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Abstract
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1 Introduction

Understanding the impacts of trade on firm innovation is central to evaluating long-
term consequences of globalization. An extensive literature has documented heterogeneous
innovation responses of firms to export liberalization: it tends to increase market size and
innovation incentives for large exporters, but decrease the innovation of non-exporters.!
Since most firms do not export,? their negative innovation responses could erode welfare
gains from trade liberalization.

While recent studies highlight the firms’ heterogeneous innovation responses to export
liberalization, most of them assume that firms innovate in isolation. The literature on firm
innovation suggests the opposite: firms learn with each other via a highly selective and un-
evenly spread network.? In the presence of inter-firm knowledge networks, a non-exporting
firm could raise its productivity under export liberalization by learning from exporting firms.
The quantitative importance of this indirect productivity effect of trade liberalization de-
pends on the structure of inter-firm knowledge networks.

This paper aims to quantify the implications of inter-firm knowledge networks for the
long-term consequences of trade liberalization. To achieve this, it first requires empirical
measurements on the structure of inter-firm knowledge networks. In general, there is lack
of data revealing such information. Few recent studies investigate inter-sector knowledge

4 However, within

networks and document sectoral heterogeneity in the knowledge space.
any sector there is only a very small fraction of firms engaged into international trade. So
it is crucial to characterize technology diffusion across firms, in particular to what extent
knowledge diffuses from exporters to non-exporters.

Following the literature on technology diffusion, we take patent citations across firms as

proxy for inter-firm knowledge diffusion.® Specifically, we combine data on patent citations

! Aghion et al. (2018) propose a theory of firms’ heterogeneous innovation responses to export shocks
and find supporting evidence from the French firm data. These heterogeneous responses are also consistent
with theories in Melitz (2003) and Akcigit et al. (2018), and empirical evidence in Lileeva and Trefler (2010)
and Bustos (2011).

2Bernard and Jensen (1995), Mayer and Ottaviano (2007), and Bernard et al. (2012) have documented
using firm-level data from a wide range of countries that firm participation in international trade is exceed-
ingly rare.

3Jaffe et al. (1993), Jaffe et al. (2000), Hall et al. (2005), and Giuliani (2007) have documented the
evenly spread networks through which firms or inventors transmit their tacit knowledge.

4Acemoglu et al. (2016) use the U.S. patent citation data to investigate knowledge networks across sectors
and find substantial sectoral heterogeneity in knowledge diffusion. Cai and Li (2018) build a quantitative
model with inter-sector knowledge networks.

5As argued by Jaffe et al. (1993), “Thus, in principle, a citation of Patent X by Patent Y means that X
represents a piece of previously existing knowledge upon which Y builds”.



across Chinese manufacturing firms with their performances in the Chinese Manufacturing
Survey and their exports in the Chinese Customs Records. The combined dataset reveals
substantial firm heterogeneity in both exports and knowledge diffusion. Figure 1 shows that
(i) the firm’s export intensity increases with its size, and (ii) the patents of larger exporters
are cited by more firms. That is to say, larger firms export more and are more visible in the
knowledge networks and therefore more likely to diffuse their knowledge to other firms. To
our best knowledge, this is the first attempt to link firms’ characteristics, especially their

exports, to their positions in the patent citation networks.
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Figure 1: Firm Heterogeneity in Sales, Exports, and the Number of Citing Firms

(Note: The sample includes the Chinese manufacturing firms whose patents are cited by at least one other

firms over 1998-2013. The firm sales and export intensities are averaged over 1998-2013. The sample firms

are sorted by their sales and divided equally to 20 groups. For each group we compute the average export
intensity and the number of citing firms (weighted by firm sales).)

To incorporate firm heterogeneity in exports and knowledge diffusion and draw aggregate
implications, we propose a multi-country general equilibrium model with trade and firm in-
novation in which knowledge diffuses across domestic firms via a highly selective network.
Our endogenous growth model features a continuum of firms that are heterogeneous in their
current productivities and innovation capabilities. Innovation allows firms to raise their
productivities by an amount that increases with innovation investment and innovation capa-
bilities. Besides doing their own R&D, firms can also improve their technologies by learning
from other firms. In each period, firms can randomly meet with other firms and absorb the

knowledge of firms they meet. We allow the probability that two firms meet to be a flexible



function of the characteristics of both firms. This flexible firm-to-firm matching function
enables our model to capture firm heterogeneity in knowledge connections observed in the
micro data. It is also convenient for aggregation: despite the multiple degrees of heterogene-
ity (in firms’ current productivities, innovation capabilities, and meeting probabilities), the
model is tractable and transparent for estimation.

Trade in our model is standard: firms incur both iceberg and fixed costs to export. There-
fore, only the most productive firms would export. The decline in iceberg trade costs would
increase market size and therefore innovation incentives for exporting firms, but decrease the
innovation incentives for non-exporting firms by bidding up the wage. While these hetero-
geneous innovation responses have been well-discussed in the literature, we emphasize a new
effect via knowledge diffusion: non-exporting firms can learn from exporting firms whose in-
novation incentives have been spurred by export liberalization. We show that this new effect
could partially offset the negative productivity effect led by the decline in non-exporters’
innovation and therefore increase the aggregate productivity and welfare gains from export
liberalization.

To quantify macro-level implications, we conduct a two-tiered empirical analysis. In the
first tier, we parameterize our firm-to-firm matching function and estimate it using inter-
firm knowledge networks observed in the Chinese patent citation data. Using the simulated
method of moments with equilibrium conditions as constraints, we find that the probability
of two firms meeting increases with the size of both parties and is log-supermodular with
respect to firm size. Our parameterized matching function is able to reproduce key targeted
and untargeted moments of inter-firm knowledge networks in the data.

In the second tier of our empirical inquiry, we focus on general equilibrium welfare analysis
in a two-economy world. We insert the estimated inter-firm knowledge networks into the
model and calibrate changes in trade costs to the observed trade shares between China and
the rest of the world over 2001-2006. The calibration results suggest considerable decline in
the Chinese import and export costs during this period.

We then quantify the impacts of trade liberalization on the Chinese real income by fixing
trade costs between China and the rest of the world in their levels of 2001. Our simulation
shows that the decline in trade costs over 2001-2006 increases the time-discounted Chinese
real income by 1.8%. Then we eliminate inter-firm knowledge networks and re-conduct
this counterfactual exercise. Without inter-firm knowledge networks, trade liberalization
only increases the time-discounted Chinese real income by 1.2%. As a result, inter-firm

knowledge diffusion accounts for about one third of the Chinese welfare gains from trade



liberalization over 2001-2006. Without inter-firm knowledge networks, trade liberalization
would dramatically reduce the innovation of non-exporting firms in China, which erodes the
Chinese productivity and welfare gains from trade liberalization.

Related Literature: Relative to the literature on firm innovation and trade liberal-
ization, our model adds inter-firm knowledge networks, and it extends previous models to a
quantitative setting. Aghion et al. (2018) and Akcigit et al. (2018) develop trade models
with endogenous firm innovation and endogenous competition, but without inter-firm knowl-
edge diffusion. Also related are quantitative models of innovation and inter-sector knowledge
diffusion, such as Klette and Kortum (2004) and Cai and Li (2018). As discussed above, to
explore the innovation effects of trade liberalization, we must focus on inter-firm rather than
inter-sector knowledge diffusion since in any sector firm participation in international trade
is very rare.

This paper also relates to empirical studies that document firms’ heterogeneous inno-
vation responses to trade liberalization. Aghion et al. (2018), Bustos (2011), Lileeva and
Trefler (2010), and Coelli et al. (2016) document firm differential responses to export shocks.
Bloom et al. (2016), Iacovone et al. (2011), Autor et al. (2016), and Bombardini et al. (2017)
document heterogeneous innovation responses to import competition. Consistent with these
empirical explorations, our model suggests that export liberalization promotes the innova-
tion of larger and more productivity firms but reduces the innovation of smaller firms, in
particular non-exporters.

Our model builds on the recent quantitative models of firm-to-firm networks. There is
an extensive literature that quantifies firm-to-firm production linkages (Lim, 2019; Huneeus,
2019; Acemoglu and Azar, 2017; Acemgolu et al., 2012; Atalay et al., 2011; Bernard and
Moxnes, 2018; Tintelnot et al., 2018). Efforts for quantifying inter-firm knowledge networks
are rare.® These tractable characterizations of firm-to-firm linkages, including the matching
function in our model, have integrated micro structure of production and innovation into
macro production function and drawn aggregate implications.

The rest of this paper is arranged as follows. Section 2 documents key features of patent
citation networks across Chinese manufacturing firms in order to motivate our structural
model. Section 3 builds the model and characterizes the model’s implications for trade
and innovation based on a special case with two symmetric countries. Section 4 estimates

inter-firm knowledge networks. Section 5 conducts counterfactual experiments to quantify

6Bloom et al. (2013) investigate inter-firm knowledge diffusion in a stylized empirical framework. Akcigit
and Kerr (2016) and Akcigit et al. (2017) incorporate inter-firm knowledge diffusion into quantitative
frameworks, but do not capture firm heterogeneity in the knowledge network.



the importance of inter-firm knowledge networks to welfare gains from trade liberalization.

Section 6 concludes.

2 Motivational Facts

This section documents firm heterogeneity in exports and knowledge connections. Fol-
lowing the literature of innovation and technology diffusion, we use patent citation as proxy
of inter-firm knowledge diffusion. We then link a firm’s position in patent citation networks
to its characteristics. These micro data patterns motivate the specification of knowledge
networks in our model and provides empirical moments for the structural estimation of our

model’s key parameters.

2.1 Data Sources

Our data consists of three parts. First, we observe the performance of Chinese manu-
facturing firms whose annual sales exceed 5 million RMB (about $650,000) over 1998-2013
from the Annual Survey of Industrial Firms (ASIF). The main performance variables in-
clude sales, employment, capital stock, materials, and export values. Second, we observe
all patents assigned by the Chinese intellectual property offices, with the patent number,
the contact information of patent owners, the inventors, and the description of the patents.
Third, we obtain the citation linkages across these patents from the Google patent. We
merge the firms in ASIF and patent records by their names and contact information. The
details of data sources and data merge are presented in Appendix A.

We focus on the time-invariant deep structure of inter-firm knowledge networks. There-
fore, we construct our database used in motivational facts and quantification as follows.
First, we define that firm A learns from firm B if and only if A has cited at least one patent
owned by B over 2000-2013. Second, we exclude the patents that are cited over 2008-2013
because there is no sufficient time for these patents to be widely visible. Third, we take
averages on firms’ performances and exports over 2000-2013. As a result, we construct a
cross-sectional dataset of Chinese manufacturing firms with their long-term average perfor-
mances, exports, and inter-firm patent citation linkages. The detailed summary statistics of

our database are presented in Appendix A.



2.2 Regularities of Inter-firm Patent Citation Networks

Armed with the database constructed as described in Section 2.1, we present several
regularities about firm heterogeneity in patent citations and exports. We first investigate
firm heterogeneity in the patent citation network. In particular, we find that:

Fact 1: A considerable fraction of patent citations occur within industries. Even within
a narrowly-defined industry, firms still occupy heterogeneous positions in patent citation
networks.

Notably, a large fraction of patent citations occur across firms within narrowly-defined
industries. Table 1 suggests that about 40% of firm pairs with patent citations are within 2-
digit CIC industry. Even if we look at 3-digit CIC industries there are still about one quarter
of firm pairs within industry. This implies that a large share of knowledge diffusion occurs
within industry across firms. As a result, understanding inter-firm, not only inter-industry,

knowledge networks is crucially to understand the structure of knowledge diffusion.

Table 1: Patent Citation Linkages across Chinese Manufacturing Firms

# Firm pairs with patent citations 85471

In which:
Cited and citing firms in the same 2-digit CIC industry 36939
Cited and citing firms in the same 3-digit CIC industry 22012

Inter-firm knowledge diffusion is not pervasive. Figure 2 shows that firms occupy very
heterogeneous positions in the knowledge network: in a small network connecting 130 house-
hold appliance producers, few large firms lie at the center with a large number of connections,
whereas most small firms lie at the peripheral with few connections. We will show later that
this heterogeneity is not specific to the household appliance industry but common in the
whole manufacturing sector.

We proceed by linking firm size and export status to firms’ positions in patent citation
networks. In particular, we find that:

Fact 2: Large exporters lie at the center of inter-firm patent citation networks.

Figure 3 plots the number of firms from which a firm cites (in-degree) against the fraction
of firms who cite that many firms. We also plot the number of firms citing a firm (out-
degree) against the fraction of firms who are cited by that many firms. The distributions
appear to be very close to a Pareto distribution as the cdfs are close to linear. In other
words, the distributions of in-degree and out-degree are characterized by many firms with

few connections and few firms with many connections.



°. 2 °
®
1 0'.‘: 5/ @ °o °
. i R
S0 09.5° 1 o/ fo
%0 20 2 o O/ I/ /%o,
o ° o o
8o,
o o.o on"o 5 # X
° ]
° o o
0o e o A
° o ° 2 egy
S — T < & otq)"h o
o °0 %'00‘” oo °
% ® 00 aooo -°
o~ ° °
oy oO N 8 "
B SRy o °
8oe o o
< iy o ° o
X5/ Lk . :-‘P °.
8/ 85 %esg ° *
o ",.°°-,‘! °
o
P B
-3
13 o
4 ° e

Figure 2: The Inter-firm Patent Citation Network in Household Appliances (CIC 395)
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Figure 3: Distributions of In- and Out-Degree

(Notes: In-degree is defined as the number of firms from which a firm cites. Out-degree is defined as the
number of firms citing a firm.)



The firms with many connections in the patent citation network are not randomly as-
signed. Figure 4 shows that larger firms cite and are cited by more firms. Figure 5 shows
that exporters have larger in-degree and out-degree than non-exporters. Combining the reg-
ularities documented in Figure 3, 4, and 5, we find that few large exporters lie at the center
of the inter-firm patent citation network. As a result, shocks in export markets directly affect
these larger exporters, and then propagate via inter-firm knowledge networks and translate

into aggregate effects on all firms.
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We turn to investigate what kinds of firms are more likely to be connected. In particular,

we find that:



Fact 3: The inter-firm knowledge network exhibits strong positive assortivity: larger and
more connected firms are connected with larger and more connected firms.

Figure 6 shows that larger firms are more likely to cite and be cited by larger firms.
Figure 7 shows that more connected firms are more likely to connect with more connected
firms. These results suggest that inter-firm patent citation networks are highly selective: a
small number of large firms lie at the center of the network and are well-connected with each
other, whereas the majority of small firms lie at the peripheral of the network, with very few
connections. In the next section, we will show how our model captures these characteristics

of inter-firm knowledge networks.
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3 The Model

Consider a world made up of two countries, £ = 1,2. Time is discrete and goes to infinity.

The preferences and production possibilities of each country ¢ are as follows.

3.1 Preferences

Country /¢ is endowed with labor L, who are infinitely lived, immobile across countries,
and inelastic in supply. The representative consumer in country ¢ has constant-elasticity-of-

substitution (CES) preferences over a unit mass of of varieties and seeks to maximize:

o0

1 a1

U= Z /! {/ cz,t(w)oldw} : (1)
t=0 0

where ¢;;(w) denotes consumption of good w, o > 1 is the elasticity of substitution, and

¢ € 10, 1] is the time discounting factor.

3.2 Technologies and Trade

Each variety is produced by a firm using labor. The market structure for all firm sales is
assumed to be monopolistic competition. Each firm is owned by a family of entrepreneurs.
Each entrepreneur lives for one period. At the beginning of period ¢, the entrepreneur of
firm w born at period t in country ¢ inherits labor productivity ¢y :(w) from her ancestors
and makes the innovation decision 4 (w) > 0. Firm w with inherited productivity ¢y +(w)
and innovation rgs(w) has effective productivity ryi(w)des(w) and thus marginal cost of
production m where wy; is the wage of country ¢ at period ¢. The initial productivity
distribution {¢s0(w)} is exogenous. We assume that the mass of firms in each country is
fixed and there is no entry and exit of firms.

Firms can sell their products both at home and abroad. However, as in Melitz (2003)
firms that select into exporting face both fixed and variable costs of trade. Firms in country
¢ that export to country n at period ¢ incur a fixed cost fﬁt > 0 in terms of country ¢’s
labor, with ng{ . = 0, while variable trade costs take the iceberg form. To deliver one unit of
output from country ¢ to country n at period ¢ a firm must ship 74, > 1 units, with 7., = 1.

Conditional on the distribution of effective productivity rs¢(w)dss(w), the structure of
production and demand in this economy is equivalent to that in Melitz (2003) and solving

firms’ static profit maximization problem is straightforward. Firms face isoelastic demand

11



and set factory gate prices as a constant mark-up - over marginal costs. Since fgg . =0,
all firms will produce and make sales in the domestic market. Firms only export to a given
market if their variable profits in that market are sufficient to cover the fixed export cost. In

particular, firms choose to export from country ¢ to country n if and only if their effective
1

_o o rX o—1
productivity is at least 7y, <";:11 ) <w£5f£:’t> " where Dy = Py 71X, is the aggregate

demand shifter in country n at period ¢ and where P, ; is the price index and X, ; is the

total expenditure.

3.3 Firm Innovation

Firms are heterogeneous in innovation efficiency. To achieve innovation kg4 (w), firm w has
«@

K‘Z;((ww)) additional units of labor where z(w) > 0 denotes the innovation efficiency

to employ
of firm w. We regard z(w) as the fundamental characteristics of firm w so that z(w) is
exogenous and time-invariant. Therefore, we index firm w by its innovation efficiency z and
denote the cumulative distribution function of z in country ¢ as G,(z) with the support S..

Since entrepreneurs are assumed to be one-period-lived, they decide their innovation by

solving the following one-period profit-maximization problem:

o Lty s (o~ DasCer a2 - wn, 40, )

n“(z)

where Dy (2, ¢o+(2)) is the demand shifter faced by firm z of country ¢, which will be specified
below. The constant ¢ := }7 (;Tl)lfa. To guarantee an interior solution to Problem (2), we
assume that a > o — 1.

Firm innovation in our model is isomorphic to the model of firm innovation developed
by Desmet, Nagy, and Rossi-Hansberg (2018) in which firms innovate in order to maximize
their bid for land and obtain zero profits after covering their innovation costs. Following this
idea, the complex dynamic problem of firm innovation is simplified into a repeated static
problem.

The optimal innovation for firm z in country ¢ at period t is determined by its demand,

its innovation cost, and its inherited productivity:

1
ag — 1 5' a—(o—1) 1 7#
Ky o(2) = ( . ) Dyi(2, d04(2)) [2664(2)7 1] =D w, 7D, (3)

The demand shifter faced by firm z in country ¢, Dy.(2, ¢e+(2)), depends on whether it

is an exporter at period ¢t. We have shown that a firm will export if and only if its effective

12



productivity is above a cutoff productivity. Armed with the optimal innovation in Equation

(3), the demand shifter faced by firm z in country ¢ is

Dy + Tpi Dugy i (2,004(2)) € &
Dy (2, pe4(2)) = Lo t . t t (4)
Dyy, if (z,004(2)) & Euy

for ¢ # n, where the set of exporters, &4, is defined by

alo—1) _(e—-1)(+a)

= a—lo- - =5 a=(e=1)
boy = {(z, Gra(2)) [ 2o~ By (2) o=, , * 7Y [(D&t + Tﬁln,taDnat) = — Dy 1)] = W,tfe)é,t} 7
(5)

o—1

and where the constant A; := (1-=2t)5[=ts)> D,

3.4 Inter-Firm Knowledge Networks

We assume that the productivity at the beginning of period t+1, ¢y 4+1(2), does not only
depend on the firm’s own innovation outcomes at period t, but also on other firms’ innovation

outcomes. Specifically, we assume that productivity {¢s:(z)} is evolved as follows:

B
@,m(z):[mzxzwmz)w [ o (G| B 5200 (©

Several issues are worth further discussing. First, firm z is only able to receive knowledge
from firm 2’ with probability m(z’, z) € [0, 1]. Given that there exists a continuum of firms of
every state z, m(z/, z) is also equal to the fraction of z/-firms that diffuse their knowledge to
a given z-firm, as well as the fraction of z-firms that receive knowledge from a given z’-firm.
As a result, the structure of inter-firm knowledge networks can be fully characterized by this
matching function m(2’, z). Notably, Lim (2018) has utilized a similar matching function to
characterize production networks across firms.

Second, in our baseline specification, we assume that the matching function m(z/, z) is
time-invariant and depends only on firms’ fundamental characteristics z. In this paper, we
focus on the implications of stable and time-invariant characteristics of inter-firm knowledge
networks. Moreover, as shown below, this specification leads to simple conditions that
ensure the uniqueness of steady-state equilibrium and transparent estimates of the model’s
key parameters.

Third, we do not specify a search and matching process to rationalize our matching

function m(z’,z). The general form of m(z’,z) makes our model sufficiently flexible to

13



capture rich patterns of inter-firm knowledge spillovers observed in the patent citation data.
We leave the micro-foundation of matching function to future work.

Finally, it is straightforward to incorporate other firm characteristics than innovation effi-
ciency z into our matching function. In this paper, we concentrate on the single-dimensional
innovation efficiency because most of the firm characteristics are strongly correlated with firm
size. In some context, firm characteristics other than size may be in special interest. For
example, if we are interested in how foreign ownership affects inter-firm knowledge spillovers,
we have to incorporate ownership status into our matching function. Moreover, variables
that characterize physical and technological distances across firms can also be included. We

leave these concerns to future work.

3.5 Equilibrium

We close the model by clearing the markets. Labor market clearing implies that

1 —1
U)g,tLg = |:1 — ; (1 — g o >:| / X&t(Z)dGZ(Z) +/ Wg,tfgi’th[(Z),
R S, ., Eot

(7)

J/

Vv TV
Production Fixed Export Costs

where the firm-level sales is given by:

Xeo(2) = 06wk, [K5,(2)000(2)] Dy (2, $4(2)) - (8)

The total expenditure of country ¢ is given by

1 oc—1
Xpr=we Lo+ —(1— X0 4(2)dGo(2) — X dGy(2).
6t = Wyl + . < o ) 5 01(2)dGo(2) /g“ wé,tfen,t o(2) (9)

J/

~
Net Profits

Finally, the aggregate price index is determined by the prices of domestic and imported

varieties. For n # ¢, we have

1
1—0o

Ppy=— [ / Wi [we(2)bea(2)]” dGa(z) + / (WngTee)' ™ [ 4 (2)6na(2)] 7 dGa(2)

g — 1 gn,t

(10)
Xt
Py -

The instantaneous welfare in country ¢ can be measured by real income Wy, =

Definition 1 (Dynamic Equilibrium) Given {L;, Gi(2)}, m(2', z), and {¢eo(2)}, the dy-

namic equilibrium of our model consists of {r;(2), ei(2), Pot, Xog, wes} such that

14



1. Consumers maximize their utility.

2. Giwen {¢pi(2), Prt, Xog, wer}, each firm decides k;(z) as in Equation (3) where its
individual demand is characterized by Equation (4) and (5).

3. Given {¢uo(2)}, productivities evolve as in Equation (6).
4. Wage is determined by Equation (7).
5. Aggregate price index Pyt is given by Equation (10).

6. Total expenditure Xy, is given by Equation (9).

3.6 Steady-State

We proceed by defining and characterizing the steady-state of the equilibrium. We are
particularly interested in the uniqueness of the steady-state since we will estimate m(z’, z)
by matching the equilibrium outcomes in the steady-state to the data. In the steady-state,
firms’ productivities are time-invariant, i.e. ¢p.(2) = ¢o(2) for all t. As a result, wyy,
Xty Py and k7 ,(2) are all time-invariant in the steady-state. The steady-state (¢¢(2)),cg.
is determined by Equation (6). In general, the uniqueness of steady-state relies on the
structure of inter-firm knowledge network, m(z’, z). This is one special case in which we can

establish the uniqueness of steady-state for any exogenous m(z’, z) > 0. The following result
is an application of Theorem 1 of Allen, Arkolakis, and Li (2017):

Proposition 2 (Steady-State in the Close Economy) Consider a close economy. Sup-

pose that 1 — —22— > 0. Then there exists a unique distribution of steady-state productivity

a—(o—1)
1
i| a—(oc—1)

for any matching function m(z', z). Moreover, given D= [@D

, the steady-state
{6(2)} can be computed by iterating the following system of equations:

o(2) = D7 s 02T 4.6 [ () ()7 as(z')a@de(z')r, vz e S.
5. ()
Proposition 2 suggests that in the close economy, as long as m(z’, z) is exogenous, the
sufficient conditions for uniqueness include only three parameters, (a,3,0). This result
greatly simplifies structural estimation.
Notably, there is no growth in the steady-state since we assume that L, is constant. This

resembles the semi-endogenous growth model whose growth rate in the balanced growth path

is equal to the exogenous labor growth rate.
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3.7 Trade and Innovation in Two Symmetric Countries

In this subsection, we analytically characterize transitional dynamics in a special case
of two symmetric economies. The purpose is to understand the mechanisms through which
trade liberalization affects innovation and productivity growth of heterogeneous firms. We
assume that two economies are symmetric in a steady-state before period ¢, with 755 =
To1x = 7 for all k < t. At the beginning of period ¢, there is a permanent symmetric change
in trade costs: dro; = d7o1+ = d7. Due to the symmetric of two economies, we take wage
as a numeraire and drop the country subscript in equilibrium conditions.

We first characterize the equilibrium at period ¢. In the steady-state at the beginning
of period t, ¢;(z) is non-decreasing with z. Therefore, firms choose to export if and only if

z > Z; where the cutoff z; satisfies:
~ 1 a PR o S
Al [ggflqbt(gt)a(crfl)} a—(o—1) |:(1 + 7_tlfa) a—(o—1) __ 1] Dta—(a—l) — ftX (12)

Equation (12) is the zero-profit (ZP) condition which implies a negative relationship
between the cutoff Z; and the aggregate demand shifter D,. Intuitively, when the aggregate
demand is larger, more firms are profitable to export, which reduces the cutoff Z;.

Under two symmetric countries, the goods market clearing condition can be simplified

into:

1 o—1 -
1 (e E RO (13)
o !
Moreover, the aggregate price index can be expressed as

1—-0o

| oI dce) + [ R @eaer e oy

z 2t

Pt: g |i

c—1

Combining Equation (13) and (14), the aggregate demand shifter can be expressed as

L-n-cElF "
Dy = 1 o—1
ST

o

_a—(o-1)
o

L] o= o + @)= [Coer=enace]}
(19

where the constant Ay, = (071 -

1—0o
L)U_l [(071)5] a—(o—1)
Equation (15) is the aggregate-demand (AD) condition which implies a positive relation-

ship between z; and D,. Intuitively, the increase in z; drives firms out of export markets,
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which raises P, and therefore D;.

D .

Zt Zt-l VA
Figure 8: The Changes in Equilibrium Outcomes under dr < 0

The intersection of ZP and AD curves determines instantaneous equilibrium. Therefore,

we have the following result:

Lemma 3 (Transitional Dynamics under Symmetric Trade Liberalization) Consider
two symmetric economies at a steady state before period t. Under symmetric trade liberal-

1zation at period t, there is a unique transitional path converging to the new steady state.

We then investigate the impacts of trade liberalization on firm innovation and growth.

The innovation of exporting firms can be given by

K,:(Z) = M (1 +Tt1—g) D, a—(o-1) [Zd)t(z)g—l}ﬁ. (16)

It is straightforward that holding the aggregate demand D; constant, the innovation of
exporting firms increases as 7; falls. The decline in trade costs increases the market size of
exporting firms and therefore their marginal benefits of innovation.

We are particularly interested in non-exporting firms due to their lack of direct access to

exporting markets:

Proposition 4 (Static Innovation Effects of Trade Liberalization on Non-Exporters)

Consider two symmetric economies described above. If z < min{Z;, Z;_1}, then —%T(Z) < 0.
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Proposition 4 suggests that trade liberalization would instantaneously reduce the innova-
tion of non-exporting firms. This is mainly because exporting firms bid up the wage. Notably,
most of the firms do not export and they provide a large fraction of products consumed by
domestic consumers. As a result, the negative innovation response of non-exporting firms
could considerably increase the price index faced by domestic consumers and erode welfare
gains from trade liberalization.

However, a firm’s productivity growth depends not only on its own innovation, but also its
learning from other firms. As a result, the dynamic productivity effect of trade liberalization
relies crucially on the structure of inter-firm knowledge networks. This new innovation effect
of trade liberalization via knowledge spillovers has not been discussed in the literature.

The following result demonstrates the importance of inter-firm knowledge networks in

shaping the firms’ productivity growth. Suppose that z < min{Z;, 2, 1}. Then

Gri1(2)F Vdpya(z) 1 . .dlog D,
B IS dr _a—(a—l)ﬁt(z) dr

TV
(1) The Impact of Competition on Own Innovation

{ s, m<zl’Z)“I(Z/)@(z')d(}(zf)] %

J/

I
. a—(oc—1)

~
(2) The Impact of Competition on Other firms’ Innovation

(17)

(.

P
(3) Learning from New Exporters

o Lo n” |l o aceE) .

+
a—(c—1) 1+77°

~
(4) Learning from Incumbent Exporters

In Equation (17), we decompose the impacts of trade liberalization on the productivity
growth of a non-exporting firm into four terms. The first term summarizes the competition
effect of trade liberalization on the non-exporter’s own innovation, which has been character-
ized by Proposition 4. The second term reflects the competition effect of trade liberalization
via inter-firm knowledge networks. The third and fourth terms reflects the diffusion of
knowledge gains from trade liberalization. The third term in Equation (17) suggests that a
non-exporter could learn from new exporters whose innovation incentives have been spurred
by trade liberalization. Likewise, the fourth term in Equation (17) indicates the knowledge
diffusion from incumbent exporters to non-exporters.

In sum, while trade liberalization only directly boosts the innovation of a small fraction of
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firms, their technology progress could benefit other firms via inter-firm knowledge networks.
As a result, investigating the structure of inter-firm knowledge networks, in particular “who

learns from whom”, is key to understanding the dynamic effects of trade liberalization.

4 Estimating Inter-Firm Knowledge Networks

To quantify the implications of knowledge diffusion for welfare gains from trade liber-
alization, we estimate the structure of inter-firm knowledge networks using data on patent
citations across Chinese manufacturing firms. Since our data on patent citations is only for
Chinese firms, we base our estimation on the close economy equilibrium.

This section proceeds as follows. Section 4.1 proposes parametric assumptions for the
matching function m(2’, z). Section 4.2 describes the estimation procedures, which are con-
ducted sequentially in Section 4.3 and 4.4. Section 4.6 discusses the estimation results and

examines the model fit.

4.1 Parametric Assumptions

The data on patent citations suggests that firms’ positions in the knowledge network
depend closely on their sizes. Guided by these patterns, we parameterize the distribution of
innovation efficiency, G(z), and the matching function m(z’, z) as follows. We first assume
that the innovation efficiency z are log-normally distributed, with the mean p, and variance

o2. In our structural estimation, we normalize p, = 0. This log-normality assumption

z
is consistent with the literature suggesting that the major part of firm size distribution,
except for the tail, can be well-approximated by the log-normal distribution. Since our
empirical regularities in Section 2 have shown that most of the firms have very few knowledge
connections whereas few giant firms have many connections, our model will yield a log-normal
firm size distribution, except for the tail.

Then we parameterize m(2’, z) as

_ Y
14 exp{— [ log 2 + &log z + plog 2 log 2]}

m(z', z) v €10, 1]. (18)

There are four parameters in this matching function. First, v € [0, 1] characterizes the
average matching rate across firms. Second, & and & characterize how matching rates vary,
respectively, with respect to innovation efficiency of the cited firm z’ and the citing firm z.

Finally, p characterizes the assortativity of inter-firm knowledge networks, i.e. whether larger
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and more connected firms are connected with firms that are also larger and more connected.

Notably, we have

9 logm(z', z) (& + plog 2) (&2 + plog 2') | exp{—[&i log 2’ + & log 2 + plog 2" log 2]}
0log z0log 2/ m(2,z)/vy m(z’, z) /vy
(19)

Therefore, m(z’, z) is log-supermodular if p > 0 and &;,& > 0.

4.2 Estimation Procedure

We estimate parameters for G(z) and m(2’, z) using data on sales and patent citations
of Chinese manufacturers. We start by discussing the parameters that are not estimated
from data. First, we set the value of the elasticity of substitution ¢ to 4, which is close
to the estimates in the literature. Second, we normalize L so that D = 1. Third, we set
a = 15 so that the net profit share is equal to %(1 — "T_l) = 0.2. Finally, we set the

curvature of productivity evolution § = 0.72. Without knowledge diffusion, this leads to

Olog(¢iy1(2)) _ _ ap
0log(¢¢(2)) a—(o-1)

The remaining parameters, (7, &1, &, p) and (4, 02), are then estimated using data on inter-

= 0.9, which is close to the estimates in the literature.”

firm citation linkages and firms’ performances. We first estimate (d,02) from the observed
firm sales distribution and citation linkages by a maximum likelihood estimator. Then
given the estimates on (§,02), we estimate parameters of matching function, (v, &1, &, p),
from citation linkages by the simulated method of moments with equilibrium conditions as

constraints.

4.3 Maximum Likelihood Estimator on (d,0?)

In this subsection, we estimate (4, 0?) using data on firms’ long-term average sales and

citation linkages {1 [firm j cites from firm i]}. Through the lens of our model, the firm’s long-
o—1

1 o«
zr T gy . Then we can recover the

term average sales can be expressed as x; =

innovation efficiency of firm j directly by combining the sales equation with Equation (11):

1 a—(o—1)
()
(20)

1 R 1 qab’
o—1 o—1
|:xj + 6D i i ]

zj(6) =

"See, for example, Roberts, et al. (2011).
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1[firm j cites from firm i]

R
Equation (20) provides identification for ¢. If § = 0, then {x;} should be log-normally

where the empirical matching rate is constructed by m;; =

distributed, as we have assumed for {z;}. The extent to which the observed {z;} deviate
from log-normal distribution identifies the magnitude of inter-firm knowledge spillover, 9.
More specifically, let K;(6) = logz;(d) — 5 Z log z;(0). Under the assumption that z
is log-normally distributed, K;(6) ~ N(0,02). Therefore, (8,02) can be estimated by the

maximum likelihood estimator (MLE):

S

S
gla%ﬁ(é o2 {m,my}) = ——log Z (21)
=1
Table 2: Estimates on (4, 0?)
Parameter ‘ Value ‘ Standard Error
Magnitude of spillover | § | 3.118 204
Variance of z o2 | 130 .001

(Notes: the standard errors are estimated based on the asymptotics of extreme estimator.)

The MLE estimates on (d,02) are shown in Table 2. The estimate on ¢ is sizable and
significantly positive. This result indicates that the observed distribution of long-term sales
{z;} substantially deviate from log-normal distribution. In other words, although the inno-
vation efficiency z; is assumed to be log-normal, the resulting productivity and sales deviate

from log-normality because of the heterogeneous inter-firm knowledge linkages.

4.4 Constrained Simulated Method of Moments on (v, &1, &, p)

In this subsection, we estimate parameters of matching function, (v,&,&,p), by the
following constrained simulated method of moments. We draw N observations {U;}Y , inde-
pendently from N(0,0?) and compute z; = exp{U;}. Then the simulated sales {z;}Y, can
be computed by

af
1 1 1 N 1 a—(oc—1)

x;_l = 2;7(71) m;j + 527’”(2“ zj;77€17§27p>xiaj . (22)

As described above, we observe firm j citing patents from firm i. We thereby can compute
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firms’ in-degree and out-degree. Our simulation can generate the corresponding statistics as:

N N
tm; = Zm(zi, z;), tm; = Zm(z@-, 2;). (23)
i=1 j=1
Moreover, we can compute the average sales of firms from which firm j cites and the

average sales of firms citing firm i. The corresponding simulated statistics can be computed
by

N N
. Zi:1 m(zia Zj)xz' . Zj:l m(zh Zj)mj 924
amj = N o A = TN : (24)
i1 Mz, 25) Zj:l m(zi, 2;)
Table 3: Simulated Moments
Simulated Moment Data Moments Simulation Result
(1) (2) (3)
(1) Slope of regressing log(tm;) on log(x;) .223 .2234
sm(.) (ii) Slope of regressing log(tm;) on log(z;) 311 .3075
¥ (iii) Slope of regressing log(am;) on log(z;) .180 1542
(iv) Slope of regressing log(am;) on log(z;) .140 1645
p75(log x;) /p50(log z;) 1.0472 1.0472

Our targeted moments are summarized in Column (1) of Table 3. Column (2) of Table
3 presents the values of our targeted moments in the data. The first four moments in sm(.)
are used to identify (&1,&s,p). In particular, the first and second moments characterize,
respectively, how in- and out-degree vary with respect to firm size, which aim at identifying
(&1,&). The third and fourth moments, instead, characterize to what extent large firms cite
and are cited by large firms. These two moments are set to identify p.

The fifth moment in Table 3 is used to identify ~, since if ¥ = 0 then log x; is normally
distributed and thereby p75(log z;)/p50(log x;) = 0.

Given the simulated {zl}N

,—1, the constrained simulated method of moments can be ex-

pressed as

min N Sm(f% gla 527 Py {xz})lgsm(,77 517 527 P, {xl}>a
%51752797{%}1:1

s.t.
o8
1 |1 N N ) (25)
wf =TT e 0y mlz 25576 G )] . Vi=1....N,
i1

log z;
M:LM?Q,
p50(log x;)
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where () is a positive definite weighting matrix.

We set N = 100 and use identity matrix as the weighting matrix. Let G be the Jacobian
matrix of sm(.) with respect to parameters and V;,, be the variance-covariance matrix of the
moments. Then by the property of extreme estimator, the variance-covariance matrix of the
estimated parameters can be given by %(G/G)*1G'VmG(G/G)*1 where V,,, is computed by

bootstrapping and B is the number of repetitions for bootstrapping.

Parameter ‘ Value ‘ Standard Error
Level of Matching Rate | v | .2204 103
Marginal effect of 2’ &1 | 1.2965 1188
Marginal effect of z & | 9711 .0879
Cross effect p | 4.2067 1441

Table 4: Estimates on the Matching Function m(2’, 2)

Table 4 shows the estimation results for (v,&;,&,p). Both & and & are significantly
positive, confirming the empirical regularity that larger firms cite more and are cited by
more firms. Moreover, p is positive and sizable, suggesting strong positive matching across
firms. Based on Equation (19), our estimates on ({1, &2, p) suggest that large firms are well-
connected with each other and lie at the center of inter-firm knowledge networks, whereas

small firms can hardly get connected.

4.5 Sensitivity Matrix

How do our estimates depend on our estimation moments? Andrews et al. (2017) develop
a sensitivity matrix that measures the dependence of estimates on moments. Following
their methodology we first compute the Jacobian matrix of our simulated moments sm(.) in
Equation (25) with parameters (£, &, p), denoted as G. Then our estimates = (él,ég,ﬁ)

has first-order asymptotic bias:
~ ~ ~\ 1 -
BE(0) = AB(sm), A=— (G’QG) le4s) (26)

The results are presented in Table 5. It suggests that our estimates of & and & strongly
positively relate to data moments (i) and (ii) in Table 3, whereas p is sensitive to data
moments (iii) and (iv) in Table 3. These results confirm that the positive matching assorta-
tivity in the patent citation data is crucial for identifying parameters of inter-firm knowledge

networks.
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Moments
(i) (i) () (iv)
& 6.68 3.78 1.83 237

& 888 -0.007 1.63 1.61
p 1256 199 1496 16.23

Table 5: Sensitivity Matrix of Estimates with Simulated Moments

4.6 Model Fit

We have estimated four of our model’s key parameters targeting on five moments listed
in Table 3. As shown in Table 3, our model matches the targeted moments quite well.
Our simulation generates strong positive correlation between firms’ sales and their in-/out-
degrees, which approximates the data tightly. Our model also generates strong positive
correlation between firms’ sales and the average sales of firms they cite from/are cited.

Moreover, our simulation exactly replicates the ratio of the 75th percentile of log sales
over the median of log sales in the data. This result provides further evidence suggesting
that although the exogenous innovation efficiency is assumed to be log-normal, the resulting
firm sales distribution substantially deviates from log-normality because firms occupy het-
erogeneous positions in knowledge networks. Figure 9 shows the model’s fit of the firm sales
distribution. The model generates reasonable good approximation to the empirical firm size

distribution.

normalized log sales

2 I I I I I ]
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

quantile

Figure 9: Firm Sales Distribution

(Notes: log sales are normalized by subtracting their mean and then dividing their standard deviation.)
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Figure 10 shows that our model matches well the shape of normalized log degree distri-
butions, although it underpredicts the connectivity of the firms that are most connected in

the knowledge networks.

- - data = = data
—— model — model

normalized log in-degree
normalized log out-degree

“o 02 04 06 08 1 0 0.2 0.4 0.6 08 1
quantile quantile

(a) In-degree (b) Out-degree
Figure 10: Firm Degree Distribution

(Notes: log in-degrees and out-degrees are normalized by subtracting their mean and then dividing their
standard deviation.)

Figure 11 shows the model’s fit of the correlation between firm sales and degree. While
the model over-predicts the connectivity of the largest firms, it is nonetheless consistent with
the empirical pattern that larger firms tend to cite from and be cited by more firms.

Finally, Figure 12 and 13 illustrate the model’s fit of the matching assortativity, which
characterizes whether larger and more connected firms are connected to firms that are also
larger and more connected (positive matching), or to firms that are smaller and less connected
(negative matching). Figure 12 shows that larger firms indeed cite from larger firms and are
cited by larger firms. Figure 13 shows that firms that cite from more firms tend to cite from
firms that cite from more firms themselves. Similarly, firms that are cited by more firms
tend to be cited by firms that are cited by more firms themselves. Therefore, the model

replicates positive matching, both in terms of sales and degree, in the data.

5 Quantification

We apply our model to quantify the implications of inter-firm knowledge networks for the

welfare gains from trade liberalization. We start by considering trade liberalization under
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mean normalized log in-degree
mean normalized log out-degree

-1 2 3 4 5 6 7 8 9 10 4 2 3 4 5 6 7 8 9 10

sales quantile group sales quantile group
(a) In-degree (b) Out-degree

Figure 11: Firm Sales and Degree

(Notes: log in-degrees and out-degrees are normalized by subtracting their mean and then dividing their
standard deviation. Sales quantile group 1 refers to sales between the Oth and 10th percentile. Similarly,
Sales quantile group 10 refers to sales between the 90th and 100th percentile.)

=0 data
—+—model

mean normalized log sales of cited firms
mean normalized log sales of citing firms

1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
sales quantile group sales quantile group

Figure 12: Firm Matching Assortativity (Sales)

(Notes: log sales of cited and citing firms are normalized by subtracting their mean and then dividing their
standard deviation. Sales quantile group 1 refers to sales between the Oth and 10th percentile. Similarly,
Sales quantile group 10 refers to sales between the 90th and 100th percentile.)
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Figure 13: Firm Matching Assortativity (Degree)

(Notes: log in-degrees and out-degrees are normalized by subtracting their mean and then dividing their
standard deviation. Sales quantile group 1 refers to sales between the Oth and 20th percentile. Similarly,
Sales quantile group 5 refers to sales between the 80th and 100th percentile.)

two symmetric countries as in Melitz (2003), to understand the mechanism through which
inter-firm knowledge diffusion affects welfare effects of trade liberalization. Then we calibrate
our dynamic model to the world that consists of China and the rest of the world (ROW)
and quantify the importance of inter-firm knowledge networks to welfare gains from trade
liberalization over 2001-2006.

5.1 Trade Liberalization under Two Symmetric Countries

Consider two countries ¢ = 1,2 with L,; = 10, p,, = 0, and fjﬁyt = 1.4 for all (¢,t)
and ¢ # n. We embed time-invariant parameters estimated in Section 4. The world is in a
steady-state initially. We assume that 74, = 7 for all ¢t and ¢ # n. We choose 7; so that in
the initial steady-state 5 percent of firms export.

Now we consider a symmetric trade liberalization: reducing 7; permanently so that in the
new steady-state the share of exporters is 10%. We then compute firm productivities in the
new steady-state and compare them with those in the initial steady-state. Relative changes
in firm productivities are illustrated by red lines in Figure 14. The results suggest that
trade liberalization substantially expands the market shares of new exporters and therefore
promotes their innovation and productivities. For incumbent exporters, the productivity
improvements are negligible. For non-exporters, trade liberalization bids the wage up and

reduces their innovation incentives.
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To isolate the role of inter-firm knowledge networks, we set 6 = 0 and re-conduct the

trade liberalization that increases the steady-state share of exporters from 5% to 10%. Rel-

ative changes in firm productivities are illustrated by the blue line in Panel (a) of Figure

14. The results suggest that without knowledge spillovers, trade liberalization reduces the

non-exporters’ steady-state productivities by much larger extent. This is consistent with

Term (3) and (4) in Equation (17): in the presence of inter-firm knowledge networks, non-

exporters could learn from new exporters whose innovation is dramatically promoted by

trade liberalization. As a result, inter-firm knowledge networks considerably mitigate the

innovation reallocation effect of trade liberalization emphasized by Aghion et al. (2018).

1.14
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(a) No spillover
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(b) &a=p=0

Figure 14: Productivity Effects of Trade Liberalization: the Steady-State

(Note: we fix fé)'rg,,t = 1.4 for all t and ¢ # n.)

We further investigate the implications of the structure of inter-firm knowledge networks.

We depart from our baseline case by setting & = p = 0, ie.

all firms have the same

capability to learn from other firms. Panel (b) of Figure 14 suggests that in this case, non-

exporters could benefit more from exporters’ knowledge spillovers. Consequently, the extent
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to which small non-exporters could learn from exporters is quantitatively important to the

productivity and welfare effects of trade liberalization.®

5.2 Calibrating Trade Costs

In this subsection, we calibrate changes in trade costs to replicate the observed changes
in trade shares between China and the rest of the world over 2001-2006. In our baseline
calibration, we take our estimates of 02 and m(2’, z) from Section 4. We assume that (i)
the economy is in the steady-state in the year of 2001, and (ii) country size (L), average
innovation efficiency (y.,), and the fixed trade cost (f7) are all time-invariant for £,n €
{CHN,ROW}. In other words, the only exogenous shock considered in this counterfactual
exercise is the change in iceberg trade costs. The targeted moments and the calibrated

parameters are shown in Table 6.

Parameter Values Definition Target Moments
Lcun = 20, Lrow = 77.5 Population Population in World Development Index (2001)
tz,cHN = 0, u; rRow = 0.18  Mean of innovation efficiency Chinese TFP = % of the ROW TFP in 2001
fé(HN =1, flffow =6.25 Fixed trade costs Exporter Shares in 2001: 20% in China and 10% in the ROW

(TCHNROW, TROW’CHN) Iceberg trade costs over 2001-2006  Export Shares over 2001-2006

Table 6: Targeted Moments and Calibrated Parameters

The calibration of iceberg trade costs over 2001-2006 is illustrated by Figure 15. It
suggests that the iceberg trade costs between China and the rest of the world decrease
steadily after China’s accession to the WTO. The cumulative decrease in Chinese export

costs is about 15% over this period.

5.3 Welfare Implications of China’s Trade Liberalization

Armed with the calibrated model, we isolate and quantify the impacts of trade liber-
alization between China and the rest of the world over 2001-2006, highlighting the role of
inter-firm knowledge networks. To this end, we start from the steady-state in 2001, embed-
ding changes in trade costs calibrated in Section 5.2 and computing the entire transitional
path over 2001-2006. To quantify the effects of trade liberalization, we compare the transi-
tional path with the counterfactual path in which trade costs are fixed to their 2001 levels.

For each year between 2001 and 2006, we calculate the time-discounted total real income
from 2001 to that year, using time-discounting factor 0.97, and compare it to the time-

discounted total real income without changes in trade costs. The red line in Figure 16

8The impacts of having £; = p = 0 are much smaller. The results are presented in the appendix.
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(b) Calibrated Iceberg Trade Costs

Figure 15: Export Shares and Calibrated Iceberg Trade Costs

(Notes: Export Share is defined as the export value as a share of total expenditure.)
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summarizes the result. It suggests that the Chinese welfare gains from trade liberalization
gradually accumulated to 1.8% in 2006. This result is in line with the estimates of the

Chinese gains from trade liberalization in the literature.
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Figure 16: Welfare Gains from Trade Liberalization: Baseline vs. No Spillover

(Notes: In the “no spillover” scenario, we fix all parameters estimated and calibrated in the baseline case,
except having § = 0. Each point represents the accumulated changes in time-discounted real income up to
that year. We set time discounting factor as 0.97.)

To highlight the quantitative importance of inter-firm knowledge networks, we compute
the Chinese gains from trade liberalization in the model with § = 0. Illustrated by the blue
line in Figure 16, the Chinese welfare gains from trade liberalization accumulated to 1.2% in
2006. As a result, inter-firm knowledge networks account for about one third of the Chinese
welfare gains from trade liberalization over 2001-2006. In the presence of inter-firm knowledge
networks, non-exporters could improve their technologies by learning from exporters whose
innovation activities are promoted by trade liberalization. Our counterfactual exercises show
that this indirect productivity effect is quantitatively important to understanding welfare

gains from trade liberalization.

6 Conclusion

Our model aims at characterizing firms’ heterogeneous innovation responses to export lib-
eralization and drawing aggregate implications. By emphasizing the role of inter-firm knowl-
edge networks, we propose a novel indirect gain from export liberalization: non-exporters

could adopt technologies from exporters. We utilize the unique data on patent citations
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across Chinese manufacturing firms as a proxy for inter-firm knowledge networks and struc-
turally estimate our model. Our estimated model is able to replicate rich heterogeneity in
inter-firm knowledge diffusion observed in the data. Simulations of our model suggest that
inter-firm knowledge networks could mitigate the reallocation effect between exporters and
non-exporters emphasized by Melitz (2003) and Aghion et al. (2018), and therefore increase
welfare gains from export liberalization.

In this paper, we regard inter-firm knowledge networks as exogenous and parameterize
the matching function flexibly to match the data. One important direction for the future
exploration is to understand the formation of inter-firm knowledge networks. However, a
message from this paper is that any mechanism aiming at rationalizing inter-firm knowledge
networks should be able to reproduce key features in the patent citation data such as strong

positive assortativity.
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Appendix A Data

A.1 Data Sources
A.1.1 Annual Survey of Industrial Firms (ASIF)

The main data set used in this study comes from the Annual Survey of Industrial Firms
(ASIF), conducted by the National Bureau of Statistics of China from 1998 to 2013. This
is the most comprehensive firm-level data set in China, as it covers all state-owned enter-
prises and all non-state-owned enterprises with annual sales above five million Renminbi
(around US$650,000). The number of firms varies from more than 140,000 in the late 1990s
to more than 243,000 in 2007. The data set spans all 31 provinces or province-equivalent
municipalities, and all manufacturing industries, which ensures its invaluable national rep-
resentativeness.

The data set provides detailed firm information, including industry affiliation, location,
and all operation and performance items from the accounting statements, such as exports,
book value and net value of fixed assets, employment and wage rate. We depreciate all
pecuniary variables with 2-digit price deflators constructed by Brandt et al.(2012). However,
one drawback of this data set is that it does not directly provide information on fixed
investment. To obtain data on fixed investment, we follow Song and Wu (2012) in using book
values of fixed assets(reported in the ASIF data set) and assuming a constant depreciation
rate of 5%.

A.1.2 Patent Records

The second data source is a comprehensive dataset of patents granted at the Chinese
National Intellectual Property Administration (CNIPA). Similar to the patent data provided
by the United States Patent and Trademark Office(USPTO), the CNIPA dataset contains
detailed information on each patent filing since 1985, including date of filing, official name
and address of the applicant, name of the patent, and type of patent classified according to
Chinas Patent Law, i.e., whether the application is for an invention patent, a utility model
patent, or a design patent. Some remarks on the use of CNIPA data are in order. In general,
measuring innovation activities is difficult. The report of OECD (2009) provides a good
description of the advantages and drawbacks of using patent as a measure of innovation. In
addition to patent filing data, other types of data to measure innovations exist, but some

are almost impossible to obtain while some are even less satisfactory than patent filing.
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First, R&D expenditure measures innovation input, but R&D data is available only for
years 20012003 and 20052007, and thus is not good for our DID estimation. Second, Chinas
patent filing and/or granting abroad is a good alternative because it may reflect more genius
innovation, as argued by Holmes et al. (2015). Such data can be found in WIPO dataset.
However, linking the WIPO data to the NBS data is almost impossible.”

A.1.3 Patent Citations

Our third data source is Google Patent database.!’ Google Patents was launched in 2006.
It covers patent information from 17 patent offices around the world. In the case of Chinese
patents, information is extracted from China’s State Intellectual Property Office (CNIPA)
and is translated into English. Google Patents not only provides information on names of
inventor(s), current and original assignee(s), priority and publication date, application date
and number, the country where the patent was granted and the status of the patent, but

also lists detailed forward and backward citation.

A.2 Merging ASIF with Patent Records

We merge ASIF with patent records by the following steps:

1. Pre-processing the firm and assignee names to get a standardized expression, where we

dealing with the punctuations, full-width letters and Chinese numbers;
2. Identifying and removing various firm-form designators to get stem names;

3. Conducting an exact matching based on standardized stem names, regardless of tem-

poral information ;
4. Conducting manual check matching quality.

In the end, we get nearly 3 million matches between firms and patent applications,
involving about 100 thousand ASIF firms and 2.7 million patents. For comparison, He et
al. (2018) results in 653,360 matches from 1998-2009 and our result covers over 91.67% of
them.

9The two datasets have no common identifier; WIPO contains English names only while NBS contains
Chinese names only.
10See https://patents.google.com/
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A.3 Descriptive Statistics for Our Constructed Database

In this subsection, we present descriptive statistics for the database constructed in Section
2.1.

Appendix B Theory

B.1 Proof to Proposition 2

Proof. In the steady-state, we have ¢;(z) = ¢(z) for all t. Inserting Equation (3) into

Equation (6), we have

L N B
¢(z) = DP {za—é—l)gb(z)a—(i—l) +0 [ m(Z,2) ()= ()1 dG(2)| , VzeS..
Sz (27>
Rearranging Equation (27), we have
6(2)7 = | D[ = 2) +om(, )] ()7 o(=))=ETdG(). (28)
S.
i _— s
L o) = | D7 )
6(2) = / [1(2' = 2) + 0m(#, 2)] ()70 §(=) =0 dG (). (29)
Sz

Since 1 — #ﬁfl) > 0, by Theorem 1 of Allen, Arkolakis, and Li (2017), there exists a
unique solution to Equation (29) and the solution can be computed by a simple iteration
procedure. Notice that price index P can be computed by Equation (10) and the total
expenditure X is exogenous. Given the unique {(Z;(Z)}, the price index P is unique and so is

{#(2)}. Therefore, our steady-state equilibrium is unique. ®

B.2 Two Symmetric Countries
Under two symmetric countries, we take wage as the numeraire. Firm z exports at period
t if and only if

o

]\l [20—1¢t(2)a(0—1)]m |:(1 _‘_Ttl—U)ﬁ _ 1:| Dtaf(o——l) > ftX (30)
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Suppose that ¢;(z) is non-decreasing with z. The marginal exporter Z; satisfies
1 o @
A [ 0u(2) D) (1 7p7) = —1] DT — g, (31)

The equilibrium innovation thereby can be expressed as

(=15 (1 4 p1=oy p ] 26 ez >
K:(z>:[a( ) DT e - (32)

|:(U_1)5Dt] a—(o—1) [Z(ﬁt(Z)U_l]m , if z < Z.

Then the productivity ¢;,1(2) is given by Equation (6). The aggregate price index can

be expressed as

P= ;51| [ et tac + [T kEaertace] T e
Total expenditure satisfies
Xo=r4 2 (1= T2 X - Gl A (39

Steady-state equilibrium in the two-symmetric country world consists of (P, X, ¢(z), Z)
such that

[ e D) T e ez

K*(z) = 1 ) , D=P'X. (35)
|22 D] [g(z) e if 2 < 2.
Ry [729(2)C )T (14 710) 7650 — 1] Dt = f¥, (36)
B
o) = w100 43 [ mle' 2w ()6 () d6()| (37)
=S| [ wenertace + [T @eertaee] T 6
X L+1< ”;1))( 1-G(3) £¥ (39)
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In the transitional paths, the innovation of exporting firms can be expressed as

——— (14+77) Dt] e [Z(/)t(z)"_l} = (40)

We now consider the effects of trade liberalization on non-exporting firms’ innovation.

Under two symmetric countries, the innovation of non-exporting firms can be expressed as

(o0 —1)a

1
a—(o-1) 1
Ky (2) = [ Dt} [z@(z)”il} a=(e-1) (41)
Equation (41) shows that non-exporting firms cannot benefit from the direct market size

of trade liberalization. Their innovation depends on the aggregate demand shifter D;.

B.2.1 Proof to Lemma 3

Proof. By Equation (37), the steady-state ¢(z) is non-decreasing with z. So we can define
Z; as in Equation (12).

Equation (12) implies that Z; is decreasing with D;. Equation (15) implies that D; is
increasing with Z;. As a result, there is a unique equilibrium combination of (D, Z;). Similar
n

logic applies to all (Dy, Zi) -

B.2.2 Proof to Proposition 4

Proof. By Equation (41), x;(z) is increasing with D, for non-exporters. The equilibrium

(D, Z;) is determined by Equation (12) and (15). As illustrated by Figure 8, D; is increasing

with 7. So we have —%T(Z) <0. m

Appendix C Quantification

C.1 Calibrating the initial (,uz,g,Lg,Tgn, flz)é)

We consider two economies: China and the rest of the world (ROW). We calibrate L, to
population in China and the ROW. We normalize y1, cyx = 0. Then we solve the steady-

Xcun/PcouN

state to match the following moments: (i) the relative welfare rnow Prow

is equal to the
relative real GDP per capita; (ii) the export share, );—‘:, is equal to the export share in the
data; and (iii) the share of exporters, 1 — Gy(Z), is equal to the share of exporters in the

data.
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C.2 Computing the Steady-State of the Trade Economy

Given (fiz.¢, Lo, Ton, for) and (o, 3,7, &1, &2, p), we solve for the steady-state (wy, Py, Xy, Z)

with the numeraire w; = 1.

Algorithm 5 We solve the steady-state (wy, Py, Xy, Z¢) as follows:
1. Initial guess (wéo), Pg(o),XéO), Zéo)).
2. Compute r, by Equation (3).
3. Compute ¢y(2) by iterating Equation (6).
4. Update to Pg(l) by Equation (10).
5. Update to wél) by Equation (8) and (7).
6. Update to Xél) by Equation (8) and (9).
7. Update to 251) by Equation (5).

8. Repeat until convergence.

C.3 Trade Liberalization under Two Symmetric Countries
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Figure 17: Productivity Effects of Trade Liberalization: the Steady-State

(Note: we fix fffht =14 for all t and ¢ # n.)
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