The quarterly data are seasonally adjusted.

Real Private Research and Development (R&D) Investment. The nominal series values

are converted to real values using the implied deflator between the reported nominal private gross

investment (NIPA table 1.1.5) and real private gross investment (NIPA table 1.1.6).

Personal Consumption Expenditures. Data are from the NIPA table 1.1.5. The quarterly

data are seasonally adjusted.

Real Personal Consumption Expenditures. Data are from NIPA table 1.1.6. Units are bil-

lions of chained 2012 dollars. The quarterly data are seasonally adjusted.

Gross Domestic Product. Data are from the NIPA table 1.1.5. The quarterly data are season-

ally adjusted.

Private Sector Output. Data are “Gross value added: GDP: Business” from the BEA. The

quarterly data are seasonally adjusted.

Real Private Sector Output. Data are “Real gross value added: GDP: Business” from the

BEA. Units are billions of chained 2012 dollars. The quarterly data are seasonally adjusted.

Total Factor Productivity Growth. Business sector TFP data are from the Federal Reserve

Bank of San Francisco.

Government and Private Capital. Capital stock data are from the NIPA table 5.10. We use

the data series for fixed assets (structures, equipment, and intellectual property products) and thus

our total capital stock (Kg+Kg) does not include inventories. Capital stocks are accumulated totals

computed from gross investment, consumption of fixed capital, and other adjustments. See Bureau

of Economic Analysis (2014) for more details.
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Employment. Data are from the US Bureau of Labor Statistics (BLS). Private employment

is measured as all the seasonally adjusted number of employees in all private industries. Govern-

ment employment is measured as the seasonally adjusted number of employees across all levels of

government.

Price Index and Inflation. We use the “All items in U.S. city average, all urban consumers,

not seasonally adjusted” price index downloaded from the US Bureau of Labor Statistics (BLS)

website. This price index is used both to deflate nominal data from Compustat and to compute

inflation.

Integrated Volatility. We compute our quarterly integrated volatility measure as:√
66× 1

N

N

∑
i=1

(rm,i− r f ,i)
2

where N is the number of daily observations in a given quarter and rm,i− r f ,i is the market excess

return for a given day. Market excess return data were downloaded from the Kenneth R. French

Data Library.

Price-Dividend Ratio. Price and dividend data are from Robert Shiller’s website (http:

//www.econ.yale.edu/~shiller/data.htm). These monthly data series begin in 1871. We

compute a quarterly price-dividend ratio data series by dividing the third month’s price by the sum

of dividends in each quarter. See the website for more details on the underlying data construction.

Treasury Zero-Coupon Yields. Data are from the Federal Reserve website (http://www.

federalreserve.gov/pubs/feds/2006/200628/200628abs.html). We aggregate the raw

daily data to a quarterly frequency by taking the average within each quarter. The resulting quar-

terly data series begins in 1961:Q2. See Gurkaynak et al. (2007) for details on the computation of

the underlying daily data series.

Government Bond Returns. Data are from Ibbotson Associates. Returns are available for

one-month Treasury bills (TBILL), intermediate-term bonds (ITGOVBD), and long-term govern-

ment bonds (LTGOVBD).
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Moody’s Seasoned Baa Corporate Bond Yield Spreads. Data are from the Federal Reserve

Bank of St. Louis.. The spreads are computed relative to the 10-year Treasury Constant Maturity.

The quarterly data series are computed as the quarterly averages of the monthly series.

Economic Policy Uncertainty. Data are downloaded from the Economic Policy Uncertainty

website (http://www.policyuncertainty.com/us_historical.html). We use the US His-

torical News-Based Policy Index. This index is constructed based on the results from keyword

searches for terms related to economic and policy uncertainty in major US newspapers. See the

website and Baker et al. (2016) for more details.

C.2 Micro Data

Compustat. Our full sample includes all firm-year observations with a non-missing value for

total assets (AT) and keeps only firms incorporated in the USA (fic==“USA”). The annual data

begin in 1950. Investment is the sum of capital expenditures (CAPX) and R&D expense (XRD).

Nominal values are converted to real using our chosen CPI index. The CPI index is available at a

monthly frequency and it is merged onto the Compustat data using the month of the end-of-period

date (DATADATE). We also merge on monthly data from CRSP using DATADATE. We identify

industry using the standard industry classification code (SIC). Variables used to compute measures

of profitability are total revenue (REVT), and operating income before depreciation (OIBDP). Total

debt used in measures of leverage is the sum of total long-term debt (DLTT) and debt in current

liabilities (DLC). Book equity, which is used to compute book leverage, is defined as the sum of

the book value of stockholders’ equity (CEQ) and balance sheet deferred taxes (TXDITC) less the

book value of preferred stock (PST).

CRSP. Market equity data are from the Center for Research in Security Prices (CRSP). Be-

fore merging with Compustat, we filter observations to keep ordinary common shares (SHRCD∈

(10,11)) that trade on the main US exchanges (EXCHCD∈ (1,2,3)). We merge the CRSP data
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with our Compustat sample using the linked company code (LPERMNO) that connects the CRSP

company code (PERMNO) with the Compustat company code (GVKEY). The CRSP/Compustat

Merged linking table is provided by CRSP. Market capitalization in thousands is computed as the

product of the absolute value of close price (PRC) and shares outstanding (SHROUT) divided by

106.
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D Additional Empirical Results

In this section we report additional results to support our reallocation findings. Table D1 shows the

composition of our top and bottom R&D intensity-sorted portfolios.

Table D1: R&D Intensity Portfolios

Panel A: Top 10 Industries in R&D-Sorted Portfolios

Low-R&D High-R&D

Category % Count Category % Count

Eating Places 9.9 Biological Pds, Ex Diagnstics 12.3
Variety Stores 3.2 Prepackaged Software 11.0
Grocery Stores 3.2 Pharmaceutical Preparations 10.5
Crude Petroleum and Natural Gas 3.0 Semiconductor, Related Device 5.7
Women’s Clothing Stores 2.8 Electromedical Apparatus 3.5
Misc Amusement and Rec Service 2.8 In Vitro, In Vivo Diagnostics 3.4
Department Stores 2.5 Cmp Integrated Sys Design 2.9
Family Clothing Stores 2.2 Computer Communications Equip 2.9
Misc Shopping Goods Stores 1.9 Tele and Telegraph Apparatus 2.8
Catalog and Mail-Order Houses 1.9 Computer Software and Services 2.7

Total 33.5 Total 57.8
Panel B: R&D-sorted Portfolios Summary Statistics

High-R&D Low-R&D
Portfolio returns

Mean 19.13 13.71
Standard deviation 32.60 21.67
Sample size (number of months) 540 540

Portfolio characteristics
Market capital share 11.94 11.15
R&D/Assets 16.89 0.04
Revenue/Assets 102.34 155.51
Book leverage 44.20 59.88
Average number of firms 439 445

Notes: Panel A shows the top-10 industries in our baseline high and low R&D-sorted portfolios.
We count SIC codes across time and firms in each portfolio and report the most frequent industries
within each portfolio. Panel B reports summary statistics for our portfolios. Returns are equal-
weighted and presented in annualized percentages. The average market capital share, R&D/assets,
sales/assets, and leverage are presented in percentages. R&D/assets is defined as annual research
& development expenses divided by total assets and is used as our benchmark measure of R&D
intensity. Sales/assets is defined as annual net sales divided by total assets. Leverage is expressed
as a fraction of total assets.

Table D2 shows that our firm-level reallocation results apply also when we use a broad measure
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of uncertainty such as the EPU measure by Baker et al. (2016).

Table D2: Reallocation across R&D-sorted Firms (EPU)

∆[·]i,t→t+h = αi +
(

β0 +βrnd
R&D
Assets i,t

)
EPUt +βzzt + cntrli

t i = 1, ...,N

Horiz. ∆Inv.(%) ∆
R&D
Assets(p.p.)

(years) Balanced ≥ 90%T ≥ 80%T Balanced ≥ 90%T ≥ 80%T
h=3 βrnd -0.41 -0.72 -0.90 -0.18 -0.24 -0.31

(0.14) (0.17) (0.13) (0.02) (0.02) (0.05)
Wald 27.00 55.92 85.91 59.78 105.67 42.89

[0.000] [0.000] [0.000] [0.000] [0.000] [0.000]
R2 Loss -11 -13 -22 -75 -80 -79

h=4 βrnd -0.39 -0.59 -0.83 -0.23 -0.30 -0.42
(0.14) (0.14) (0.13) (0.03) (0.03) (0.06)

Wald 34.76 57.80 80.26 60.06 116.50 53.04
[0.000] [0.000] [0.000] [0.000] [0.000] [0.000]

R2 Loss -12 -12 -22 -72 -79 -81

h=5 βrnd -0.42 -0.53 -0.71 -0.27 -0.36 -0.50
(0.13) (0.12) (0.13) (0.04) (0.03) (0.06)

Wald 31.08 47.83 61.49 60.40 146.56 66.58
[0.000] [0.000] [0.000] [0.000] [0.000] [0.000]

R2 Loss -11 -9 -18 -71 -77 -78
N=96 N=196 N=273 N=96 N=196 N=273

Notes: Our quarterly data sample starts in 1972 and ends in 2016. Cumulative investment growth
rates, ∆Inv., are annualized. All estimates are obtained through GMM using a cross section of firms
sorted on R&D intensity. Numbers in parentheses are Newey-West adjusted standard errors. We
test H0 : βrnd ≥ 0 and denote a significance level of 1%, 5%, and 10% with ∗∗∗, ∗∗, ∗, respectively.
We also test the join hypothesis H0 : β0 = βrnd = 0 and report the implied Wald test (p-value in
square brackets) as well as the associated reduction in R2 from removing all volatility terms (EPU
and EPU ·R&D/Assets) from our benchmark specification. The price-dividend level is denoted
as pd. The variable zt is the residual from the regression pdt = αpd +βEPUt + zt . The firm-level
R&D intensity average, R&D/Assetsi,t , is computed over 3-year subsamples. We control for firm-
level Tobin’s Q and cash flow profitability, as well as for aggregate credit conditions as measured
by the 10-year Baa credit spread (cntrli

t ).

In table D3, we show that our firm-level results are unchanged when we include a time fixed

effect.
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Table D3: Reallocation across R&D-sorted Firms (Fixed Effect)

∆[·]i,t→t+h = αi +
(

β0 +βrnd
R&D
Assets i,t

)
iVolt +βzzt + cntrli

t i = 1, ...,N

Horiz. ∆Inv.(%) ∆
R&D
Assets(p.p.)

(years) Balanced ≥ 90%T ≥ 80%T Balanced ≥ 90%T ≥ 80%T
h=3 βrnd -3.14 -4.81 -5.69 -1.25 -1.44 -1.88

(1.07) (0.91) (0.77) (0.15) (0.15) (0.28)
Wald 9.40 28.70 54.72 72.23 94.85 46.39

[0.009] [0.000] [0.000] [0.000] [0.000] [0.000]
R2 Loss -3 -5 -10 -56 -66 -69

h=4 βrnd -3.06 -4.43 -5.44 -1.41 -1.66 -2.55
(0.93) (0.82) (0.76) (0.18) (0.18) (0.39)

Wald 16.60 36.47 59.53 75.86 100.30 46.69
[0.000] [0.000] [0.000] [0.000] [0.000] [0.000]

R2 Loss -4 -6 -12 -52 -63 -72

h=5 βrnd -3.06 -4.20 -4.94 -1.60 -1.94 -3.01
(0.85) (0.75) (0.78) (0.21) (0.18) (0.43)

Wald 28.70 42.04 43.24 64.91 126.35 50.35
[0.000] [0.000] [0.000] [0.000] [0.000] [0.000]

R2 Loss -5 -6 -12 -50 -62 -69
N=96 N=196 N=273 N=96 N=196 N=273

Notes: Our quarterly data sample starts in 1972 and ends in 2016. Cumulative investment growth
rates, ∆Inv., are annualized. All estimates are obtained through GMM using a cross section of firms
sorted on R&D intensity. Numbers in parentheses are Newey-West adjusted standard errors. We
test H0 : βrnd ≥ 0 and denote a significance level of 1%, 5%, and 10% with ∗∗∗, ∗∗, ∗, respectively.
We also test the join hypothesis H0 : β0 = βrnd = 0 and report the implied Wald test (p-value in
square brackets) as well as the associated reduction in R2 from removing all volatility terms (iVol
and iVol ·R&D/Assets) from our benchmark specification. Integrated return volatility and price-
dividend level are denoted as ivol and pd. The variable zt is the residual from the regression
pdt = αpd +β ivolt + zt . The firm-level R&D intensity average, R&D/Assetsi,t , is computed over
3-year subsamples. We control for firm-level Tobin’s Q and cash flow profitability, as well as for
aggregate conditions by including a time fixed effect.
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Table D4 reports some of the BEA components and categories regarding government invest-

ment, and figure ?? depicts the time series of both government investment and capital to their

private counterparts.

Table D4: Components of Government Gross Investment

Component Categories
Structures Buildings (residential, industrial,

educational, hospital, and other)
Highways and streets
Sewer systems
Water systems
. . .

Equipment Vehicles
Electronics
. . .

Intellectual property products Software
R&D

Notes: Component breakdown as seen in NIPA table 3.9.5. Examples are from Bureau of Economic
Analysis (2014).
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In figure figure D.3(a), we show that there is something unique about government investment

that goes above and beyond the countercyclical behavior of total government expenditure. During

recession periods, government expenditure increases relative to total private expenditure (i.e., gross

private investment plus consumption) mainly through the public investment channel.

Figure D1: Government Capital and Economic Fluctuations

(a) Relative Gross Investment
(

Ig
Ig+Ip

)
(b) Relative Capital Stock

(
Kg

Kg+Kp

)
The left panel shows quarterly gross government investment (Ig) as a share of total domestic invest-

ment (Ig + Ip), which also includes private gross investment (Ip). The right panel shows the annual

stock of government capital (Kg) as a share of the total domestic stock of capital (Kg + Kp), which

also includes the private capital stock (Kp). Our data sources are detailed in C. For examples of

government investment see table D4.

This dynamic behavior has been even more pronounced during the Great Recession, with al-

most no sign of reversal three years after the beginning of the recession (figure D.3(b)).
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Figure D2: Reallocation During Recessions

(a) Average post-1950 (b) Great Recession

In the left panel, we report the average path of the variables of interest across the latest 10 NBER
recessions starting from 1950. Time t = 1 is the first quarter of the recession. The right panel
focuses on the Great Recession only (2007:Q4–2009:Q2). Total federal expenditure is denoted by
G. Total private expenditure is the sum of private consumption (C) and gross private investment
(Ip). The subcomponet of government expenditure associated to gross government investment is
denoted as Ig. Our data sources are detailed in C.
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Given this observation, in table D5 we show reallocation effects across the government and the

private sector. We note that periods of elevated uncertainty are associated to a reallocation of both

capital and labor from the private to the government sector. Aggregate data confirm that uncertainty

reduces the R&D investment intensity in the private sector, whereas the government one remains

unchanged.

Table D5: Reallocation across Priv. and Gov. Sectors

Variable Private Government PMG
Full Sample (T=540)

∆Investment(%) 2.3 1.4 0.9
∆R&D/Assets(p.p.) 0.05 0.08 -0.02
∆Empl.(%) 1.6 1.2 0.5

Top-20% iVol Periods (T=114)
∆Investment(%) -1.2 1.1 -2.3
∆R&D/Assets(p.p.) 0.04 0.08 -0.04
∆Empl.(%) -0.1 0.9 -1.0

Notes: Our sample starts in 1972 and ends in 2016. ∆Investment and ∆Empl denote the forward-
looking real growth rate of total investment and number of employees, respectively (source: BEA
and BLS). ∆R&D/Assets(p.p.) refers to the forward-looking change in R&D expense divided
by assets over the same time-horizon in percentage points (source: BEA). The panel ‘Top-20%
iVol Periods’ refers to months (T ) in which integrated US equity returns volatility has been in its
historical top−20th percentile.

The VAR analysis in section 3.2.3 focuses on the sample period from 1972 to be consistent

with the other empirical evidence. However, it is possible to run this analysis from 1961 given the

availability of the underlying data. In figures ?? through ??, we show the equivalent of figures 3.1

through 3.3 using all available data. We find that these figures are virtually unchanged compared

to those in the main text.

In figure ??, we show the response to both productivity level and productivity-based uncertainty

shocks from our main VAR specification (figure 3.3 only shows the response to the latter). We

observe that the role of productivity level shocks is similar to that obtained using market volatility
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(figure 3.1).

Figure D3: Aggregate Capital Reallocation in a VAR with iVol

This figure shows the response to both productivity growth shocks and volatility shocks of total
gross government investment (Ig), total gross private investment (Ip); gross private R&D investment
(IR&D), and private output (Yp). All results are based on the VAR specified in equations (3.2)–(3.3),
in which we use stock market integrated volatility to measure uncertainty. We control for the 10-
year Baa credit spread. All series are HP filtered and in log units. Our sources are detailed in
C. Our quarterly sample starts in 1961 and ends in 2016. Confidence intervals are adjusted for
heteroscedasticity.
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Figure D4: Aggregate Capital Reallocation and Medium-Run Cycle

This figure shows the response to volatility shocks of total gross government investment (Ig), total
gross private investment (Ip); gross private R&D investment (IR&D), and private output (Yp). All
results are based on the VAR specified in equations (3.2)–(3.3), in which we use stock market
integrated volatility to measure uncertainty. We control for the 10-year Baa credit spread. In the
top (bottom) panels, all series are HP (pass-band) filtered and in log units. Our sources are detailed
in C. Our quarterly sample starts in 1961 and ends in 2016. Confidence intervals are adjusted for
heteroscedasticity.
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Figure D5: Aggregate Capital Reallocation and Medium-Run Cycle (II)

This figure shows the response to productivity-based volatility shocks of total gross government
investment (Ig), total gross private investment (Ip); gross private R&D investment (IR&D), and pri-
vate output (Yp). All results are based on the VAR specified in equations (3.2)–(3.4), in which
we use stock market integrated volatility to measure uncertainty. We control for the 10-year Baa
credit spread. In the top (bottom) panels, all series are HP (pass-band) filtered and in log units.
Our sources are detailed in C. Our quarterly sample starts in 1961 and ends in 2016. Confidence
intervals are adjusted for heteroscedasticity.
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Figure D6: Aggregate Capital Reallocation in a VAR with Productivity Vol

This figure shows the response to both productivity growth shocks and productivity volatility
shocks of total gross government investment (Ig), total gross private investment (Ip); gross pri-
vate R&D investment (IR&D), and private output (Yp). All results are based on the VAR specified
in equations (3.2) and (3.4), in which we use productivity volatility to measure uncertainty. We
control for the 10-year baa credit spread. All series are HP filtered and in log units. Our sources
are detailed in C. Our quarterly sample starts in 1972 and ends in 2016. Confidence intervals are
adjusted for heteroscedasticity.
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E Ex-ante Productivity Volatility

In the spirit of Bansal and Shaliastovich (2013), we form the following array of forecasting vari-

ables

Ft = [yt(1), yt(2), ...yt(6), in ft , pdt , iVolt ], (E41)

where y(m) is the yield of a US Treasury bond with maturity m, in f denotes inflation, and pd

refers to the price-dividend ratio. We extract expected volatility from productivity growth (∆a) by

estimating the following equation

∆at+1 = µ + xt + explog(volt) εa,t+1 (E42)

xt = bxFt (E43)

where xt captures the conditional mean of productivity and expected volatility is specified by the

following projection:

logvolt = bv
0 +bvFt . (E44)

We estimate these equations and report summary results for quarterly data in table E1. A standard

Wald test rejects the null hypothesis that there is no predictability in productivity volatility. Our

volatility measure is persistent and volatile.

We show our fitted volatility processes in figure E1 and make two remarks. First, our estimates

replicate the time-pattern documented in the literature for other macro quantities, as we capture

both the post-1980 Great Moderation and the subsequent turbulence period. Second, productivity

volatility is countercyclical.
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Table E1: Productivity Uncertainty

Data Persistence of Log-Vol. Volatility of Log-Vol. Wald Test
(ρv) (σv) (H0 : bi

v = 0 ∀i)
Quarterly 0.73 0.14 20.95

(0.17) (0.06) [0.01]

Notes: This table reports results from estimating the system of equations (E42)–(E44) augmented
with the following representation for log-volatility

log(volt) = cv +ρv log(volt−1)+σvεv,t +bv|srεa,t +bv|lrεx,t ,

in which εv,t refers to a standardized volatility-specific shocks, as we control for both short-run
productivity shocks (εa,t) and growth news shocks (εx,t). Growth news shocks are extracted by
estimating xt = ρxxt−1 + εx,t . Numbers in parentheses are Newey-West adjusted standard errors.
Numbers in square brackets are p-values for the null hypotheses that productivity volatility is con-
stant (H0 : bi

v = 0 ∀i = 1, ...,9).

Figure E1: Productivity uncertainty

This figure shows conditional volatility of productivity growth. We recover this measures by esti-
mating the system of equation (E42)–(E44) by GMM. Our sources are detailed in C. Our sample
starts in 1972 and ends in 2016.

141



Figure E2: Relative Size of Government Capital and Future Growth

The vertical axis refers to the residuals of the regression of forward moving average of aggre-
gate annual productivity growth (∆at,t+n/n, n = 5,7,10) on the forecasting variables denoted as
controlst mentioned in table 3.5. In each panel, on the horizontal axis we use one of our measures
of innovation capital (CapitalMeasures). Our data sources are detailed in C.
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Bena, J., L. Garlappi, and P. Grüning (2015). Heterogeneous innovation, firm creation and destruc-
tion, and asset prices. The Review of Asset Pricing Studies 6(1), 46–87.

Berger, D., I. Dew-Becker, and S. Giglio (2020). Uncertainty shocks as second-moment news
shocks. The Review of Economic Studies 87(1), 40–76.
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Gârleanu, N., S. Panageas, and J. Yu (2012). Technological growth and asset pricing. The Journal
of Finance 67(4), 1265–1292.

Giglio, S. and D. Xiu (2019). Asset pricing with omitted factors. Chicago Booth Research Pa-
per (16-21).

Gilchrist, S., J. Sim, and E. Zakrajsek (2014). Uncertainty, financial frictions and investment
dynamics. Working Paper, NBER.

Gomes, J., L. Kogan, and L. Zhang (2003). Equilibrium cross section of returns. Journal of
Political Economy 111(4), 693–732.

Greenwood, J., Z. Hercowitz, and G. W. Huffman (1988). Investment, capacity utilization, and the
real business cycle. The American Economic Review 78(3), 402–417.

Greenwood, J. and B. Jovanovic (1999). The information-technology revolution and the stock
market. American Economic Review 89(2), 116–122.

Griliches, Z. (1992). The search for R&D spillovers. The Scandinavian Journal of Economics 94,
S29–S47.

Griliches, Z. (1998). Patent statistics as economic indicators: a survey. In R&D and productivity:
the econometric evidence, pp. 287–343. University of Chicago Press.

Grossman, G. M. and E. Helpman (1991). Quality ladders in the theory of growth. The Review of
Economic Studies 58(1), 43–61.

Gurkaynak, R. S., B. Sack, and J. H. Wright (2007). The U.S. treasury yield curve: 1961 to the
present. Journal of Monetary Economics 54(8), 2291–2304.

Hall, B. H., A. Jaffe, and M. Trajtenberg (2005). Market value and patent citations. RAND Journal
of economics 36(1), 16–38.

Hayashi, F. (1982). Tobin’s Marginal q and Average q: A Neoclassical Interpretation. Economet-
rica 50.

He, Z., B. Kelly, and A. Manela (2017). Intermediary asset pricing: New evidence from many asset
classes. Journal of Financial Economics 126(1), 1–35.

Howell, S. T. (2017, April). Financing innovation: Evidence from r&d grants. American Economic
Review 107(4), 1136–64.

147



Jagannathan, R. and Z. Wang (1996). The conditional CAPM and the cross-section of expected
returns. The Journal of Finance 51(1), 3–53.

Jermann, U. J. (1998). Asset pricing in production economies. Journal of Monetary Eco-
nomics 41(2), 257–275.

Jones, L. E., R. E. Manuelli, H. E. Siu, and E. Stacchetti (2005). Fluctuations in convex models of
endogenous growth, i: Growth effects. Review of Economic Dynamics 8(4), 780–804.

Jurado, K., S. C. Ludvigson, and S. Ng (2015). Measuring uncertainty. American Economic
Review 105(3), 1177–216.

Justiniano, A. and G. E. Primiceri (2008). The time-varying volatility of macroeconomic fluctua-
tions. American Economic Review 98(3), 604–41.

Kamps, C. (2004). The dynamic macroeconomic effects of public capital: Theory and evidence
for OECD countries. Springer, 238.

Kan, R. and C. Zhang (1999a). GMM tests of stochastic discount factor models with useless
factors. Journal of Financial Economics 54(1), 103–127.

Kan, R. and C. Zhang (1999b). Two-pass tests of asset pricing models with useless factors. The
Journal of Finance 54(1), 203–235.
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Pástor, L. and P. Veronesi (2009). Technological revolutions and stock prices. American Economic
Review 99(4), 1451–83.

149



Pastor, L. and P. Veronesi (2012). Uncertainty about government policy and stock prices. Journal
of Finance 64(4), 1219–1264.

Pástor, L. and P. Veronesi (2013). Political uncertainty and risk premia. Journal of Financial
Economics 110(3), 520 – 545.

Peterson, G. E. (1990). Is public infrastructure undersupplied? Boston FED Conference Series 34,
113–142.

Segerstrom, P. S., T. C. Anant, and E. Dinopoulos (1990). A Schumpeterian model of the product
life cycle. The American Economic Review 80(5), 1077–1091.

Sliker, B. (2007). 2007 R&D satellite account methodologies: R&D capital stocks and net rates
of return. R&D satellite account background paper, Bureau of Economic Analysis/National
Science Foundation.

Zhang, L. (2005). The value premium. The Journal of Finance 60(1), 67–103.

150



Biography

Wenxi Liao received his Bachelor’s degree in Public Finance from Renmin University of China

in 2012. In August 2012, he started his graduate study at Duke University, where he received his

Master’s degree in Economics in 2014. He started his Ph.D. studies at the Fuqua School of Business

at Duke University in August 2014 and received his Ph.D. degree in Finance in May 2020. After

graduation, he will join BlackRock as a quantitative researcher.

151


	Abstract
	Acknowledgements
	List of Figures
	List of Tables
	Introduction
	Risk Premia along the Technological Race
	Introduction
	Model
	Final Goods Producer
	Industry Goods Producer
	Quality Goods Production
	Homogeneous Good Production
	Technological Race
	Household
	Equilibrium

	Quantitative Analysis
	Calibration
	Results
	Empirical Implications

	Empirical Evidence
	Factor Construction
	Price of Risk
	Pricing Information
	Procyclical Premium
	Firm-Level Evidence

	Conclusion

	Uncertainty-Induced Reallocations and Growth
	Introduction
	Empirical Evidence
	Reallocation Across Innovation-sorted Firms
	Aggregate Data
	A VAR analysis of aggregate reallocation.
	Reallocation and growth.

	The Model
	Household problem
	Final good producer
	Private sector
	Government sector
	Payout Flows
	Calibration and Solution Method

	Results
	Benchmark Model
	Inspecting the mechanism.

	Conclusions

	Conclusion
	Appendices
	Appendix to Chapter 2
	 Equilibrium Conditions
	Final Goods Producer
	Industry Goods Producer
	Quality Goods Firm
	Leading Technology Holders
	Homogeneous Goods Firm
	Symmetric Innovations
	Household

	 Data
	Appendix to Chapter 3
	 Data Description
	Aggregate Data
	Micro Data

	 Additional Empirical Results
	 Ex-ante Productivity Volatility

	Bibliography
	Biography

