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FIGURE 2.7: WITHIN-INDUSTRY SPILLOVER

Cross-Industry Spillover from Basic Research Basic research features an additional
element of uncertainty arising from random spillovers into other industries. When a firm
successfully innovates through basic research, the resulting new fundamental knowledge
will be applied first by that firm to increment the productivity of a random product in the
target industry.

The characteristic feature of basic research we wish to capture is that it often has appli-
cations in many industries other than the one for which it was originally intended. There-
fore, we will assume that when a basic innovation occurs, it applies with probability one
to the target industry, and with probability p € (0, 1), it generates an additional basic inno-
vation in another industry determined by nature at random. Thus, p is our measure of the
intensity of cross-industry spillovers. Let 1, ; be an indicator function that takes a value of
one if a basic innovation in industry 7 has an application in industry 7" and zero otherwise.

Then the unconditional probabilities satisfy

I
Pr(l,, =1 =" . (2.8)
1 ifd =

The spillover innovation in industry i’ will be of step size n as well but will not generate

additional cross-industry spillovers. This new innovation will be used by the same firm f if
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it has working knowledge in i’. Otherwise the production potential of this innovation will
be used by the next inventor in that product line.

This structure captures Nelson’s hypothesis. When a firm generates some basic knowl-
edge, it can turn this into an immediate application only in the sectors in which it has
working knowledge. In order to capture the full return from new basic scientific knowl-
edge in industries where a firm is not present but the knowledge could have an application,
the innovating firm must first patent and then license or sell the innovation to other firms
in those industries. However, the applications of significant scientific advances are often
not immediate and firms can turn them into patentable applications mostly in their own

industries due to their expertise in the field.

Example 2. Cross-industry spillovers are depicted in Figure 2.8. Firm f from Example 1
now produces a basic innovation in industry 3. This adds a new product line to the firm’s
portfolio and hence the number of product lines of the firm goes from 2 to 3 ini1 = 3. In
addition, this basic knowledge has a potential application in industries 1 = 1 and 1 = 2
with probability p. The spillover in industry i = 1 is used by the firm since it has working
knowledge there. However, the application in i = 2 is not immediate to the firm due to lack
of working knowledge and therefore it is not used by the current firm but contributes to the

pool of basic knowledge in 1 = 2, which can be used by another firm in the future.

FIGURE 2.8: CROSS-INDUSTRY SPILLOVER

Industry 1 Industry 2 Industry 3

w/ pr. “p”

Firmf (ny = 4,ny, = 0, n3y = 3, and my = 2)
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Recall that m denotes the number of industries in which a firm has working knowledge.

Then the probability of a used spillover for the firm is

p(m—1)
M—1

P [0, 1).

This highlights the well-known appropriability problem of basic research. There is a sig-
nificant chance that the new basic knowledge will be relevant to multiple industries, but it is
not always clear that a firm will be in a position to exploit all of these avenues of production
and patenting. However, firms operating in more industries will have a greater probability
of being able to directly use all facets of a basic innovation. As Nelson puts it, firms that
have fingers in many pies have a higher probability of using the results of basic research.
A broad technological base increases the probability of benefiting from successful basic

research.

Public Basic Research In our model, the academic sector will be the other source of
basic knowledge creation. One of the main tasks of public research labs in an economy
is to produce the necessary basic scientific knowledge that will be part of the engine for
subsequent applied innovations and growth. We assume that the public research sector
consists of a measure U of research labs per industry. Each lab receives the same transfer
R from the government to finance its research which results in an overall funding level of
R=RxUx M.

We assume that each public research lab generates a flow rate of w by hiring h,, re-
searchers with the same basic research technology as a one-product firm in Equation 2.5,
so that u = Qbhﬁ%’ .1 This specification implies that the government can affect the basic

knowledge pool in the economy through the amount of funds R allocated to the academic

“In reality, public research labs may have a different research technology than private labs. However,
obtaining data on both the inputs and outputs of individual public labs is difficult. The separate estimation of
public and private innovation production functions is left for future research.
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sector. The flow rate of basic innovation from the academic sector will satisfy
— 1
u= (R/w)"s (2.9)

where u is the academic basic innovation flow per lab. In this economy, R is a policy
lever controlled by the policymaker. As with private firms, each basic innovation generated
by the academic sector applies to industry ¢ and a random product line ;7 and makes that
product line hot. However, this innovation by public labs will turn into output only upon
a subsequent private applied innovation. In addition to ¢, the same basic knowledge will
contribute to the basic knowledge pool in another industry ¢ # i and line j’ with probability
p € (0,1) . Note that the equilibrium fraction of hot product lines « will be determined by

the aggregate rates of public (u) and private (b,,,) basic research as well as the cool-down

rate (().

Remark It is important to note that we follow the empirical Ivory Tower nature of ba-
sic research and assume that innovation done by public labs is turned into consumer
products only upon subsequent innovation by private firms. The lag between the
creation of publicly funded innovations and actual goods production is empirically
shown in a large literature.?’ This important issue is generally overlooked in the
theoretical growth literature. Inclusion of this feature generates some new and inter-
esting dynamics, such as the importance of involvement of the private sector in basic

research.

Entry and Exit The research technology for a single outside entrant is assumed to be the
same as that of applied innovation for a firm with a single product line. Thus if an outside

1
entrant hires h, researchers, it produces a flow probability of entry of a, = he“ €.

2Trajtenberg, Henderson, and Jaffe (1992), Rosenberg and Nelson (1994), Henderson, Jaffe, and Trajten-
berg (1998), and Mowery, Nelson, Sampat, and Ziedonis (2004), among several others.
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There is a mass F of outside entrants per industry. Varying this parameter will control
the relative importance of outside entry in the economy. This will imply that creative
destruction arising from new entrants will be equal to £/ x a,.

In our model, there will be both endogenous and exogenous channels for firm exit.
First, a firm that loses all of its product lines to other competitors will have a value of zero
and thus will exit. Second, each firm has an exogenous death rate x > (0. When this occurs,
the firm sells all of its product lines to random firms at a “fire sale” price P.>! On the
flip side, firms will receive a buyout option with a probability that is proportional to their

number of products.

Labor Market Labor is split between production (L,) and research labor. Research labor
can be further subdivided into that devoted to private basic (L;), public basic (L,), private
applied research (L,) and firm entry (L.). Since the total labor supply is M workers, the

labor market clearing condition is given by
M=1L,+ Ly+ Ly + L. + L,.

The labor utilization from each component can be expressed in a more concise form when

we investigate the properties of the dynamic equilibrium in the next section.

Household Problem Finally, we close the model by describing the household problem
that determines the equilibrium interest rate in this model. The household consumes the

final good and maximizes the following lifetime utility

0 1—y _
Wy = J exp (—0t) Mdt (2.10)
0 1 -~

2I'The exact value of this price will not play any role for the equilibrium determination.
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where C' (1) is consumption at time t, +y is the constant relative risk aversion parameter, and
0 is the discount rate. The household owns all the firms in the economy, which generates a
risk-free flow return of r in aggregate. The household also supplies labor in the economy,
through which it earns wage rate w (t). Finally, the household pays a lump-sum tax 7" (¢) >
0 every instant. Thus, the household’s intertemporal maximization is simply to maximize

Equation 2.10 subject to the following budget constraint

CH+AR) <rt)A®R)+Mw @) —T ()

where A (t) is the asset holdings of the household.

2.3.2 Equilibrium

In this section, we characterize the dynamic equilibrium of our model. Our focus is on
a symmetric balanced-growth-path (SBGP) equilibrium where all industries start with the
same initial conditions at time ¢ = 0 and all aggregate variables grow at the same endoge-
nous rate g.

In this model, three variables affect the payoff of the firm: the number of product lines

n, the number of industries m, and the relative productivity

Gij = 45/ G (2.11)

of its product lines, which is the absolute productivity in line j normalized by the pro-
ductivity index ¢; in industry 7. Thus, each incumbent firm is characterized by its state
k= (8,n,m).

More specifically, given a government policy sequence |1 (¢)];”

+—o» an SBGP equilibrium

is composed of a sequence of intermediate good quantities, prices, the basic and applied
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innovation rates of private firms and entrants, the wage rate and interest rate, the joint distri-
bution of multi-industry presence and product count, hot and cold product line productivity
distributions, the fraction of hot product lines, i.e., [yx (t), px (), by (t),ax (t),ac (t),
w(t), r(t), Dpn (), Fu(t), Fr(t),a(t)], such that all firms choose quantity and
price to maximize their profits, incumbent and entrant firms invest in research to maxi-
mize their firm value, the labor market clears, the household maximizes its discounted sum

of future utilities, and the distributions satisfy the relevant flow equations.

Solution of the Model The standard monopoly profit maximization delivers the follow-
ing familiar equilibrium price and quantities (interested readers are referred to the Ap-

pendix B.1 for the detailed derivations)

1

- (2.12)
Mag;

yj =44  and  p;

Clearly, a monopolist’s quantity is increasing and price decreasing in the relative produc-
tivity ¢ of the product line. Finally, the equilibrium profits of the monopolist are again

increasing in its relative productivity g and the average market size Z/M:
(q) = ——. (2.13)

Next, only in this section, we focus on myopic firms that maximize their one-period-ahead
returns (as opposed to forward-looking firms that maximize the discounted sum of future
profits). This will allow us to provide some useful analytical results and highlight the key
economic forces of our model. In our quantitative analysis (Section 2.5), we will generalize

this and focus on forward-looking firms.
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Myopic Firms Consider now a firm that has n product lines in m industries. Moreover,
in an SBGP, an « fraction of product lines are hot. Then the maximization problem when

deciding for the amount of basic research can be written as
max {nbm (14 pp) VH — ﬁnb”b&,}

where VH = Eéf 7m(q + n) is the expected return to a successful basic innovation and

~

w is the normalized wage rate. Several observations are in order. First, the ex-

= 7/
pected return from basic research investment is increasing as the firm has fingers in more
pies as Nelson argued (higher p,,). Second, the innovations are undirected within indus-
tries; therefore, the firm has to form an expectation for the expected profit ]Eg (7 + 1),
which means that we have to keep track of the invariant relative productivity distribution
to compute V. Finally, both the returns and the costs are proportional to the number of

product lines n, which makes the problem much more tractable and the quantitative solu-

tion manageable. Now we can express the first-order condition as

[u + P VH]
by = |~— Pl
vp&pW

The most important result here is the fact that basic research investment is increasing in
the multi-industry presence of the firm. The strength of this positive relationship will be
mainly governed by the probability of the cross-industry spillover parameter p, which will

help us match Figure 2.4.
Fact 8. A firm’s basic research investment is increasing in its multi-industry presence.

Both private firms and public research labs are generating basic research in this econ-
omy. It is useful to break down total basic research into its embodied and disembodied

components. The distinction is based on whether the basic knowledge is immediately
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turned into a consumer product (embodied) or simply added to the stock of knowledge

available for future innovators (disembodied). We obtain the following aggregates

il
=

Embodied: 7 P (L + )b,

1

3
[

il
=

Disembodied: 7/ (D = Pm)bm + (1 + p)u (2.14)

1

m

Total: 7, = 7f+ 7/

where we define the mass of product lines owned by firms in m industries by p,,,, which can
be computed from the joint distribution using f,, = >~ n - ', . Then 7¢ and 7 corre-
spond respectively to the embodied and disembodied components of basic research. Note
that the disembodied component includes both private spillovers that are unused and the
results of public basic innovation. Finally, 73 is simply the overall flow of basic innovation,
including all spillovers.

Using this aggregate rate and the cool-down rate ¢, we can express the steady-state
flow equation: the number of product lines that become hot must be equal to the number of
product lines that cool down. In other words, we must have o = (1 — a))7;,. As a result,

the steady-state fraction of hot product lines is

C+m

Q (2.15)

The share of hot product lines, those having basic knowledge that can be turned into better
consumer products («), is increasing in the amount of basic research flow. This expression
highlights the role of public policy in affecting the knowledge stock. The more money is
allocated to public basic research, the higher will be the basic research flow from public

research labs (u), which will then increase the fraction of hot product lines through 7, as
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in Equation 2.14 and Equation 2.15.
However, a bigger « is meaningful only when there is subsequent applied research that
turns this existing basic knowledge stock into consumer products. Therefore, we now turn

to the applied research decision of the firms. Their maximization problem is simply
max {na [aV + (1 — a)VY] — @na"&,}

where V1 = Eéf 7 (g +n) is the expected returns from hot product lines and V¢ =

w

ES7 (G + A) is that from cold ones and @ = zh

is the normalized wage rate. When
investing in applied research, firms form two types of expectations. The first one is due to
the undirected nature of research: firms have to form expectations over the relative produc-
tivity ¢ that they are going to land on. The second, and more important one, is due to the

complementarity between basic and applied research: firms take into account the fraction

of hot product lines. Firms invest in applied research according to

1

[aVH +(1—a)VC]m
Vo '

The crucial observation here is the complementarity between basic and applied research.

In equilibrium V# > V¢ since hot product lines are associated with a larger step size 7.

Hence, if there are more hot product lines (a higher «/), each firm increases its investment

in applied research.

Fact 9. Basic and applied research investments are complementary. In particular, higher

public basic research investment encourages firms to invest more in applied research.

However, the fraction of hot product lines « is not sufficient to determine the incentives
for applied research alone due to the correlation between this product state and productivity.

The incentives will be a function of the fraction of hot and cold product lines and the aver-
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age qualities within those types. In particular, firms must know the values of Eﬂg (G+mn)Et
and qu(c? + A)¥~! due to the exact form of the profit function in Equation 2.13. Therefore,
Theorem 4 describes the laws of motion for the type-specific productivity distributions.

Let us denote the aggregate rate of applied innovation by 7, such that

M
Ta= Y limlm + Ea.. (2.16)

m=1

Note that in the baseline model, a,,, = a for all m, but this will not necessarily be the case in
the general model in Section 2.4. Recall that 7;7 denotes the arrival rate of embodied basic
research, as defined in Equation 2.14. Now we can denote the aggregate rate of creative

destruction (the rate at which firms lose product lines to other firms) by 7:
T=T, + Tbe. (2.17)

Creative destruction is determined by the rate at which incumbents produce basic innova-
tions which can be embodied into production immediately (7¢), and by the rate at which
incumbents and entrants produce applied innovations (7,). Now we are ready to state the

following lemma.

Lemma 4. Let Fy (-, t) and Fc(-,t) be the aggregate product cumulative measures by type

(hot or cold). The flow equations for these objects are, respectively,

Fu(@) = =7 [Fu(@) - Fa(@—m] +15Fc(@—n) — (Fu(@ + 75 Fo (@) + 93l0Fu(7)/0q]
Fo(@) = —7a[Fe(@ — Fo(@— N = nFo(@) + (Fu(@) + 9aloFo(q)/07]
Proof. See Appendix B.1. [

The labor market clearing condition can now be expressed in terms of the above en-

dogenous variables. One additional relationship we will exploit is that between the mass
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of labor devoted to production and the normalized wage rate. This can be derived from the

goods production specification (see Appendix B.1 in the Appendix for its detailed deriva-

Z fe—1
I ==
()

Using this and the symmetric nature of the equilibrium, we express the labor market clear-

tion)

ing condition as an average over industries

3

1 -1
1= (6 ) + & (Z bt + Uu”b> + &u(a” + Eal) (2.18)
w m

This expression equates the labor supply per industry (= 1 since the total labor supply is
M) to labor demand for production workers; private basic researchers, which is a function
of the multi-industry presence of the firms; public basic researchers, which is determined
by public policy; incumbent applied researchers; and entrant basic researchers.

Finally, plugging the equilibrium intermediate good quantity from Equation 2.12 into
the aggregate production functions from Equation 2.2 and Equation 2.1, we find that the
aggregate output is

Z = GL,/M (2.19)

This expression simply says that the aggregate output is equal to the product of the number
of workers employed for production and the aggregate productivity index of the economy.
In an SBGP equilibrium, the labor allocated for production is constant. Therefore the
growth rate of aggregate output (and also output per worker) will be equal to the growth
rate of the productivity index ¢. The following proposition provides the exact growth rate

of the productivity index.
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Proposition 5. In an SBGP, the growth rate of the productivity index is

7o [0BY @+ )" + (1 - a)BE @+ N — 1] + 7 [Bg (@ +0)" 1]
e—1

g= (2.20)

Proof. See Appendix B.1 [

This growth expression shows that the engines of economic progress include both ap-
plied and basic innovation. More important, the basic knowledge stock in the economy,
represented by «, makes each applied innovation more valuable and contributes more to
growth (since 7 > \). This expression shows how public funding can contribute to growth

through its indirect impact on private research.

2.3.3 Discussion of the Model

In this section, we briefly discuss sources of inefficiency and what policy can achieve in
this model. First, as in standard quality ladder models, there are intertemporal spillovers
within each product line. Second, firms simply enjoy the expected duration of monopoly
power due to the competition channel of creative destruction. As a result, the private value
of innovation differs from the social value of innovation. It is also worth highlighting
that in this model, there could be either over- or underinvestment in R&D. In addition to
the standard channels, our model features additional spillovers due to basic research, both
within and across industries. Finally, there are additional static distortions due to monopoly
power. However, since we are primarily interested in the dynamic inefficiencies associated
with innovation and basic research, we will consider the case of a social planner who is still
subject to monopoly distortions on the production side.

All of these inefficiencies will generate room for innovation policy, and our estimated
model will govern whether there is over- or underinvestment in the various types of research

expenditures in the decentralized equilibrium. It will also provide a framework within
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which to evaluate the effects of these innovation policies.

2.4 Generalizations of the Model

The previous section introduced a simplified version of the main model to highlight the key
economic forces in analytical forms. Our ultimate goal in this paper is to bring this general
equilibrium framework to the data. Therefore, this section generalizes the baseline model to
provide richer and more realistic dynamics (with forward-looking firms and heterogeneous
innovation qualities, for instance) for the economy and its agents and to give the model
some more flexibility to match the data (e.g., introducing the fixed cost of doing basic
research). Those not interested in the technical details can skip directly to the quantitative

Section 2.5.

Stochastic Innovation Step Sizes Stokes (1997) argued that technological breakthroughs
do not necessarily derive from basic research. According to the “Pasteur Quadrant” hypoth-
esis, applied research efforts can potentially also lead to important technological changes.
Our first generalization takes this possibility into account by introducing stochastic innova-
tion step sizes into the model. We assume, as in Klette and Kortum (2004) and Lentz and
Mortensen (2008), that these step sizes are drawn from exponential distributions. For basic
research, the mean of the distribution is always 7). For applied research, the distribution
mean is 7 if the product line is hot and A if it is cold. It is important to note that we do not
take any stand on the comparison of the average step sizes (7 > A or vice versa) and let

them be determined by the data.

Fixed Cost of Basic Research In our sample, some firms do not invest in basic research.
To capture this fact, we generalize the basic research technology by introducing a fixed cost

of doing basic research. At each instant, a firm with n product lines draws a fixed labor
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cost of doing basic research n¢ = 0, where ¢ is distributed according to the distribution
B(-). Then a firm that operates in n product lines and has a fixed cost of basic research ¢
this period has the following cost function Cy(b,, | 7, ¢) = ncy(bm | ¢). This implies that
firms will follow a cutoff rule as a function of their multi-industry presence ¢, such that
they will not invest in basic research if ¢ > ¢7 . Otherwise, in addition to the variable cost,

they will also pay the fixed cost.

Industry Expansion (Start-up Buy-outs) In the baseline model, we took the working
knowledge of the firms (m) as exogenously given. We now endogenize m by introducing
the possibility of buy-out offers for new entrants. The economy features £ x a. flow of
entry at any instant. We will assume that a ¢ fraction of new entrants will meet a randomly
selected incumbent firm. Thus, an incumbent will have a flow rate of incoming buy-out
offers

r=cFa,/F.

where [ is the equilibrium measure of firms. If 7 denotes the average number of product
lines per firm, then F' = 1/n. Clearly this new company will be from a new industry with
probability (1 — m/M) or from an industry that already exists in the incumbent’s portfolio
with probability m/M. Our goal is to keep the M&A margin as tractable as possible, and
we will achieve this by assuming that the M&A price that the incumbent firm has to pay is
equal to the full surplus of the new merger. The resulting invariant joint distribution I',,, ,,

over multi-industry presence m and firm product count n is described in Appendix B.1.

Forward-Looking Firms For expositional purposes, in the previous section we described
the model with myopic firms that maximize their one-period-ahead returns. For the rest of
our analysis, we relax this assumption and consider firms that maximize the discounted

sum of future returns. The analysis of this new model is very similar to that of the previous
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model except that the returns to innovation take the form of a value function that takes into
account all future contingencies. The following proposition provides the exact forms of the

value of a firm that has a productivity portfolio B and operates in m industries.

Proposition 6. Let the value of a firm with a productivity portfolio § in m industries be

denoted by V(B, m). This value is equal to

7
Bm) =+ DIV(G) + nVin
qeq

where

3 7

V frm—

(@) elr+7+k+g(e—2)]

and

—W [ha(a) + hb(b) + 1(b>0)¢]]
(r=9) Vi =maxy +alaV¥ + (1= a) VE 4+ Vo] +b(L+ p) [VH + V]

+2 (1= 2 [Vins1 — Vin] = 7V + KEGV ()
(2.21)

The analogous production values are defined as VH = Eé{nV@ +n)and V¢ = Eg/\V(@ +
A).

Proof. See Appendix B.1 O

This important result has a number of implications. First, the value of a firm has a
tractable additive form across product lines. Moreover, the firm value has two major com-
ponents: the first component is the production value V' (), which simply computes the sum
of the future discounted profits where the effective discount rate takes into account the rate
of creative destruction 7, the exogenous destruction rate «, and the obsolescence of the rel-

ative productivity ¢ due to the growth of . The second component is the R&D option value
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Vin, which is a direct function of the multi-industry presence due to the associated internal-
ization of spillovers. Finally, because of the stochastic nature of step sizes, the expectations

now integrate over the productivity (which are type specific) and step size.

Welfare Finally, we close this section by describing the SBGP equilibrium welfare. In
an SBGP equilibrium that has an initial consumption Cj and a growth rate of g, welfare is
computed as

* (Coett) ™ 1 ot 1

WC',gSBszf exp (—dt dt =
(Co9) 0 (=61) 1—~ L=y \p=00=7g »

We will report our results in consumption-equivalent terms. In particular, when two
different public policies 77 and 75 generate different SBGP equilibrium welfare values as

W(CZ", g™) and W(C32, g™2), we will report 3 such that
W(BCy',g™) = W(Cs>.9™)-

In other words, 3 constitutes the compensating differential in initial consumption that
equalizes the welfare of the two proposed policy environments. It therefore provides an in-
tuitive measure for evaluating policy tools. This completes the description of the theoretical

environment. Now we are ready to move on to the quantitative analysis.

2.5 Quantitative Analysis

In this section we describe the estimation strategy used. We will assume that the fixed costs

are drawn from a lognormal distribution B(¢) with mean ¢ and variance 0. As a result,
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the set of parameters of the model is

0= {5777€7p7777)\7E7 UuCayavylﬂga’gbuHugB’U} € 0.

During the period we consider, there was existing government support for R&D activi-
ties in France. Our data set contains information on the publicly funded portion of private
R&D. On average, 10% of private R&D was funded publicly. Therefore in our estimation,
we introduce a uniform subsidy to the total R&D spending of the firm ¢ = 0.10. The
government has a balanced budget every period, so that the sum of total subsidies (S) and

public research funding (R) must be equal to tax revenues, that is

M
T=S+R=9|) tmCpbn|¢)+Cala)| + UCs(u| ¢)
m=1

where 7" is a lump-sum tax on consumers. In France, during 2000-2006, the fraction of
GDP devoted to public research labs and academic institutions was approximately 0.5%.
Therefore, we pick R/Z, which is the share of GDP devoted to public basic research, to be

0.5%.

2.5.1 Estimation Method

In our data set, for each firm f and each time period ¢, we have a vector of [V observables
from the actual data y s, = [y}, . . . y}\g]lNX  including the number of industries in which
the firm is present, sales, profits, and labor costs. Let the entire data set be denoted by y.
We use the simulated method of moments (SMM) for the estimation.?> Define A (y)
and A(0) to be, respectively, the vectors of real data moments (generated from y) and equi-

librium model moments (generated for some vector of parameters 6). Since certain mo-

22See Bloom (2009) and Lentz and Mortensen (2008) for further description and usage information on
SMM.
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ments require knowledge of the joint distribution of firms over the number of products and

industries (m, n) and the portfolio of product qualities g, which has no apparent analytic

form, we simulate a large panel of firms to calculate A() to a high degree of accuracy.”
Our proposed estimator minimizes a quadratic form of the difference between these two

vectors

0= arg %égl [A(0) — A(y)] - W - [A() — A(y)]

where IV is the weighting matrix. We use a diagonal weighting matrix with entries equal
to the inverse square of the data moment value, or in notational terms W;; = 1/A;(y)? and
W;; = 0 for ¢ # j. In our estimation, we use 26 moments. We pick moments that are
most informative for the unique features of our model. In particular, we target both the
intensive and extensive margins of basic research intensity as it varies with multi-industry
presence. Since multi-industry presence is one of the key determinants of innovation, we
target both the mean and the variance of that quantity. In addition, we include aggre-
gate and conditional firm-level growth rates. Since our model is macro growth model and
household’s welfare (and accordingly the policy analysis) depends crucially on the level
of aggregate growth, hitting that moment is of particular importance. For that purpose,
we boost the weighting on the aggregate growth moment.>* To capture the within-industry
spillover, we target the spillover differentials described in Section 2.2.4. Finally, to further
inform the model parameters on firm dynamics, we include the mean return on sales, the
R&D/production labor ratio, the exit rate, and mean firm age by size. The details of the

moments and identification are described in Appendix Appendix B.5.

BFor our results, we simulate 32K firms with a burn-in time of 100 years and 100 time steps per year.
2*Increasing the weighthing factor to 3 was sufficient to align the aggregate growth rate in the data and the
model.
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2.5.2 Computer Algorithm Outline

An equilibrium of this model is described by a system of five equations in the five variables

(Ta, 75, T, W, g). This system can be evaluated using the following procedure:

1. Calculate « and the distribution of g using 7, 7¢, Tgl, and g according to Theorem 4

and Equation 2.15.
2. Calculate g using, 7,, 7, and the distribution over ¢ with Equation 2.20.

4. Calculate V? = EX V(7 + n) and VC = E£, V(7 + )) using the relevant step size

distribution and the type-specific productivity distributions.
5. Find a,, and b,, using first-order conditions with @ from Equation 2.21.

6. Impose an upper bound on n and find the steady state I',, ,, using the flow rates in

Appendix B.1.
7. Compute the updated values of 7,, 7¢, and 7 using Equation 2.16 and Equation 2.14.

8. The difference between the conjectured and updated values of 7,, 77, Tlf, and g in
conjunction with the labor market clearing differential from Equation 2.18 constitute

the five desired equations.

We use Powell’s (Powell (1970)) hybrid equation solver to solve this set of equations for
a given set of parameters. To minimize the SMM objective function, we perform a search
over the parameter space using a combination of a naive simulated annealing algorithm and
a Nelder-Mead simplex (Nelder and Mead (1965)) algorithm. See Zangwill and Garcia

(1981) for more information on solving systems of nonlinear equations.
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TABLE 2.5: PARAMETER ESTIMATES

# Description Sym Value #  Description Sym Value
1. Discount Rate 1 0.038 9. Applied Cost Curvature v, 1.367
2. CRRA Utility Parameter vy 2.933 10. Basic Cost Curvature Vp 1.538
3. Elasticity of Substitution € 5.800 11.  Applied Cost Scale & 1.228
4.  Cross-industry Spillover P 0.113 12.  Basic Cost Scale & 5.437
5. Basic Step Size n 0.079 13.  Exogenous Exit Rate K 0.006
6. Applied Step Size A 0.049 14.  Basic Fixed Mean ¢ -4.761
7. Mass of Entrants E 0.502 15. Basic Fixed Std. Dev. o 0.327
8. Mass of Academic Labs U 0.491 16.  Product Cooldown Rate ¢ 0.116

2.5.3 Estimation Results

Table 2.5 reports the values of the estimated structural parameters. The estimated values of
the discount rate and CRRA utility parameters are within their standard macro ranges. The
elasticity of substitution parameter generates 17%(= 1/¢) gross profits, resulting in 7.9%
net profits after subtracting R&D expenses as a share of sales.

One of the most important parameters of our model is the cross-industry spillover pa-
rameter p = (.11, which measures the probability that a basic innovation will have an
additional immediate application. This estimate affects the extent to which basic innova-
tions contribute to cross-sectional growth. In equilibrium, firms operate in two industries
out of 10 on average. Therefore, any given spillover is not embodied with probability
89%(= 8/9). Given that the probability of having a spillover is 11%, the probability of
having a disembodied spillover is 10%(= 0.11 = 0.89).

The estimated innovation size of basic research is n = 7.9% and the innovation size of
each new applied innovation is A = 4.9%. This implies that basic research (hot product
lines) makes applied innovation 60%(= 7.9/4.9 — 1) more productive.

Additionally, each basic innovation has a within-industry spillover. The cool-down rate
of hot product lines is estimated to be ¢ = 0.12, which indicates that a basic innovation
affects the subsequent innovations in the same product line for almost 8.3(= 1/0.12) years
on average.

The elasticity of applied innovation counts with respect to the research dollars spent is
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estimated to be 0.73 (= 1/v,) and similarly the elasticity of basic innovation with respect
to the basic research investment is 0.65 (= 1/13). These values are close to the elasticity
estimates in the literature, which typically finds a value around 0.5 (Blundell, Griffith,
and Windmeijer (2002), Griliches (1990), Pakes and Griliches (1984) and Kortum (1992,
1993)).

2.5.4 Goodness of Fit

In this section, we will first focus on the moments that we targeted in our estimation and
then turn to the moments that we did not directly target but still find useful in understanding

the model’s performance.

Targeted Moments Table 2.6 contains the moments from the actual data and our esti-

mated model.
TABLE 2.6: MOMENTS USED IN ESTIMATION

# Description Model Data #  Description Model Data
1-8  Basic Research Extensive  See Figure 2.10 21 Ré&D/Labor 0.284  0.260
9-16 Basic Research Intensive ~ See Figure 2.9 22  Employment Growth  0.111  0.103
17  Mean Industries 2217 2203 23 Aggregate Growth 0.013  0.015
18  Mean Square Industries 7.213 6975 24 Spillover Differential  8.378  8.000
19 Return on Sales 0.032  0.032 25 Age, Small Firms 11.53 14.99
20  Exit Rate 0.082 0.091 26  Age, Large Firms 18.69  24.87

The results indicate that the model performs very well in generating firm and industry
dynamics similar to those in the data. As documented in Section 2.2.1, a significant fraction
of innovating firms invest in basic research. In particular, 29% of firms are investing in basic
research, which was 27% in the data. We also capture the positive relationship between the
extensive margin of basic research and multi-industry presence, as evidenced in Table 2.6
and Figure 2.9.

The positive correlation between multi-industry presence of a firm and its basic research

intensity was one of the primary motivations for introducing multi-industry presence into
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our model. As explained previously in the text, multi-industry presence plays an important
role in increasing basic research incentives, by allowing a greater potential to internalize the
positive spillovers from basic research. In our reduced-form analysis, we found a signifi-
cant and positive correlation between multi-industry presence and basic research intensity.
This has been the key moment to identify the cross-industry spillover parameter. Our model
successfully generates this positive correlation.

In the data, firms operate on average in 2.2 industries, and the same is true in the model.
Furthermore, we find the mean squared in the model to be 7.2, compared to 7.0 observed
in the data.

The table above reports some additional moments that are not captured by the stylized
facts. For instance, the mean profitability is 3.2% in the model and in the data. The prime
determinants of profitability are the step sizes for basic and applied innovation. However,
these also affect the investment levels for both types of research, since this increases the
return to successful innovation. Therefore, the step size parameters are set to be a com-
promise between hitting the profitability moment and the research investment and growth
moments.

We are targeting additional moments regarding research investments. The first is the

average ratio of total research labor to production labor by incumbent firms. The model
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comes very close to hitting this ratio exactly (28.4% vs 26.0%), largely in order to hit the
aggregate growth and return on sales.

All of these components of the economy determine the aggregate growth rate. Our
model matches the observed growth rate closely. Our model economy grows at a rate of
1.3%, while the French economy grew at an average rate of 1.5% during the period studied

(2000-2006).

Untargeted Moments In this part, we discuss our model’s prediction about some of the
moments that we did not directly target.

Interestingly in the data the correlation between profitability and basic research inten-
sity is not significantly different from zero. The same implication emerges from our model.
In the baseline model, the correlation between profitability and basic research intensity is
only 0.04. This result emerges because basic research investment is determined through
the multi-industry presence of the firms, whereas profitability is determined by the share
of hot and cold product lines, type of research investment, and the productivity distribution
F(q) in the economy.

Our model naturally generates a positive correlation between multi-industry presence
and firm size, which is also empirically true in the data. This arises since both of these
moments are strongly correlated with firm survival. In the model, we find a correlation of
0.52 between the log employment and multi-industry presence. In the data, this value is
0.76.

Another stylized fact in our data is that the firm size distribution is highly skewed.
This is a well-known feature that is documented extensively in the literature. For detailed
references, see ?. In our model, we capture this fact with a skewness of the firm size
distribution of 4.12. This value is 3.07 in the data.

Our estimates indicate that entrants play an important direct role in overall growth.
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The innovation rate from entrants is 0.43%, whereas that number is 0.92% for incumbents.
That implies that entrants account for 32% of growth. Though our number is for the French
economy, our number is in line with Foster, Haltiwanger, and Krizan (2001) who find that
25% of productivity growth in the US comes from new entry.

We will now focus on the details of the equilibrium and the social planner’s problem to
study the efficiency properties of this economy. Then we will turn to various policies that

could address this inefficiency.

2.5.5 Endogenous Variables of the Baseline Economy

The following table provides equilibrium values for some of the important variables in the

model:

TABLE 2.7: DECENTRALIZED ECONOMY: ENDOGENOUS VARIABLES (IN PERCENT-
AGES)

P Ta Ty Tgl L, Ly L, L. L, « g I5}
10 220 0.58 0.28 856 053 052 45 89 69 134 953

In this table, 7, denotes the aggregate rate of applied innovation by incumbents and
entrants, whereas 7¢ and 7 denote the aggregate rates of embodied and disembodied basic
innovation, respectively. The next five columns report the labor allocations into production,
private basic, public basic, entry, and applied research. The remaining columns report the
fraction of hot product lines «, the ratio of consumption to that for the social planner’s
economy, the growth rate g, and the welfare in consumption equivalent terms (.

The model highlights the dynamic misallocation of research effort and its welfare con-
sequences. In our benchmark economy, 85.6% of labor is used for production, and 14.4%
is employed for innovation activities. Among researchers, roughly 7% are engaged in basic

research activities. Note that this composition within innovation activities will be the cen-
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tral focus of the policy analysis, since uninternalized spillovers are one of the main sources
of inefficiency. As a consequence, the arrival rate of basic innovation in our baseline econ-
omy is significantly smaller (25 times) than that of applied innovation. This translates into
significant welfare losses, with the economy achieving only 95.3% of welfare with respect

to the social planner’s optimum, which we will analyze next.

2.5.6 Quantifying the Social Planner’s Optimum

In this section, we are going to provide the solution to the social planner’s problem under
two scenarios. In the first, the planner, as in the Ivory Tower approach of the baseline case,
cannot appropriate public basic research returns. This is illustrated in Panel A. In the sec-
ond, the planner can appropriate and use new basic inventions for production immediately.
This case is reported in Panel B. We will set the welfare to 100% in this case and report
the remaining welfare numbers relative to this baseline. Finally, recall that we are consid-
ering a planner who controls firm’s research labs but not their production decisions. The

following table summarizes these results.

TABLE 2.8: SOCIAL PLANNER’S OPTIMUM (IN PERCENTAGES)

SP e,SP a,SP SP SP SP SP SP
Ta Ty T Ly Ly© Ly~ L7 L a g B

A. NON-APPROPRIATED PUBLIC RESEARCH
19.1 5.1 02 829 56 05 37 73 31.1 180 987
B. APPROPRIATED PUBLIC RESEARCH
185 6.5 00 86 46 23 35 70 358 193 100

One striking feature of the solution to the social planner’s problem under both scenarios
is that the fraction of labor devoted to research activities is not substantially greater than in
the decentralized equilibrium. In particular, in Panel A the total labor allocated to research

activities was 14% in the decentralized economy, while it is only 17% when set by the
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social planner.

Indeed, the dominant misallocation here is not that between production and research,
as is common in this class of models, but among the various types of research activities, in
this case, applied and basic innovation. In the decentralized economy, only 1.05% of the
total labor force is devoted to basic research, whereas in the social planner’s economy, this
number rises to 6.1%. In other words, the social planner devotes 36% of research labor
to basic research, whereas this fraction was only 7% in the decentralized economy. This
happens on both the intensive and the extensive margins of basic research. In fact, the
planner finds it optimal to employ nearly all private research labs, regardless of their fixed
cost draw.

Another interesting and important finding is that in the case of applied innovation, there
is actually an overinvestment in the baseline economy. The applied research labor utiliza-
tion (including entrants) is 13.6% in the decentralized case. This figure drops to 11% in
the social planner’s solution. This is in spite of the fact that the fraction of hot product
lines rises from 7% to 31%, meaning the average step size of an applied innovation rises
by almost a third.

The net result of the above changes is that growth rises to 1.8% from 1.34%. Overall,
the decentralized economy’s welfare corresponds to a decrease of 3.4%(= 1 — 95.3/98.7)
in consumption-equivalent terms from the social planner’s optimum. The following policy
experiments will try to bridge this gap.

Panel B reports these numbers for the case of appropriated public research. The main
difference is the sizable increase in the labor devoted to public basic research, which rises
to 2.3% relative to 0.5% in both the decentralized economy and Panel A. When public basic
research turns into production immediately, this contributes to aggregate growth by an ad-
ditional 0.13 percentage point and increases welfare by an additional 1.3 percentage points

in consumption equivalent terms. Policies such as the Bayh-Dole Act allow academic re-
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searchers to appropriate their innovations through patenting. In our setting, this would
correspond to an increase in the rate of appropriation of innovation by public researchers.

We will consider this as a policy tool in Section 2.6.3.

2.6 Policy Analysis

In this section, we analyze the impact of different types of research subsidies. Given our
distinction between basic and applied research, it seems natural to propose different subsidy
policies for different types of research spending. However, this could potentially generate a
moral hazard problem, since firms would have an incentive to misreport the type of research
they undertake, which is very difficult for a policymaker to verify. However, it is still useful
to consider this hypothetical case to form a benchmark.

This section is organized as follows: Section 2.6.1 starts with this hypothetical case,
Section 2.6.2 considers a uniform research subsidy as in the real world, Section 2.6.3 con-
siders only optimal funding of public research labs, and finally Section 2.6.4 combines both

uniform subsidy and public research funding using feasible policy tools.

2.6.1 Type-Dependent Research Subsidy

Assume first that the policymaker can distinguish between different types of research ef-
forts and accordingly provide differentiated subsidy rates. Let 1/, and 1, denote the applied
research and basic research subsidy rates, respectively. The share of GDP allocated to pub-
lic research (R/Z) is kept constant by the policymaker. Note that an increase in the subsidy
rate (1), or 1) reduces research costs for the firm and leads to an increase in research effort
as a result. The following table reports the optimal subsidy rates and resulting equilibrium
variables.

Since the underinvestment is mainly in basic research, the optimal type-dependent sub-
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TABLE 2.9: TYPE-DEPENDENT RESEARCH SUBSIDY (IN PERCENTAGES)
77Z]Z“D wg’D TaTD T;’TD T;LTD LZ;D Lg‘D LZ’D LZ“D LZ“D aTD gTD BTD
14 50 193 450 038 831 53 050 37 75 296 175 982

sidy dictates a much larger subsidy rate for it, namely, ¢, = 50% and ¢, = 14%. Here,
the major component of policy is a fivefold increase in the subsidy rate for basic research,
whereas the subsidy rate on applied innovation remains roughly the same.

The large value for the basic research subsidy is straightforward to understand. There
are spillovers associated with basic innovation that are not internalized by firms. By subsi-
dizing this type of innovation, we can mitigate this effect. This policy can almost achieve
the level of welfare seen in the relevant social planner’s case in Panel A of Table 2.8 (98.2%
vs 98.7%).

As discussed above, this policy is hard to implement in the real world due to the moral
hazard problem. Therefore, we focus on a policy providing a uniform subsidy across the

economy.

2.6.2 Uniform Private Research Subsidy

With this policy, the government subsidizes a fraction ¢ of each firm’s total research in-
vestment, keeping the share of funds allocated to academic research constant. Note that
such a policy subsidizes not only basic research but also applied research. The following

table summarizes the results of the optimal uniform subsidy rate.

TABLE 2.10: UNIFORM RESEARCH SUBSIDY (IN PERCENTAGES)

UP UP e,UP d,UP UpP UP UP UP UpP UP UP UP
Y Ta T T L,” Ly~ Ly~ L& L7 « g B

31 254 152 026 81.8 154 049 541 108 132 1.70 96.1

Our analysis of the baseline economy and the planner’s economy documented a slight
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underinvestment in research overall and a large misallocation between the different types
of research. A uniform subsidy is therefore ill suited to address these issues as it cannot
directly affect the allocation between research types, and any attempt to subsidize basic
research will only worsen the overinvestment in applied research. Although the optimal
type-dependent basic subsidy is 50%, the optimal uniform subsidy is only 31%, due to
cross-subsidization of applied research whose optimal level was 14%.

Under this policy, we are allocating a larger fraction of the labor force to research rela-
tive to the social planner’s economy. Overall, the researcher’s share goes up to 18% from
14%. As a result, we have too few workers devoted to production of the consumption
good (81.8%) relative to the social planner’s allocation (82.9%), which reduces the initial
consumption of the baseline economy. Even though we have more labor working for re-
search, the economy grows at a lower rate (1.7%) than the social planner’s (1.8%). This
interesting result emerges due to the misallocation of researchers between basic and ap-
plied innovation. The welfare gain from this policy is 0.8 percentage points, which is only
28%(= 0.8/2.9) as large as that for the type-dependent policy.

Although the underinvestment in basic research is sizable, the uniform policy partially
makes up for this at the cost of worsening the overinvestment in applied research. The main
lesson to be drawn from this is that a uniform research subsidy should take into account its
negative welfare consequences through its oversubsidization of applied research. Finding a
feasible method to differentiate basic and applied research is essential for better innovation

policies.

2.6.3 Optimal Academic Fraction of GDP

In this section we will look for the optimal public funding level for academic research as a
fraction of GDP (R/Z) keeping the baseline subsidies fixed. This is particularly important

because the rate of academic innovation is a major factor in determining the share of hot
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product lines, which determines the effectiveness of applied innovation.

TABLE 2.11: OPTIMAL ACADEMIC FUNDING (IN PERCENTAGES)
v R/Z 1, T Tlfl L, L, L, L. L, o« g 3
10 0.8 220 054 076 854 050 0.80 45 89 10.0 1.37 954

The results indicate that welfare can be improved by allocating a larger fraction of
GDP to academic research. In particular, when we consider only this as the policy tool,
the optimal funding rate is 0.8% of GDP. This figure is only 0.5% in France (and in the
benchmark case). Such a policy increases the fraction of hot product lines from 6.9% to
10%. However, this policy makes a limited contribution to growth and welfare due to the
Ivory Tower nature of academic research.

So far we have assumed that public innovations have no immediate effect on productiv-
ity in a particular product line. However, one can argue that policies such as the Bayh-Dole
Act, which was adopted in the US in 1980, enhance the applicability of academic innova-
tions by allowing universities to retain ownership of inventions made using federal funds.
This is an interesting policy question, which we can analyze in our setting. We will study
this appropriability problem by considering a scenario where academic research is focused
on immediately applicable innovations half of the time (Panel A), and one where all in-
novations are immediately applicable (Panel B). In the latter extreme, academic research
functions much like private corporate research. It should be noted that academic research,
as we have all experienced, has a much wider set of objectives than purely generating con-
sumer products (such as education, to say the least). Our analysis will abstract from those
considerations.

Table 12 summarizes the results of the optimal academic policy.

Under these alternative cases, the optimal level of academic funding is increasing in

the applicability of academic research. While the optimal fraction is 1.9% when half of the
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TABLE 2.12: ACADEMIC FUNDING WITH ALTERNATIVE BAYH-DOLE SCENARIOS (IN
PERCENTAGES)

PANEL A: BAYH-DOLE=50%

v R/Z 1, 1% 18 L, Ly L, Lo L, « g I
10 19 217 135 094 847 038 19 44 87 164 149 963
PANEL B: BAYH-DOLE=100%

v R/IZ 1, 1 1 L, Ly L, L. L, « g B
10 37 208 34 001 837 024 37 41 82 227 169 98.1

innovations are immediately applicable, this number rises to 3.7% when all innovations are
immediately applicable.

These optimal allocations bring with them large welfare gains, between 2 and 3 per-
centage points. Some of this is simply due to the increase in the Bayh-Dole factor, while
the rest can be attributed to the optimal allocation of academic funding. The growth rate
rises as well, attaining levels seen in the social planner’s optimum in the last case.

Our results highlight the special role of academic research in overall growth and show
the complementarities present between public and private research. Allocating resources
to academic research has not only a direct effect on growth but also an indirect effect by
making private research more productive. However, one should also note that this particular
policy alone cannot make up for the underinvestment in research on the part of the private

sector. Therefore, the next policy experiment is of particular importance.

2.6.4 Optimal Feasible Policy: Uniform Subsidy and Academic

Budget

Our final policy experiment combines both of the feasible policies that have been consid-
ered thus far individually. We will allow both the uniform subsidy rate and the academic

funding rate to be chosen by the policymaker. The advantage of considering both types of
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policies is to introduce more freedom to control the incentives for both types of research in
a largely separate way. In particular, ¢ and R/Z are going to be the choice variables in this

exercise. The following table contains the results of this experiment

TABLE 2.13: OPTIMAL ACADEMIC AND UNIFORM POLICY (IN PERCENTAGES)
v R/Z 1, 1w 1 L, L, L, L. L, « g B
31 07 254 15 06 816 15 07 54 108 155 1.72 96.1

When considered jointly, the optimal uniform R&D subsidy is 31% and the optimal
fraction of GDP allocated for public research is 0.7%. This combination generates a lim-
ited improvement, however. The growth rate increases 0.02 percentage points relative to
the optimal uniform policy of Table 2.10 and 0.35 percentage point relative to the optimal
public funding of Table 2.11. These improvements are mitigated by the limited applicabil-
ity of the academic research. Next, we consider both uniform policy and academic funding
jointly under the scenario where academic innovations have immediate applications for
production.

TABLE 2.14: ACADEMIC AND UNIFORM PoOLICY WITH 100% APPLICABILITY (IN
PERCENTAGES)

v R/Z 1, 1 18 L, L, L, L. L, « g B
26 33 235 38 00 812 09 33 49 97 247 192 983

When academic innovations are geared toward consumer needs (i.e., have immediate
application for production), the share of academic funding becomes much more effective.
In this case, the optimal fraction of GDP allocated for academic research is 3.3%. Un-
der this policy, the growth rate increases to 1.92% and achieves the highest welfare result
among all policies considered. By using the level of academic funding to reach the proper

share of researchers, the policymaker is able to lower the uniform subsidy, thus reducing

116



needless cross-subsidization of applied research. Under the current policy 19% of the labor
force is allocated to research, an increase over that of the baseline case. This time around,
the composition of workers between applied and basic research is closer to the social opti-
mum.

To summarize our findings, we first considered the most widely discussed policy, which
is a uniform subsidy. Using this tool optimally yielded limited improvement in welfare due
to oversubsidization of applied research since the policy could not distinguish between the
research types with different spillover and productivity implications. Considering a policy
combination that governs both private and academic research in which the researchers can
appropriate the returns to their innovations could generate a significant improvement. The
first main conclusion to be drawn for innovation policy is the importance of recognizing
different types of innovations and the impact of policies on these types of research. The
second is that it is important to take into account both the direct and indirect effects of
academic research on productivity growth and the role of researchers’ appropriability of

their outcomes when considering growth and innovation policies.

2.7 Conclusion

In this paper, we distinguished between basic and applied research and identified spillovers
associated with each. Our quantitative analysis highlighted the importance of this distinc-
tion. Indeed, in the competitive equilibrium, applied research is overinvested and basic
research is underinvested. As a result, imposing a uniform research subsidy does not gen-
erate the expected welfare improvement due to inefficient cross-subsidization of applied
research. An increase in the uniform subsidy improves the underinvestment in basic re-
search by worsening the overinvestment in applied research.

The key message of our paper is that standard R&D policies can accentuate the dynamic
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misallocation in the economy. Our findings point to the need for policies that target basic
research more directly. One method of achieving this is by increasing the intellectual prop-
erty rights granted to academic researchers. Alternatively, one can reward collaboration
between universities and the private sector, which would encourage focusing on research
that can more directly lead to tangible gains in production technologies.

Our paper took a first step in trying to quantify the inefficiencies regarding different
types of research and innovation efforts. There are still important open questions awaiting
further study. In particular, the effect of university licensing and collaboration opportunities
between universities and the private sector are two examples. We hope further structural
work will be undertaken to enhance our understanding of the aforementioned issues, which

can then guide the relevant innovation policies.
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Chapter 3

Transition to Clean Technology

Joint work with Daron Acemoglu (MIT), Ufuk Akcigit (University of Pennsylvania and
NBER), and William Kerr (Harvard Business School)

3.1 Introduction

Recent economic research has recognized the importance of transition to clean technology
in controlling and reducing fossil fuel emissions and potentially limiting climate change.!

Recent empirical work has also shown that innovation may switch away from dirty to clean

10n climate change, see, e.g., Stott, Peter, D.A. Stone, and M.R. Allen (2004) on the contribution of hu-
man activity to the European heatwave of 2003, Emanuel, Kerry (2005) and Landsea, Christopher (2005) on
the increased impact and destructiveness of tropical cyclones and Atlantic hurricanes over the last decades;
and Nicholls, Robert, and Jason Lowe (2006) on sea-level rise. On economic costs of climate change, see
Mendelsohn, Robert, William Nordhaus, and Daigee Shaw (1994), Pizer, William (1999), and Weitzman,
Martin (2009). On economic analyses of climate change, see, e.g., Golosov, Mikhail, John Hassler, Per
Krusell, and Aleh Tsyvinski (2011), Hassler, John, and Per Krusell (2012), Krusell, Per, and Anthony Smith
(2009), MacCracken, Christopher, James Edmonds, Son Kim, and Ronald Sands (1999), Nordhaus, William
(1994), Nordhaus, William, and Joseph Boyer (2000), Nordhaus, William (2008), and Stern, Nicholas (2007).
On endogenous technology and climate change, see, Acemoglu, Daron, Philippe Aghion, Leonardo Bursz-
tyn, and David Hemous (2012), Bovenberg, Lans, and Sjak Smulders (1995), Bovenberg, Lans, and Sjak
Smulders (1996), Goulder, Lawrence, and Koshy Mathai (2000), Goulder, Lawrence, and Stephen Schneider
(1999), Grimaud, Andre, Gilles Lafforgue, and Bertrand Magné (2011), Hartley, Peter, Kenneth Medlock,
Ted Temzelides, and Xinya Zhang (2011), Hassler, John, Per Krusell, and Conny Olovsson (2011), Popp,
David (2002), Popp, David (2004), and Van der Zwaan, Robert, Reyer Gerlagh, G. Klaassen, and L. Schrat-
tenholzer (2002).
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technologies in response to changes in prices and policies. For example, Newell, Richard,
Adam Jaffe, and Robert Stavins (1999) show that following the oil price hikes, innova-
tion in air-conditioners turned towards producing more energy-efficient units compared to
the previous focus on price reduction; Popp, David (2002) finds that higher energy prices
are associated with a significant increase in energy-saving innovations; Hassler, John, Per
Krusell, and Conny Olovsson (2011) estimate a trend break in factor productivities in the
energy-saving direction following the era of higher oil prices; and Aghion, Philippe, Antoin
Dechezlepretre, David Hemous, Ralf Martin, and John Van Reenen (2012) find a signifi-
cant impact of carbon taxes on the direction of innovation in the automobile industry and
further provide evidence that clean innovation has a self-perpetuating nature feeding on its
own past success. Based on this type of evidence, Acemoglu, Daron, Philippe Aghion,
Leonardo Bursztyn, and David Hemous (2012) suggest that a combination of (temporary)
research subsidies and carbon taxes can successfully redirect technological change towards
cleaner technologies. Several conceptual and quantitative questions remain, however. The
first is whether, in the context of a micro-founded quantitative model, reasonable policies
can secure a transition to clean technology. The second is whether, in the presence of car-
bon taxes, there is still any role for significant research subsidies. The third concerns how
rapidly the transition to clean technology should take place under optimal policy.

A systematic investigation of these questions necessitates a micro model of innova-
tion and production where clean and dirty technologies can compete given the prevailing
policies and research incentives (and the direction of technological change) are also en-
dogenously determined as a function of these policies.? It also necessitates a combination
of micro data for the modeling of competition in production and innovation, and a quantita-

tive model flexible enough to represent realistic dynamics of carbon emissions and potential

2 Acemoglu, Daron, Philippe Aghion, Leonardo Bursztyn, and David Hemous (2012) assume that clean
and dirty inputs are combined with a constant elasticity of substitution, which allows for limited form of
competition between clean and dirty technologies.

120



climate change. This paper is an attempt in this direction.

Our first contribution is to develop a tractable and parsimonious microeconomic model
for this purpose. In our model, which we view as an abstract representation of the energy
production and delivery sectors, each one of a continuum of intermediate goods can be
produced either using a dirty or clean technology, each of which has a knowledge stock
represented by a (separate) quality ladder. Given production taxes (which are differential
by type of technology), profit-maximizing final good producers choose which technology
to utilize. Profit-maximizing firms also decide whether to conduct research to improve
clean or dirty technologies. Clean research, for example, leads to an improvement over
an existing clean technology, though there is also a small probability of a breakthrough
which will build on and surpass the dirty technology when the dirty technology is the
frontier in the relevant product line. Research and innovation decisions are impacted both
by policies and the current state of technology in the two sectors. For example, when clean
technology is far behind, most research directed to that sector will generate incremental
innovations that cannot be profitably produced (unless there are very high levels of carbon
taxes). However, if clean research can be successfully maintained for a while, it slowly
becomes self-sustaining as the range of clean technologies that can compete with dirty
ones expands as a result of a series of incremental innovations.

Our second contribution is to estimate parameters of this model using microdata on
R&D expenditures, patents, sales, employment and firm entry and exit from a sample of US
firms in the energy sector. The data we use for this exercise are from the Census Bureau’s
Longitudinal Business Database and Economic Censuses, the National Science Founda-
tion’s Survey of Industrial Research and Development, and the NBER Patent Database.
We design our sample around innovative firms in the energy sector that are in operation

during the 1975-2004 period. We use our sample to directly estimate some key parameters
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of the model and the initial distributions of dirty- and clean-energy product lines.® In par-
ticular, we estimate two of the key parameters of the model with regression analysis using
R&D and patents. We also estimate the initial distribution of productivity gaps between
clean and dirty technologies in the economy by allocating the patent stocks of firms in-
novating in these technology areas across the three-digit industries in which the firms are
operating. The remaining four crucial parameters are estimated using simulated method of
moments (we impose the discount rate and the fraction of scientists in the labor force from
the data rather than estimating these from the model). We show that, despite its parsimony,
the fit of the model to a rich and diverse set of moments not targeted in the estimation is
fairly good.

We then combine this structure with a parsimonious model of the carbon cycle. Our
modeling of the carbon cycle follows Golosov, Mikhail, John Hassler, Per Krusell, and Aleh
Tsyvinski (2011) and is fairly flexible despite its simplicity. Our final contribution is to use
this estimated quantitative model for the analysis of optimal policy, in particular optimal
carbon taxes and research subsidies,* and a range of counterfactual policy experiments.

Our main results are as follows. Though it is intuitive to expect that carbon taxes should
do most of the work in the optimal allocation—because they both reduce current emissions
and encourage R&D directed to clean technologies—quantitatively we find a major role for
research subsidies. For example, with an annual discount rate of 1% (similar to the number
favored by Nordhaus, William (2007)) and focusing on constant policies, the optimal re-
search subsidy is 61% (meaning that the government pays for 61 cents out of every dollar
of R&D expenditure for clean technology) while the carbon tax is 16%. The numbers are
more extreme with a discount rate of 0.1% for the social planner (similar to the number

favored by Stern, Nicholas (2007)) but with a similarly major role for research subsidies: a

3See Popp, David (2006) and Jaffe, Adam, David Popp, and Richard Newell (2010) for background on
technology, R&D and innovation in the energy sector.
4We do not allow additional tax instruments to remove the monopoly distortions in the economy.
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research subsidy of 95% and a carbon tax of 44%. When we allow time-varying policies,
the overall pattern is broadly similar and still heavily relies on research subsidies, but with
some notable differences: first, the research subsidy is initially slightly more aggressive
and then declines somewhat over time; second, with a discount rate of 1%, carbon taxes
are backloaded (low, in fact zero, for an extended period of time and then high); and third,
with a discount rate of 0.1%, carbon taxes are frontloaded (starting out higher and declining
over time).’ Despite the differences between the models, the reason for the major role for
research subsidies is related to the one emphasized in Acemoglu, Daron, Philippe Aghion,
Leonardo Bursztyn, and David Hemous (2012). ¢ Research subsidies are powerful in redi-
recting technological change, and given this, it is not worth distorting the initial production
too much by introducing heavy carbon taxes. It is important to emphasize that research
subsidies are not being used just because there is a market failure (and an uninternalized
externality) in research. In fact, in our model, in the absence of externalities from carbon,
or in the special case in which there is only a dirty or a clean sector, the social planner
would have no reason to use research subsidies—because a scarce factor, skilled labor, is
being used for research and no other purpose, and thus the social planner cannot increase
the growth rate by subsidizing research. The reason why the social planner heavily uses re-
search subsidies is because when carbon creates negative externalities, inducing a transition

to clean technology is an effective way of reducing future carbon emissions by changing

3Our time-varying optimal policy results need to be interpreted with caution, since the resulting optimal
policy sequence is not time consistent.

®Major differences between the models include: (1) here the damage from atmospheric carbon is modeled
as impacting production along the lines of previous literature rather than directly utility; (2) here there is no
“environmental disaster” threshold, making it possible for us to calibrate the parameters more closely to data
and without taking a position on carbon emissions in the rest of the world; (3) in contrast to the constant
elasticity of substitution formulation, dirty and clean sectors are not complements in our model, but explicitly
compete in each product line. This last one is the most important distinction, enabling us to use microdata
on innovation and production. It also implies a different pattern of production distortions from carbon taxes.
In Acemoglu, Daron, Philippe Aghion, Leonardo Bursztyn, and David Hemous (2012), carbon taxes are
particularly distortionary when the dirty sector is behind (and thus its relative prices high because of the
imperfect substitutability). In contrast, in our model the carbon tax is least distortionary when the clean
technology has already taken over or is about to take over almost all product lines.
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the path of technological progress.

Another useful comparison is to current US policies. We estimate the effective research
subsidy from the differential between clean and dirty firms in our sample in the use of
federally funded R&D expenditure. Utilizing this estimate and different values of effective
carbon tax at the moment and its likely values in the future, our estimated optimal policies
are quite different from their US counterparts, and we show that under US policies, climate
change dynamics will be significantly different (and worse).

In terms of counterfactual policies, we investigate the welfare costs of just relying on
carbon taxes and delaying intervention. The most notable result here is that the welfare
costs of delaying the optimal policy by 50 years (laissez faire) is very significant. With
a discount rate of 1%, delaying optimal policy by 50 years has a welfare cost equivalent
to a permanent 8% drop in consumption. With a discount rate of 0.1%, the consumption-
equivalent welfare cost is 16.6%. The costs of relying just on carbon tax (without any
research subsidy) are more modest but still significant, 4.2% and 3.4%, with the same two
discount rates, respectively.

We also consider several variations and robustness checks to show which aspects of
the model are important for our main theoretical and quantitative results. In particular,
we investigate the implications of using different discount rates and estimates of the dam-
age of carbon concentration on economic activity, allowing different degrees of distortions
from research subsidies, different estimates of the microeconomic elasticities in the R&D
technology, and different distributions of productivity gaps between clean and dirty tech-
nologies. Overall, most of the main qualitative and quantitative features of optimal policy
appear to be fairly robust to a range of plausible variations.

Our model combines elements from four different lines of research (and is thus related
to each of these four lines). First, we build on the growing literature on quantitative gen-

eral equilibrium models of climate change, such as Golosov, Mikhail, John Hassler, Per
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Krusell, and Aleh Tsyvinski (2011), Hassler, John, and Per Krusell (2012), Krusell, Per,
and Anthony Smith (2009), Nordhaus, William (1994), Nordhaus, William, and Joseph
Boyer (2000), Nordhaus, William (2008), and Stern, Nicholas (2007). We follow these
papers in introducing a simple model of the carbon cycle and the economic costs of carbon
emissions in a general equilibrium model, and then characterizing optimal policy. Second,
we introduce endogenous and directed technological change along the lines of Acemoglu,
Daron (1998) and Acemoglu, Daron (2002) in a model where producers have a choice be-
tween clean and dirty production methods. In combining these two first lines of research,
we are following Acemoglu, Daron, Philippe Aghion, Leonardo Bursztyn, and David He-
mous (2012) as well as several other papers listed in footnote 1 above. Third, we develop
a tractable but rich model of competition between dirty and clean technologies building
on the literature on step-by-step competition as in Harris, Christopher, and John Vickers
(1995), Aghion, Philippe, Christopher Harris, Peter Howitt, and John Vickers (2001), and
Acemoglu, Daron and Ufuk Akcigit (2012). Fourth, we model the microeconomics of in-
novation, employment and output dynamics building on Klette and Kortum (2004), where
each firm consists of a number of products and technologies (different from other appli-
cations, technologies here are different from products because of the competition between
clean and dirty sectors).

In estimating a general equilibrium model of firm-level innovation and employment dy-
namics, we follow Lentz and Mortensen (2008) and Acemoglu, Daron, Ufuk Akcigit, Nick
Bloom, and William Kerr (2012). We differ from existing work in this area in three im-
portant respects, however. First, we combine this type of estimation strategy with a model
of clean and dirty technologies and estimate some of the parameters of the R&D technol-
ogy directly from microdata. Second, rather than focusing on steady-state comparisons, we
study non-steady-state dynamics, which is crucial for the question of transitioning to clean

technology. Third, we characterize optimal policies in such a framework.
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