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Abstract

We provide a theoretical framework to separately illustrate the innovation
efforts of “High-end” and “Low-end” firms in response to international
market access from the perspective of developing countries. By aggregat-
ing the firms into the regional level, a broader model is developed that
shows the relationship between regional innovations and exports, based on
the micro-level choices of individual firms. Then, in the empirical section,
we adopt a new IV to investigate how trade affects patents and inno-
vations from a broader perspective in manufacturing sectors from 1998
to 2015, with a Double Debiased Machine Learning (DDML) robustness
check. We then demonstrate that higher trade exposure in a city surpris-
ingly leads to lower innovation, as measured by granted patents, although
knowledge intensity typically has spatial spillover effects on nearby cities.
Further analysis reveals that this interesting phenomenon stems from a
human capital “squeeze-out” channel: driven by the export boom, skilled
labor was reallocated to more profitable sectors with a comparative ad-
vantage (manufacturing production) rather than innovation-intensive ac-
tivities (R&D) in China. Contrary to common beliefs, although human
capital plays a crucial role in innovation, the channels through which it
affects patents in China differ from those in developed countries. Unlike
human capital, physical capital does not significantly affect Chinese re-
gional innovations.

KEYWORDS: International Trade; China; Innovation; Spillover
JEL CLASSIFICATION: F3

*ESSEC Business School. Contact author: Zipeng Ma, Economics Department, 5 Nepal

support is acknowledged. All errors are our own. The findings, interpretations, and conclu-
sions expressed in this article are entirely those of the author(s). They do not necessarily
represent the views of the institutions, their directors, or the clients they represent.


mailto:zipeng.ma@essec.edu

1 Introduction

Over the past two decades, globalization has profoundly restructured the global
division of labor and reshaped international trade patterns. The significant
transformation led to a dramatic increase in exports from developing countries,
especially China, to developed countries. While this process has stimulated
growth and integration into global markets, it has also generated significant
distributional consequences. In advanced economies, research has extensively
documented the adverse effects of Chinese import competition on labor mar-
kets, particularly within manufacturing sectors, a phenomenon widely referred
to as the “China Syndrome” (Autor, Dorn, and Hanson 2013; D. H. Autor

__________

4; Autor, Dorn, and Hanson

_______________

Findeisen, and Suedekum £2_9:2:1E) However, few researchers have paid attention
to the flip side of this process: how integration into global markets and the
surge in external demand have changed China itself (Ouyang and Yuan 2024).
Even fewer studies examine these dynamics from the perspective of innovation
and technological upgrading (Brandt et al. :_23:1_71)

Over the past two decades since joining the WTO, China has experienced not

Figure 1: A comparison of Chinese export composition between 1998 and 2015
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The total value of exports from China started from 183,809 million USD in 1998
to 2,273,468 million USD in 2015. It increases by more than 10 times. Also, the
commodities exported from China consist mainly of raw materials, intermediate
goods, and low-end consumer goods like “Textiles and Clothing” in 1998. The
composition of exports changed to mainly “Machinery and Electronics” (42.11%)
in 2015.

Data Sources: World Integrated Trade Solution (WITS) Data )™
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only a surge in exports but also a transformation in the structure and compo-
sition of its exports. As shown in figure iy China is upgrading within global
value chains (GVCs) and shifting to higher-value-added segments by improving
its technology. On the other hand, few researchers have paid attention to in-
novations driven by trade access in China, although we can see similar surge
patterns for both of them.

Figure 2: Export and Innovations

China's Exports and Innovations (1996-2015)

Source: Author's calculation
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In this picture, we show the correlation between the time and the Total export of
China, and the total number of innovations (measured by the authorized patents)
from 1996 to 2015. The bar chart with the measurement on the left indicates the
total value of Chinese exports to the world in 1,000 USD. The line chart with the
measurement on the right represents the total granted patents|”in China.

Data Source: World Integrated Trade Solution (WITS) Data; China National In-
tellectual Property Administration

a. A granted patent, also known as an issued patent, means that a patent application
has successfully undergone examination by the relevant intellectual property office (such
as the USPTO, EPO, or SIPO) and has been formally conferred as an exclusive legal
right. This right permits the patent holder to exclude others from commercially making,
using, selling, offering for sale, or importing the invention for a limited period, typically
in exchange for a public disclosure of the invention.

This paper examines the impact of export exposure on regional innovation in
China’s manufacturing industries from 1998 to 2015, offering a brief overview
of how globalization has influenced innovation capacity in a large emerging
economy. From a model perspective, this paper adapts the firm-level frame-



work from Akcigit and Melitz (2022) and aggregates it to the regional level to
examine the relationship between market expansion through trade and local in-
novation incentives. Empirically, we adopt the classic measure of region-level
export exposures and employ a robust instrumental variable strategy based on
ASEAN trade flows to address concerns about endogeneity. Double Debiased
Machine Learning (DDML) is implemented both as the second identification
strategy and as a robustness test to prove the consistency of the results. The
baseline and secondary analysis results reveal several key findings. First, in con-
trast to conventional expectations, greater export exposure is associated with
significant declines in the number of local granted patents. Additionally, we
include foreign direct investment in our study, which consistently exerts a posi-
tive effect on innovation, similar to previous studies. Third, spatial econometric
analysis reveals that while trade exposure reduces innovations locally, it fos-
ters positive spillovers in neighboring regions, underscoring the importance of
knowledge diffusion across nearby regions. One step ahead, the interaction with
human capital suggests a reallocation of skilled labor away from high-end man-
ufacturing toward sectors of comparative advantage, offering a channel through
which international trade may crowd out local innovations by squeezing out
high-skilled or high-educated workers — a human-capital form of Dutch Dis-
ease. By integrating trade, FDI, human capital, and spatial spillovers into a
unified framework, this study provides new evidence for the literature on glob-
alization and innovation and shows how the Chinese case diverges from previous
experiences in advanced economies.

This paper will proceed as follows. Section 2 is the conceptual theoretical
framework. Section 3 is how we measure the trade exposure and other con-
trol variables. Additionally, we provide the regression function, along with the
identification strategy and explanations of the instrumental variable used in this
research. Section 4 provides detailed information about the data sets and how
they are matched with each other. Section 5 shows the baseline result table. We
will also provide illustrations to support the explanation. Section 6 shows the
secondary analysis, including the spatial econometric method. Together with
direct and indirect results, the spatial spillover results will be presented using
different spatial models. The results for human capital are also included for
comparison with those for physical capital. Section 7 is the conclusion. Appen-
dices are provided to illustrate the detailed mathematical progress, along with
some robustness checks.

2 Literature Review

When we started to ask about the relationship between trade exposure and lo-
cal innovations, many papers provide both theoretical and empirical evidence
showing that opening to trade lead to higher innovation from different per-
spectives including Market size (Jones !1995ay 11995b, 11999; Aghion, Bergeaud,
Lequien, and Melitz '2024)), Product Market Competition (Nickell '1996; Aghion



et al. 2005; Aghion et al. 2004, '2009), Comparative Advantage (Acemoglu and
Ventura 2002; Uy, Yi, and Zhang2013), and Knowledge Spillovers (Melitz and
Redding 2021). But, most of the studies focus on developed countries; only
Redding (1999) mentions that developing countries may face a trade-off between
comparative advantages and the “entering sectors in which they currently lack
a comparative advantage, but may acquire such a comparative advantage in the
future as a result of the potential for productivity growth (in high technology
goods)”. But the paper is too old to explain the current situation. We can
see from the figure 2 that the number of patents in China is increasing at the
same pattern as exports from China during the period. In addition, although
the patterns of export and innovation appear similar, there is no evidence to
indicate a significantly positive relationship between the two. China faces the
same trade-off mentioned by Redding (1999), where long-run welfare is higher
when focusing on high technology rather than showing comparative advantage
in trade opening.

This omission is surprising, given the central role of innovation in sustaining
long-term economic growth and the long-standing theoretical argument — dat-
ing back to Adam Smith (1776) and formalized by Krugman (1979) and Krug-
man et al. (1980) - that market expansion can stimulate technological progress.
Yet empirical findings remain inconclusive. Some of the papers emphasize the
positive effects of trade liberalization on innovation via scale extension and
by showing comparative advantages (Melitz and Redding 12021; Cai, Li, and
Santacreu 2022y, while others highlight diminishing returns to research produc-
tivity (Jones ;1995by 11999; Bloom et al. 2020) or the possibility that import
competition may crowd out innovative effort (Hombert and Matray 2018; D.
Autor et al.2020; Yang, Li, and Lorenz2021). Moreover, the channels through
which trade liberalization interacts with human capital, foreign direct invest-
ment (FDI), and spatial spillovers remain poorly understood (Aghion, Bergeaud,
Lequien, Melitz, and Zuber 2024). This lack of systematic evidence on how
the “reverse China shock” has affected domestic innovation, and through what
mechanisms, constitutes an important research gap that this study seeks to ad-
dress.

With the expansion of trade and the development of global supply chains, the
international division of labor has become increasingly clear. Driven by trade
and foreign direct investment (FDI) through the global value chain, technology
transfer and knowledge spillover have been considered major drivers of innova-
tion. The theory of FDI technology spillover has been proposed by MacDougall
(1975) and followed by a large number of similar studies. Some researchers be-
lieve that countries have a higher capability to innovate when they host FDI,
and consider it as one of the most economical and effective channel through
which the new technologies (mostly from the developed countries) has been in-
troduced to developing countries (Blomstrom and Kokko !1998; Blomstrom and
Kokko 2001), and show that FDI may yield positive impacts on the domestic
technology (Tan, Zhang, and Cao 2023; Morita and Nguyen 12021). Blomstrom
and Persson (1983) show the existence of the technology spillover effect by pro-
viding empirical evidence from Mexico.



On the other hand, Hu and Jefferson (2003) reached similar conclusions us-
ing data from China. On the other hand, some researchers have proposed
the contradictory view that FDI does not have significant effects on techno-
logical innovation in host countries, or even negative effects (Behera and Dash
2017). Romijn and Albaladejo (2002) proves that the promotion effect of FDI
in the host country is weak by testing the hypothesis of spillover from FDI, and
De Backer and Sleuwaegen (2003) shows that the domestic investment can be
crowded out by FDI and the domestic competition is intensified which leads
to inhibition of the innovation capacity of local technologies. Hu and Jefferson
(2003) provide some reasons, including research methods, firm characteristics,
and inconsistency in national environments.

Beyond trade, our paper also provides empirical evidence of a significant posi-
tive relationship between innovation and FDI. The difference is that we integrate
measures of human capital, discovering that FDI squeezes out local investment
and pushes the educated labor force from innovation to the industries with com-
parative advantages. From another perspective, Baranson (1970) and Schrader
(1991) mentioned the importance of firms in international technology transfer,
while Martinez-Zarzoso and Chelala (2021) provides empirical evidence that
regional trade agreements (RTA) also contribute to the technology transfer in
trade. Previous papers focus on different fields of technology transfer and knowl-
edge diffusion, like agriculture (Dalampira et al.2022), labor market and wage
inequality (Wang, Findlay, and Thangavelu 2021, defense (Moretti, Steinwen-
der, and Van Reenen 12025), information technology (Han, Chang, and Hahn
2011) and sustainable development (Pandey, Coninck, and Sagar 2022; Huang
and Lv2021). The diffusion of international technology can affect the domestic
economy by advancing the technology frontier (Melitz and Redding 2021) and
has been shown to positively contribute to efficiency and technology absorption
in developing countries (Henry, Kneller, and Milner 2009). Bloom, Schanker-
man, and Van Reenen (2013) identifies technology spillovers and shows that
the social return is at least twice the private return using US firm-level data.
And Moretti, Steinwender, and Van Reenen (2025) find evidence of international
spillover of the R&D when a particular industry and country raise private R&D.
In order to specify how technology transfer is promoted by trade, Alvarez, Buera,
Lucas, et al. (2013) shows the “selection effect” of trade, which means that the
inefficient producer will be replaced by firms with more efficient technology,
while Atkeson and Burstein (2010)developed a general equilibrium model to
show that the reduction of marginal trade costs could lead to relatively higher
innovation at the firm level. Taking advantage of trade, producers are being
exposed to higher productivity and frontier knowledge through dynamic selec-
tion, as shown by Sampson (2016) and Perla, Tonetti, and Waugh (2021). This
paper follows the same logic and provides empirical evidence from a broader
perspective, showing that greater trade exposure can lead to higher patent and
innovation activity. Different from most of the empirical research which focuses
on the developed countries, this paper focuses on China, which is widely con-
sidered as a producer as in Feng and Li (2021).

Technology diffusion can occur not only between countries but also within a



country, which is a phenomenon known as the geometric spatial spillover effect.
After the theoretical framework and application methods provided by Paelinck
et al. (1979) and the early version of Anselin (2013), Moreno and Trehan (1997)
and LeSage and Pace (2009) provided empirical evidence for economic growth
using spatial spillovers and distinguishing between direct and indirect effects.
While most of the researchers focus on developed countries like Spain (Cabrer-
Borras and Serrano-Domingo 2007y, Europe (Moreno, Paci, and Usai2005) and
the US (O hUallachdin and Leslie 2005; Audretsch and Feldman 12004, 1996
Giroud, Liu, and Mueller 2024; Lim 2003), fewer studies focus on developing
areas like Brazil (Gongalves and Almeida 2009) and China (Bai, Ma, and Pan
2012; Rho and Moon [2014; Song Wang et al. 2023). Most of the studies re-
cently regarding China discuss topics related to the environment and pollution
(Peng et al. 20215 Liu 2018; Fu et al. 2022; Zhang et al. '2022) or regional de-
velopment (Li, Chai, and Ren 2023; Shuai Wang et al. 2022; Tian and Wang
2018), while this paper fills the gap by providing a wider picture of city-level
innovation driven by trade exposure for the whole nation. We make specific
contributions to empirical applications of Instrumental Variable methodology
in spatial econometrics using the Spatial Durbin model with panel data. In
addition, empirically, we are able to show how trade exposure affects innovation
for neighborhoods through spatial spillover compared to the local city.

Furthermore, our research extends the secondary analysis by including the im-
pacts of human capital. Previous researches show that how human capital plays
the role as the driver of innovations (Lenihan, McGuirk, and Murphy 2019; Lee,
Florida, and Gates 2010; Costa, Pddua, and Moreira 2023). At the firm level,
some researchers provide empirical evidence on how human capital triggers the
firm-level innovation from different perspectives (Sun, Li, and Ghosal 2020; Fon-
seca, Faria, and Lima2019; Capozza and Divella:2019; Van Uden, Knoben, and
Vermeulen 2017; Bornay-Barrachina et al. '2012). At the country level, some
studies investigate the perspectives on immigration and innovation by show-
ing the creativity triggered by diverse socio-cultural backgrounds (Burchardi et
al.'2020; Ozgen, Nijkamp, and Poot2012; Kerr:2010). But, in contrast, China is
usually not considered as a developed country where immigrants are welcomed,
which means most of the studies linking innovation with human capital in China
focus on the environment (Lin et al.2021; Wang and Wu:!2021; Khan et al.:2020),
or provide a broad research on using provincial data (Xu and Li2020; Fleisher,
Li, and Zhao 2010). All the studies mentioned discussed the causality of how
human capital drives innovation; a few of them also explored how innovations
impact human capital from a broader perspective, providing some evidence from
the spatial spillover effect aspect. Related studies previously show the role of
the spatial spillover conceptually (Acs2013) or empirically, mostly in the US
or the Silicon Valley (Acs, Anselin, and Varga 2002; Almeida and Kogut |1999;
Anselin, Varga, and Acs!1997). A few of the works mentioned China (Baycan,
Nijkamp, and Stough 2017; Wen, Yang, and Huang 2023; Lao et al. '2021) from
different perspectives. Our research tells a similar story from the perspective of
trade. In addition, by combining the findings with human capital in secondary
analysis, we contribute to the literature by applying spatial spillover methods to



identify the channel through which trade exposure affects regional innovation.
We provide new insights into how innovation triggered by trade exposure can
spur the reallocation of human capital in surprising ways.

3 Theoretical background

China is widely recognized as a geographically extensive and demographically
large country. Substantial heterogeneity in geography, ethnic traditions, and
cultural environments has led the central government to organize the country
into a large number of provincial- and municipal-level administrative units. The
significant economic and cultural disparities across these jurisdictions give rise
to region-specific consumer preferences and consumption patterns. From a the-
oretical perspective, it is therefore natural to approximate each administrative
unit as a small closed economy E; which provides a convenient starting point for
our modeling. Also, according to the research scope, only the manufacturing
industry is considered.

3.1 Firm level

We are using the model from Akcigit and Melitz (2022) and adapting it to fit
in our case. Let’s start from the closed economy. Consider the firms in region 4
are going to produce two different types of the final products Y7; and Y3 in a
perfectly competitive market. The Y7, represents the ‘high-end’ products that
require higher quality, innovation-driven, and higher costs. On the other hand,
Ys: denotes the ‘low-end’ products that need to be cheap, have low costs, and
require no innovations in quality improvement. The labor in region 7 used to
produce Yy; and Yo, are L1y and Lo, respectively. And Ly + L1y = Ly is the
total labor market in the region. Let’s assume that the market size of high-end
products Y7 in region 4 is Lq; while the market size of low-end products Y5 in
region 7 is also Ly;. Then we start from the production function of the firms:

Ly (™ 5,18
Ylt = 1 715 o q]tk]t d], (1)
where the 7 is set for the region. The quantity of intermediate commodity j is
denoted as kj; at time ¢, and g;; denotes the firm-level quality. The price of the

1. The persistence of relatively segmented regional economies has hindered the development
of a fully integrated national economy. In 2022, the Chinese central government initiated
the establishment of a “Unified National Market” with the explicit objective of disman-
tling such segmentation. A suite of policy measures, including the relaxation of firm relo-
cation constraints, the reduction of interregional entry barriers, and the discouragement
of self-contained “small-cycle” development strategies, has been deployed to eliminate
institutional frictions impeding nationwide market integration and to enhance the condi-
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final good is normalized to 1. 8 € (0, 1) is both the share of the fixed factor in
production and the inverse elasticity of substitution between the intermediate
varieties j. And the second part is the industries that produce low-end products
and gain profits from reducing the costs:

Lg't e B 1=8 1
Yo = * qj‘tkjt dj, (2)
0

According to Akcigit and Melitz (2022), the results remain consistent if we assign
two different variables to those separate concepts. For simplicity, we drop the
time index. And now the maximization of profits of the final good producer is:

Lﬁ- Ny 5.1-8
max Li q; k; "dj — pjkj — Lijw

Lik; | 1—0 0 ;
LS ™ 5, (3)
¢ kT Pdi — ik — Los
Lok, | 1— B , Lt &j = pjkj — Laiwa ¢,

respectively.
Then, the first order condition shows that the optional wage and the price of
intermediate good j should be:

_1 N 1-8 4. ~1 N =P g
{wl = L5 [ a kT d, {m =510 o a kT,

1-8
_ 7B B1.-8 _ 18 BL—B
DP1j —Lliq]' i DP2j _LQiqjj .

(4)

We assume that each variety j is produced by a regional monopolist at marginal
cost n; > 0. But, the ‘high-end’ firms focus on quality improvement can maxi-
mize their profit by:

P1j,kj

and the equilibrium quantity and price become:

1
1—5]13
ki = LiCI‘»
15 [Uj 14

(6)

=gy

And, by substituting the optimal k and p into the profit maximization problem,
we can show that profit is proportional to the quality:

m; = YLyqm,” , T=(1- ﬁ)% B (7)

on the other hand, for the ‘low-end’ firms focus on cost reduction, their profit
maximization problem is:

B—1
B

Tyj = max {p2jk; —njk;}  subject to (4), (8)

P2j,kj



And the equilibrium quantity and price are:

1

1- 817

k2‘[ ] La;q;,

j 77j j
15

)

(9)

Similarly, we can show:

1

B-1 1-8

P, Y=(01-p)F B (10)
In order to measure the innovation incentives of the firms, we also assume that
the firms are myopic, which means they only maximize the instantaneous profit
(one-step ahead profit) rather than the discounted sum of all potential profits
in the future. Following the model setting by Akcigit and Melitz (2022), we also
consider the stochastic outcome of the innovation. For the ‘high-end’ firms, we
implement the same settings, meaning that when the innovation is successful,
the firms can increase their quality by one step, A1 > 0, from g¢; to (1 + A1)g;.
And the innovation cost should be:

moj = Y Loiq;n

C, = 91qjx?, where 6; > 0. (11)

But the difference is that, when we consider the manufacturing industry in
China, which is still widely recognized as a labor-intensive, developing country,
the increase in quality should not be the only driver of producer innovation.
Some papers already show that the cost-innovation of Chinese firms, especially
the manufacturing industry, can improve productivity, and increase the com-
petitive advantages from many perspectives (Liu, Wang, and Yi2022; Le and
Lei 2018; Liefner and Losacker 2020; Zeng and Williamson 2007; Zhang and
Wang 2008). Cost-saving innovation has been a dominant strategy for many
Chinese manufacturers over the past two decades. So, we set the marginal cost
of production to decrease by a step A > 0 if the innovation is successful. It will
decrease from n; to (1—X)n; in the next period or keep constant as n); otherwise.
Also, we set the innovation cost function as:

Cy = Hgim?, where 65 > 0. (12)

nj
The function is not linear in the firm’s production cost 7; because the innovation
effort z; has a diminishing marginal effect. Let’s assume that all the firms choose
z; < 1. We also set an exogenous probability of entry, z; € [0, 1], which indicates
that the firm’s entry will permanently replace the regional incumbent. It means
each good j is produced by only one firm at a time within this region. For

clarification, we are providing two circumstances where 5 > 0.5 and 5 < 0.5.
B—1

Then, a ‘high-end’ firm earning m; = Tquan with innovation efforts in
improving quality g¢; is expected to earn next period profit with innovation
effort choice z1; as:

Emyj = (1= 2) [wym (1+ A1) + (1 — 215) mj] + O1g527. (13)

10



While for the ‘low-end’ firms which focus on cost saving,

B-1 1
Emy; = (1 - Zj) .232]‘71'2]‘(1 — )\2) B+ (1 - 1‘2]‘) Toj| — (92771}3] (14)
J

By maximizing the expected profit, the equilibrium innovation choice for the
two types of firms should be:

(1-2z;) "
131]' — 30, AlTLliT]j (15)
_ (1—=zj)L2ig; X A 1 2
Ty = g, (L =A2) 7 =1}

We can find that, actually, the innovation effort choices made by ‘high-end’” and
‘low-end’ firms differ because of the different directions of profit-gaining.

So, by substituting the optimal x; into the equation, the expected maximized
profit next period is:

261 A2(1—2)YLy; 282
Emi; = (1 — 2;) TL1igm; ” (1 + 21l = )Y hs 491) L n; ’ ) (16)
for the ‘high-end’ firms, and for the ‘low-end’ firms:
1—2;)2 B-1 32 21 1
Erra; = % [(1 —A2) T — 1] (Laig;0)*-m; 7 (L= Xg) 7 — Oa—a;
2 1
1—2:)2 a1 3p-2 -1
— g |:(1 — )\2) B — 1] (LQZ‘QJ‘T)2 . T]J A + (1 — Zj) LZinTnj B 5
204
81 (1 — z4)Loyq; T 8-1 2 2t
= = (1= 2)TLagn; ” {(;)922% [(1 — ) T - 1} s 1}
1 ((1—2j)L2q; T -1 26-1) 2
g, #[1_)\ 5_1].,E
2 { 20, (1—2X2) n;

(17)
So, we can approach the results by comparing the optimal innovation choice
here with the static result:
Result 1.1 Innovation effort does not depend on quality for the ‘high-end’ firms
as:
ﬁxlj
dq;
Result 1.2 Innovation effort increases when the marginal cost of the producer
decreases, with a low share of fixed factors in the production:

—0. (18)

O3 {> SRR SR P (Y (19)

on; < 0, if g<

N D[~

The results show that the ‘low-end’ firms show their innovation efforts are af-
fected by production costs conditioned on the § level. As what we stated pre-
viously, 8 is both the share of the fixed factors in production and the inverse

11



elasticity of substitution between the intermediate varieties j. So, for the ‘low-
end’ firms that rely mostly on fixed factors in production, lower production costs
lead to greater innovation efforts, and vice versa.

Result 2. Innovation effort increases with market size for both ‘high-end’ and
‘low-end’ firms:

8(51]‘ 8302]-
d . 2
L. >0 and >0 (20)

Then let’s try to set up a simple ‘two-country’ model to clarify the effects of
export exposure for both the ‘high-end’ and ‘low-end’ firms. In the closed econ-
omy, the domestic country has a labor market L” while the foreign country has
a labor market LT'. Let’s assume that the domestic country shows a comparative
advantage in labor-intensive industries while the foreign country has a compar-

ative advantage in technology-intensive industries. And both countries have a
a-p)
relatively similar size of population where L > 7= 5 LF. According to the

Stolper-Samuelson Theorem, the labor-intensive domestic country will focus on
‘low-end’ manufacturing, while the technology-intensive foreign country will fo-
cus on ‘high-end’ industries after opening to trade, as they are more profitable.
Assume that the “iceberg” transport cost of 7 > 1 to access the foreign market
L¥. So, for the domestic country, the market size for the ‘low-end’ firms is
obviously higher than the ‘high-end’ firms, where Lo = LY + Tf%Lg > LY.
Now, we can clearly see that ‘low-end’ exporters will achieve higher profits by
accessing foreign markets (according to ::1:7‘7) So, by getting access to export,
they increase their innovation by:

1= 2)LEq,T _ T
A$2j:%[(1*>\2)%*1} o, LI (21)
2

On the other hand, the ‘high-end’ firms that focus on innovation and quality
improvement are facing a loss of market size after opening to trade as ‘high-end’
firms in a foreign country, which is technology-intensive, will benefit more from
innovation and beat the domestic ‘high-end’ firms in the global competition.
Let’s assume that the market size is kept balanced after the trade opening, which

means the market size loss for the ‘high-end’ firms in the domestic country is
-5
Ly — LY — 7777 L. Then the ‘high-end’ firms in the domestic country are

going to reduce their innovation efforts by:

11—z - a-

A(Eljzi( Y j))\lTnj" '{LM—T_ B Lg} < 0. (22)
1

The optimal innovation effort chosen by the firms is the same whether we assume

the market is in monopolistic competition, since incumbent leaders make their

innovation decisions before this entry outcome is revealed. The incumbent firms

will wipe out their profits when they foresee the entry.

3.2 Region level

In this research, we focus only on the relatively ‘high-end’” manufacturing firms
in China that are innovating by improving quality. So, the change of innovation

12



effort could be described as:

(L=2) \y 55
Axjy = - ALy, Yj = 50 ATn; " . (23)
Then we can aggregate the firm-level results into the regional level.
(1—25) e 55
Z]‘Al‘jt = ijjt . ALit7 %‘t = T)\T’I]J . (24)
And so, by simplification:
1— 2, 5-1
AXip =V - ALy, Vi = %)\T% o (25)

From here, we could reach an equation where ¥ measures the relationship be-
tween regional innovation and the regional labor force. Different from the firm-
level result, where we assume the market is a monopoly and there exists only
one firm producing all the output in sector j, the regional-level market follows
a monopolistic competition rather than a monopoly. Obviously, there does not
exist a small region in a country where all of the products needed are produced
inside. Instead, the small regions in the country produce similar but not iden-
tical products, which perfectly fit the structure of a monopolistic competition
market. Also, we follow the model setting of Autor, Dorn, and Hanson (2013)
where a structure of “gravity” of trade is assumed as in Arkolakis, Costinot, and
Rodriguez-Clare (2012). The regions produce both tradable and non-tradable
goods, which could be considered as consumption of leisure. The hats over Lp;
denote log changes (& = dinzx). To do a reverse work against Autor, Dorn, and
Hanson (2013), we consider that the world’s increasing demand and the falling
trade cost are going to affect the region ¢ in China through two different chan-
nels: (1) The access to the large global market and the increasing of external
demand which could be captured by the change in China’s export capability in
each industry j (Ag;) and, (2) the decreasing internal demand for goods pro-
duced within China as are some more substitutes from the foreign market. It
could be denoted as E’Cj for each industry j, and it’s also considered as exoge-
nous. So, the impacts of export-demand and import-supply shocks to China on
region i’s employment are:

Lri = p; Z Cij 2:;1 Z OijkpcivAcy — OijcEcy| , (26)
j k
The employment outcomes are the sum of the increases in demand for region
’s shipments to all markets where China has greater access and competes with
the rest of the world. It’s been measured by the growth in China’s export
capability (ch) times the initial share of output by region ¢ that is shipped to
each market k (0,5 = X;j1/X;;) and the initial imports from the rest of the
world in total purchases by each market k (¥cjx = My;c/Ex;); and on the other
hand, the decrease in demand for region i from the domestic market where we
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choose to ignore. Because China, widely considered as the “world factory”, has
an imbalanced trade and breaks the “traded vs non-traded” symmetry. So the
model from Autor, Dorn, and Hanson (2013) could be adopted and simplified EE
as:

MC L; MC AC
L ;= 'L]C’ ]A ~ Lig j i 97
" “Z L. Xy Bo, 1 O‘Z Le; L 0

In this equation, we have the traded-sector employment in region ¢ depends on
the growth of the Chinese total export multiple by the growth in Chinese export-
supply capability Mc¢; ch. Then it’s been scaled by i’s regional labor force Lp;
and weighted by the industry level share of region ¢ in Chinese employment
Lij/Lcj.

Now we have both sides of the model and let’s bring equation 27 into equation
25, and we can approximate the relationship between the regional innovation
efforts and the regional export exposure as follows:

Lij MC]AC]

28
LC] Ti ( )

AX;y~ Uy - az

As we have concluded previously at equation 20} although accessing the larger
foreign market can increase the profit of manufacturing firms in China that
specialize in cost-reduction innovation, it will decrease the innovation effort of
the firms. So we will test the theory and see whether the data tell the same
story in the following empirical sections.

3.3 Illustration

After the theoretical framework, we also include a figure to briefly illustrate
the work presented in this paper. This research mainly focuses on how regional
exports affect regional innovation. But we should also include FDI which is
widely considered as the major channel of technology spillover and so we could
compare the results. In addition, we also want to compare how exports affect
innovation through human capital versus physical capital. The two channels
can bring us completely distinguished results. The baseline results include how
the Export exposure and FDI affect the local innovations. Then, a detailed
secondary analysis about the human capital, including the micro level separa-
tion, together with the comparisons with physical capital, is implemented in the
following sections.

4 Empirical Approach

This study aims to examine the causal relationship between trade exposure and
innovation at the regional level. In order to measure regional trade exposure,

2. The detailed simplification process could be find from Autor, Dorn, and Hanson (2013)
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EExport Exposure}

we follow the logic of Autor, Dorn, and Hanson (2013) and do a flip-side work.
Empirically,

Lijt AMji

Alnnovation;; = - AEPW;, 4+ erroryy, AEPW; =1%; 7 7
cjt it

(29)
By using this methodology, the Chinese regional exposure to external demand
is measured using labor-force apportioned export exposure per worker in this
region.

Lijs AMjy

AEPWi =% Lejt Ly

. (30)

In this equation, AEPW;; represents the change of export exposure of the city
i in time ¢ to the world. On the right hand, L;;; is the employment in city ¢
at time t in sector j; the L.j; is the employment at time ¢ in sector j of China;
the L;; is the employment in the city ¢ time ¢, and the AM,j; is the change of
Chinese export to the whole world in sector j during period ¢. In other words,
the change in export exposure is measured by the region-time-average change in
Chinese exports to the world, multiplied by the ratio of city-level employment
in specific sectors for a given period, and then aggregated by sector.

The simple regression leads to several endogenous problems. First of all, al-
though we aim to determine the causal impact of trade exposure on innova-
tions in China, innovations can also significantly lead to changes in trade expo-
sure through changes in industry productivity, a phenomenon known as reverse
causality. Second, some researchers suggest that China could intensively de-
preciate the CNY currency, as well as significantly increase its national reserve
of US dollars, to promote financial stability and enhance exports (Goldstein
2004; Ogbonna, Gbadebo, and Ibenta '2020; Chou 2000; Leightner :2010). This
type of preference leads to unexpectedly high exports from China to the world,
particularly to developed countries. The tradable-commodity preference leads
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to biased high investment in specific industries preferred for export, with an
undervalued CNY. So in order to solve the endogenous problems, we adopt the
instrumental variable strategy to clear the identification. We instrument for
growth in Chinese exports to the world using the ASEAN E: countries’ total
export to the world. There are several reasons the IV has been chosen. First,
geographical proximity. ASEAN countries and China are neighbors really close
to each other. Also, in the first half of 2020, ASEAN surpassed the EU for
the first time to become China’s largest trading partner % while China has

Ly

been the largest trading partner for ASEAN countries since 2009 ¥ Intimate
communication and close commercial collaboration underscore the strong rela-
tionship between China and ASEAN countries. Second, structural similarity
of industries. Most of the ASEAN countries are labor-intensive and develop-
ing countries similar to China, while a few of them have technology-intensive
industries and high-tech exports such as Singapore and Malaysia. By aggre-
gating exports across industries from all ASEAN countries, it can serve as a
good substitute for comprehensive exports from China. Third, obviously, the
mathematical tests, in addition to the principles we follow to choose the IV, in-
cluding weak-identification and underidentification tests, are implemented, and
the results will be shown in the result tables.

By implementing the IV as an identification, we can eliminate the endogeneities
of Chinese productivity shock caused reversely by patents and innovations in
industries. In addition, the potential impacts of the Chinese government’s fis-
cal and financial policies on trade can be ignored at the same time. So, we
instrument the measured export exposure variable AEPW;; with an ASEAN
countries export exposure variable AEPW 4+ which is constructed by casting
the ASEAN export to the city level with the proportion measured using the
industry-level employment in different cities of China:

Lijt—1 AMaje 1

AEPW p54_1 = EjL 7
cjt—1 it—1

. (31)

The IV is processed through two steps. The first is that we are substituting
the change in industry-level Chinese export AM.;; to the world with ASEAN
countries industry-level export AM;;. Second, the IV is lagged as there is a
lag between the trade exposure and the observable outcomes on the job markets
as well as the innovations. So, by adopting the IV as the identification strategy,
we are able to eliminate the endogenous problems mentioned before including
the reverse causality together with the policies made by the Chinese govern-
ment which can potentially affect the Chinese trade exposure and the regional
innovations at the same time. But, in addition, there are still some potential
threats to the strategy. Firstly, the productivity shock affecting China may also

3. The Association of Southeast Asian Nations (ASEAN), including Brunei Darussalam,
Burma, Cambodia, Indonesia, Laos, Malaysia, the Philippines, Singapore, Thailand,

T YA - b e s .
4. https:/ /www.gov.cn/xinwen /2020-03 /23 /content _5494368.htmy
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have an impact on the ASEAN countries. On the one hand, ASEAN countries
have sometimes been considered as part of the Chinese export supply chain
(Tham, Kam, and Abdul Aziz2016; Bi2021) because they started to build the
free-trade area from 2002-?':. In this case, the export shock driven by Chinese
innovations shows a strong positive correlation with exports in ASEAN coun-
tries. On the other hand, ASEAN countries and China could be competitors in
the global market to some extent. Just as what’s been discussed by Tongzon
(2005), the free-trade agreement ACFTA and the similarity in the manufac-
turing industry can lead to competition between ASEAN countries and China.
This means that export shocks in Chinese exports can capture the market share
and decrease the competitiveness of similar tradable industries in ASEAN coun-
tries. In other words, Chinese exports can be negatively correlated with those
of ASEAN countries. So, in order to solve this problem, the results from using
another country as a substitute will be shown in the appendix in the robust-
ness checks. Additionally, we are not excluding the ASEAN countries from the
Chinese export as the explanatory variable, just as we do not limit the export
to the world without China when we adopt exports from ASEAN countries as
an IV. As a good complementary region, including trade with each other, can
describe the trade pattern more precisely.

The second threat to the identification strategy is the productivity shock in the
developed countries. Similar to China, ASEAN countries are predominantly
labor-intensive economies that are primarily destinations for technology diffu-
sion from developed countries. The technology breakthrough and productivity
shock in the developed countries can cause an increase in innovations in the de-
veloping countries through technology transfer via FDI (Tan, Zhang, and Cao
2023; Morita and Nguyen!2021). On the other hand, technological innovation in
developed countries also leads to industrial transformation and upgrading, while
squeezing out labor-intensive industries and transferring these sectors to devel-
oping countries, such as China and ASEAN. Then, industrial clustering and
comparative advantages lead to even higher exports from China and ASEAN
countries, meaning that innovations in China and exports from both China and
ASEAN countries can rise simultaneously in response to a technological shock in
developed countries. For example, when there is a new technology breakthrough
in manufacturing in the US, the US can invest more in the advanced manufac-
turing industries like the “Semiconductor Manufacturing Industry” and transfer
the low-profit furniture manufacturing sector to China and ASEAN, where both
export in furniture manufacturing and innovations related to furniture manu-
facturing will increase. Although we can not rule out the possibility, there are
evidence shows that China has already surpassed the US in intellectual property
application in 2012, and patents authorized has outnumbered US from 2020 :_-r'r
Also, many studies show that the developed countries started to tranfer their

6. The negotiation of ASEAN-China Free Trade Area (ACFTA) started from 2002 and
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technology from a long time ago (Baranson !1970; Kojima '1977), and now the
technology diffusion does not play an important role in the Chinese innovation
compared to he inner incentives of China. What’s more, our results show that
there is a negative relationship between export exposure and innovation, which
is in conflict with the possibility mentioned above, and that’s another reason
we ignored it.

4.1 Data source and Measurement

This section provides detailed information on the database used in this research
and the measurements of various variables, as well as the data construction.

For the explanatory variables, we utilize China’s annual firm-level industry sur-
vey data, officially known as the “All state-owned and all above-scale non-state
owned industrial enterprise database”, from 1998 to 2015. This dataset also
encompasses the period preceding and following China’s accession to the WTO.
The National Bureau of Statistics revised the coverage of the annual survey
in 1998 to include all state-owned and all above-scale non-state-owned firms,
rather than all firms with independent accounting, as was the case in 1992.
Therefore, this research only includes data from 1998 for data consistency. Sim-
ilar to the Longitudinal Research Database (LRD) maintained by the US, the
Chinese firm-level data unit of observation is based on the legal units of a firm.
However, unlike some other similar databases from other countries, the Chinese
firm-level database employs a different sampling criterion (Brandt, Van Biese-
broeck, and Zhang 2014). Only the industrial firms that are ’above-scale’ will
be included in the dataset. Before 2011, the non-state-owned firms with sales
exceeding 5 million CNYES‘: (around 605,000 USD based on the exchange rate be-
tween 1997 and 2005), and the criteria for firm-selection became 20 million CNY
(3.1 million USD based on the USD/CNY average exchange rate) in 2011. The
Chinese firm-level dataset includes not only the sales and employment amounts,
but also the salaries from the total/main business of each year. According to
the precise locations of the manufacturing firms, so we could aggregate it to the
city- and county—leve];?i employment (And total salaries paid) of specific sectors
in a year. There will be 6063 observations in total in the city—levef__r‘_r: aggregated
mapping. In addition, in the census year 2004, the state-owned and above-scale
non-state-owned firms reported their detailed employment data broken down
by five different education levels'™ and three non-exhaustive technical titles™:
separated by total and female employment. However, the problem is that there
is only one census during the period covered, and therefore, the analysis using
the subsamples cannot be implemented due to the lack of data. The above-scale

8. All of the state-owned firms will be included, no matter how much the sales are.
9. ‘County’ could also be understood as ‘district’ or ‘prefecture’.
10. The Chinese municipalities, including Beijing, Tianjin, Shanghai, and Chongqing, are
also included in the city-level aggregation, even they are at the province-level.
11. Postgraduate, university, college, high school, primary or less
12. Senior, intermediate, junior
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sample grew from 165,118 observations in 1998 to 327,853 in 2008, and 305,504
in 2015.

On the other hand, the variable of trade exposure is measured using the trade
data from the World Integrated Trade Solution (WITS) database. The trade
data is at the six-digit Harmonized System (HS) product level using the ISI-
CRev3 code. The ISICRev3 code was being adjusted to ISICRev3.1 in 2002
and then been revised to ISICRev4 from 2008. We adjusted the codes to ensure
consistency in production codes during the covered period. The IV used fol-
lows the same logic but a reverse work compared to Autor, Dorn, and Hanson
(2013)), the gross exports reported by China is been substituted by gross exports
reported by ASEAN countries to the world. For the controls, city-level controls
are from the Annual Statistic Yearbook for the cities from 1998 to 2015 1™
In constructing the independent variable by using the total population as the
denominator, the total population in the administrative area at the end of the
year will be used. We also refer to the China National Intellectual Property Ad-
ministration (CNIPA) for the patent data in order to measure the innovations.
The patents authorized are chosen instead of the number of patent applications
to measure the true amount of innovations that have happened. The patents
have been aggregated into the city level to match the trade exposure based on
their locations. In addition, some cities that do not have patents for certain
years will be deleted to ensure the strict balanced panel data for the following
spatial econometrics analysis.

5 The impacts of trade exposure on regional in-
novation

The identification strategy we implemented is specified in 4.

This figure & shows the prefecture-level city mapping the number of patent au-
thorized in 2015. There are six levels of assorted colours. The first colour is
white which represents 0 patent authorized, or no data available. On the con-
trary, the darkest color, black, represents cities with more than 1000 patents
authorized in 2015, including Beijing, Shanghai, and Shenzhen. We could easily
tell that some cities in the west of China, especially the ethnic Autonomous
Regions in Tibet and Xinjiang Uyghur Autonomous Region (XUAR), usually
have fewer innovations measured by patents and are considered as less devel-
oped in many studies. Compared to cities in the West and Southwest China,
cities in the coastal areas are relatively more developed and perform better in
the competition of innovations. As we can see, the region near Shanghai where
we usually called the “Yangtze River Delta” including Shanghai, Jiangsu, and
Zhejiang, is a main economic hub of the country and so the innovations are

13. Some of the cities changed their names, changed the city code by the government, or the
administrative divisions were altered. These cases are renamed or recoded to maintain
data consistency.
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Figure 3: Population compared to Innovations

The upper map shows the city-level population in China in 2015. The lower map
represents the number of innovations. The maps only cover cities in mainland
China, including four municipalities (Beijing, Tianjin, Shanghai, and Chongqing).
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intensive around. Additionally, another characteristic of the innovation is that
the capital of the province where universities and resources are concentrated
tends to have more innovations. On the other hand, we can see that cities with
intensive innovation have an impact on the regions nearby over a considerable
distance. Not only the “Yangtze River Delta” in the east, but also the group
of cities near Shenzhen and Hong Kong, the group of cities near Beijing, the
capital of China, and the cities near Chongqing & Chengdu in the Southwest.
We will also provide empirical evidence through spatial spillovers to statistically
demonstrate the phenomenon in the following sections, following the baseline
results.

5.1 Empirical estimation

We are using the 2SLS estimation method to estimate the relationship between
the regional trade exposure and the innovations measured by the number of
patents. So we apply the model in the following form:

INNV;,

A
Pop;y

= fo + BLAEPW;; + X[, B2 + €41 (32)
In this equation, we use the change of the city-level innovations on top of the
population of the city to measure the innovation intensity in the region. And
on the right-hand side, we include the city-level trade exposure, and also the
control variables represented by X/, where i represents cities and ¢ means time.
In the control variables, we include the GDP per capita of the place, the area of
the administrative region, and the population at the end of the year. All of the
controls have been first-stage differentiated to measure the change instead of the
value. Also, the error term is included as €;;. Besides this, the time fixed effects
and the regional fixed effects are been taken into consideration in the results ta-
ble shown as follows: This is the baseline result table by the model and the 2SLS
estimation method and IV identification strategy applied. Columns 1, 4, and
7 are simple regressions without taking regional fixed effects, the time trends,
and even the controls into consideration. Columns 2, 5, and 8 are regression
specifications with fixed effects, and columns 3, 6, and 9 are specifications with
everything included. The first three columns estimate the causal effect of export
exposure on the innovations. As we can see, trade exposure has a significant
negative impact on innovation, as measured by the average number of granted
patents. For every unit of increase in trade exposure, there is around a 0.2 unit
decrease in the average number of patents in the city. The finding is, to some
extent, contrary to the common perception, as most studies, such as Melitz and
Redding (2021) and Damijan and Kosteve (2015), show that trade and knowl-
edge diffusion stimulate innovation. Besides robustness, the FDI is included
in the specification in columns 4-6 to verify consistency with previous studies.
As what we have mentioned in Section I FDI usually shows positive impacts
on innovations through technology diffusion. The results in columns 4 to 6,
which include both trade exposure and FDI, show that the impact of FDI on
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innovations is significantly positive, consistent with many previous studies. The
impact of export exposure remains consistent with the specifications in columns
1 to 3. The results reinforce the evidence indicating the negative impact of trade
exposure on innovation in China. This is an interesting but tricky result as the
impact of FDI shows here is similar to the previous studies, but the result of
trade exposure does not follow the common perception. A possible explanation
could be the characteristics of the country: we are studying China, which is con-
sidered a labor-intensive rather than a technology-intensive country (in other
words, a developing country), where most studies are conducted. So, in order
to clarify the reasons why trade exposure has negative impacts on innovation
and the channels through which this phenomenon occurs, human resources are
also considered, measured by the number of researchers in the region, in addi-
tion to FDI. The results of columns 7 to 9 for trade exposure remain consistent
with the specifications before, with statistical significance. Additionally, the
human resources show evidence of positive impacts on innovation, which is sim-
ilar to the FDI mentioned earlier. But, before showing the following analysis, a
spatial spillover effect is taken into consideration and the results are shown first.

5.2 Robustness Check

We are providing several ways for the robustness checks. First of all, Angrist
and Pischke (2009) gives the number 42 as the minimum number of clusters for
which the cluster works. Since our study focuses on mainland China which has
32 province-level administration regions, the number of clusters is significantly
lower than 42. We will also provide baseline results without the cluster to ensure
robustness. Here is the robustness table 12!

As we can see from the table 2 the negative relationship between regional in-
novations and export exposure remains significant. Also, the positive impacts
of FDI and the number of researchers on regional innovation are even more
significant than the baseline results indicate. Additionally, the underidentifica-
tion and weak identification show higher significance compared to the baseline.
Obviously, the significance increases without applying clustering strategies, but
the significance and robustness demonstrate the consistency of the results.
From another perspective, we are using the Double Debiased Machine Learning
(Ddml) method to re-check our identification strategy. In our empirical re-
gression equation 132, we assume that the controls affect the change in regional
innovation per capita in a linear manner. But is this true? The controls, includ-
ing GDP per capita, the coverage of the administrative area, and population,
could significantly affect the results in a non-linear manner. When a city is small
and has a limited number of residents, innovation may increase as the popu-
lation grows. However, when a city becomes a metropolitan area with a large
population, it becomes more attractive to individuals with high educational
backgrounds and is home to numerous higher education institutions. Innova-
tions in the region can experience exponential growth. In the DDML model
we set, LassoCV is a method that combines the Lasso and cross-validation. It’s
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more easily interpreted and it can recognize the significant variables. And so, we
are applying the double machine learning, with partial linear IV using LassoCV,
like this:

Y — Dby = go(X) + ¢, E((]Z,X)=0

7 =mo(X)+V, E(V|X)=0. (33)

The model is similar to the IV model which we use in the baseline section where
the D represents the export exposure in China A EPW,;t while Z represents the
export exposure in ASEAN countries with lag AEPW 4;;. And we are showing
the results here:

Tableidi presents the various specifications of double-debiased machine learning.

Table 3: Double Debiased Machine Learning

Dependent Variable: Granted Patents (averaged)

(1) (2) 3) (4)

AEPW -0.473*  -0.282** -0.516* -0.318"*
(0.269)  (0.117)  (0.280)  (0.127)

N 3831 3831 3831 3831
Time trend: N Y N Y
Region FE: N N Y Y

T AEPW is the change of Export Exposure per capita,
measured by the formula|30: The controls include GDP
per capita, Area of administrative region, and population
at the end of the year. There are 42 seeds and five k-folds.
The observations are clustered. St.d in the parentheses.
*** Significance at the 1 percent level.

** Significance at the 5 percent level.
* Significance at the 10 percent level.

As we can see from the columns in the table, the results follow the same pattern
as our baseline model, where the export exposure had a significant negative
impact on the regional innovation. Other robustness checks are shown in the
appendix.

5.3 Spatial Spillover

Spatial spillover effect is always considered as one of the main reasons for tech-
nology diffusion not only internationally but also within countries among dif-
ferent regions. Not only can the regional innovations affect the innovations
spatially nearby, but also other ‘local’ factors including the trade exposure can
affect the innovations. Given the significant negative impact on local innova-
tions, we need to see whether trade exposure has similar effects on innovations
in nearby regions. Technically, in order to clarify the spatial spillover effects of
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the regional innovations and the trade exposure, we employ spatial economet-
rics in our analysis. Two different kinds of spatial models are applied. One of
them is the spatial autoregression model (SAR), where only the spatial lag of
the dependent variable is included in order to provide explanations for how the
dependent variable nearby affects the local dependent variable. The equation
1361 represents the SAR model. The second is the spatial durbin model (SDM)
where both the spatial lag of dependent and independent variables are included
to measure a more comprehensive picture of the spatial spillover effect. The
equation 37 represents the SDM model.

Y=pWY +XB+e¢ (34)
Y =pW1Y + X3+ WaX0+¢ (35)

W is the spatial weighting matrix that measures the relationships between the
regions nearby. There are several kinds of the spatial weighting matrix that
could be considered, including the Contiguity matrix, Distance matrix, and Nest
(combined) matrixes. The matrixes can be replaced by different types in order
to measure the different types of relationships between the regions. As what
we mentioned previously, the explanatory variable included as Chinese export
exposure to the world faces some strict endogenous problems. Most previous
empirical studies either consider the IV strategy in the SAR model or use the
SDM model with panel data, without considering the IV strategy. What we are
doing is applying the IV strategy to the SAR and the SDM models with panel
data by the 2SLS estimator. Meanwhile, the fixed effects should be taken into
consideration. The Spatial Durbin panel model under the 2SLS and Maximum
Likelihood estimation is identified by Lee and Yu (2016), and empirical tools
including the fixed effects are provided by Belotti, Hughes, and Mortari (2017).
By adopting the method with our own model, we have:

AINNVit _ WAINNV“

Popyy r Pop;; + BAEPW: + Xipy + et (36)
INNYV; INNYV;
A—— — pW A= L BIAEPW;;, + X|,y
Pop;, Popyy
+ O WoAEPW;; + WaXL,C + € (37)

wij = 1/df; if i #j

And the Instrument variable is the same as the identification strategy mentioned
in equation 1. In addition, as currently there is no STATA package designed
for the IV strategy with panel data applied in the SAR and SDM model, we
are doing the 2SLS manually by regressing the export exposure on the IV and
other controls. And then doing the main regression using the predicted value
from previous first stage. But, mathematically, the standard error is biased,
and we adjust the standard deviation by the mathematical process provided in
Appendix 8. In both of the equations, p represents the impacts of innovations
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of nearby regions cast on the local region, which is also the spatial lag of the
dependent variable. Here, we use the Inverse distance matrix which is the re-
verse of the distance between the regions in order to measure the geometrical
closeness. The diagonal elements of the inverse distance matrix are set to zero
and not computed. And the results are shown in table i4:

Table if: shows the results of spatial spillover effects of the regional innovations

Table 4: Spatial Spillover Results

Dependent Variable: Granted Patents (averaged)

Without matrix SAR Model SDM Model
(1) (2) (3) (4) (5) (6)
AEPW -0.078***  -0.277***  -0.206*** -0.177*** -0.246™** -0.216™**
(0.0247)  (0.0888)  (0.0157)  (0.0108)  (0.0305)  (0.0172)
Spatial (Wz) 0.157***  0.137***
(0.0305)  (0.0186)
p 0.528***  0.564***  0.657***  0.650***
(0.183) (0.157) (0.177) (0.175)
N 3502 3502 3502 3296 3502 3296
R? 0.156 -0.196 0.0864 0.0855 0.0903 0.0922
Individual FE: N Y N Y N Y

T AEPW is the change of Export Exposure per capita, measured by the formula :_?:(_)-:
Spatial (Wz) here represents the spatially lagged dependent variable; p represents the
spatially lagged explanatory variable. The controls include GDP per capita, Area of the
administrative region, population at the end of the year, number of researchers, and total
road freight volume. St.d in the parentheses.

*** Significance at the 1 percent level.
** Significance at the 5 percent level.
* Significance at the 10 percent level.

and the trade exposure using the SAR and SDM model. By comparison, we
also include the first two columns of results which do not consider the spatial
weighting matrix and the spatial lags. Only the coefficients of interest are in-
cluded. The controls are included but the results are not shown in the table
here. Columns 3 and 4 are results for the SAR model so only the item of autore-
gression is included and the coefficient is shown as p. And columns 5 and 6 are
for the SDM model which includes both the spatial lag for the explanatory vari-
ables but also the dependent variable. The differences between the two columns
of results across the three specifications are whether individual fixed effects have
been considered. The three different specifications consistently show the nega-
tive impacts on the innovations by trade exposure, which is also consistent with
the baseline results provided. In the SAR model with the spatial lag of the
innovation as the dependent variable, the spatial lag shows a positive impact
on local innovations, with statistical significance. It means that the innovations
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in the regions nearby can positively affect the innovations locally, which is con-
sistent with the technology diffusion theory in most of the previous papers. It
demonstrates the diffusion of technology across regions in China, especially in
the manufacturing sector. Also shows the benefits of industrial agglomeration
and the advantages of vertical industry integration in China. What’s more, the
results of the SDM model also show a similar phenomenon. The difference is
that we found contradictory negative impacts of trade exposure in nearby re-
gions on local innovation. And here are the contradictions. The remarkable
finding is that trade exposure’s impacts on innovations in nearby regions con-
tradict its impacts on local innovations. It shows the phenomenon that higher
export exposure in local city lead to lower innovations locally, but, contribute to
higher innovations somewhere else even with the condition of positive technol-
ogy diffusion between the regions. It’s very interesting to dig into the question
and figure out the specific channels through which the phenomenon will occur.
There must be some factors that could affect both innovations and local trade
exposure simultaneously, causing this contradictory phenomenon across regions
close to each other. As a developing country, one of the most notable differences
between China and developed countries is the level of human capital intensity.
We are taking that into consideration and provide empirical evidence to show
how the human capital affect the trade exposure and the innovations simul-
taneously, then discuss about the channels through which human capital cast
impacts on the innovations locally and remotely on opposite sides, respectively.

5.4 Human Capital

The human capital is measured in three different ways. First, the number of
students in the colleges. Compared to students at the junior high school level,
those at the senior high school level (or universities) may relocate from their
hometowns to big cities or economically developed areas. Also, some evidence
shows that students with better educational backgrounds prefer to remain in
the city where they attend university rather than return to their birthplace
(Liping and Kunfeng 2014). So we believe that including students with a high
level of education can better reflect the local human capital situation. Second,
the number of researchers is considered. The innovations are measured by the
number of local patents granted, which means most of the innovations should be
considered contributions by researchers at local research institutes. Researchers
are different from the professors at local universities, which is the third way of
measurement; they are working in research institutes where they may not have
students enrolled. The difference between the researchers and the professors is
not only about the students but also about the systems they work in. Most
researchers are focusing on Manufacturing, Geology, Hydraulic Engineering, or
Environmental Science, and there are government-funded research programs in
these areas. But professors could focus not only on these natural sciences but
also on the social sciences, maintaining a balance between research and teaching.
So, in order to figure out the impact of human capital using the three different
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measurements, we take the interaction of the human resources with the trade
exposure in the identification specifications. And the models become this by
adopting the strategy:

AT — o SUMEPWi + oA H Ryt + SaAEPWis- AH Ry + X P + i

1 (33)
In this equation, AH R;; represents the human capital mentioned previously
and the data comes from the China City Statistical Yearbook. The IV strategy
is also implemented here with not only the trade exposure, but also the inter-
action with human capital taken into consideration. The export exposure is
instrumented using the IV mentioned in section Identification strategy 7?7. Ac-
cording to the statistics applied, the interaction between export exposure and
the human resource is instrumented by the interaction of the IV and the human
resource AEPW 4541 - AHR;;. And the results are shown in the following table
5. In this table, we provide the results of export exposure, as in the previous
table. In addition, the interaction between export exposure and human capital
is shown below with the coefficients of human capital itself.

The table & has 6 columns with three different specifications where the mea-
surements for the human capitals are different. The difference between the 2
columns for each specification is whether the controls are being considered as
all the regressions have already considered the regional fixed effect and also the
time trend as in the previous tables. The results in the table are very interesting
here. As we can see from the first line, which shows that the export exposure has
a statistically significant impact on the regional innovations. This is consistent
with the results shown in the previous tables with different specifications. This
consistency also proves the robustness of our result in the baseline model. Before
checking the interaction item results, we can first examine the coefficients for
the human capital items. Although not all results are statistically significant,
the results provide some evidence that human capital has a positive, significant
impact on innovation, consistent with the literature mentioned earlier (Lenihan,
McGuirk, and Murphy 2019; Lee, Florida, and Gates 2010; Costa, Padua, and
Moreira 2023). Also, we provide a similar table of specifications ::A:_zl'n for the
robustness check where the results are similar, and even more significant. But
when we turn to the interaction item of export exposure and human capital,
we can see that it surprisingly shows a significantly negative impact on inno-
vation. Columns 5 and 6 do not provide evidence with 5% signiﬁcance:_r‘_f:, but
we can still notice the sign and the significance is around 12%. The negative
coefficients of the interaction items indicate that export exposure will have in-
creasingly negative impacts on innovation as local human capital increases. This
kind of causality could be shown by the following picture:

Human capital acts as a Moderator Variable here, moderating the impact of
export exposure on local innovations in China. By analyzing the results from
the export exposure, FDI, spatial spillover of both local innovations and export

14. The table of robustness also provides similar results with even higher significance.
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Table 5: Interaction with Human Capital

Dependent Variable: Granted Patents (averaged)

) 2 3) (4) (5) (6)
AEPW -0.237**  -0.232***  -0.139***  -0.196*** -0.140*** -0.205***
(-3.89) (-4.67) (-4.69) (-4.94) (-3.69) (-5.04)
AEPW x ANo.Student -0.263**  -0.266**
(-2.04) (-2.29)
AEPW x ANo.Researcher -0.178***  -0.164**
(-3.02) (-2.22)
AEPW x ANo.Prof -0.131 -0.0933
(-1.55) (-1.44)
ANo.Student -0.0469 0.0703
(-0.18) (0.28)
ANo.Researcher 0.548*** 0.466**
(3.45) (2.29)
ANo.Prof 0.266 0.161
(1.33) (1.08)
N 3698 3681 3841 3817 3689 3672
adjR? -1.196 -0.933 -0.468 -0.445 -0.739 -0.609
Underidentification 8.415 9.346 12.50 10.80 12.29 10.12
Weak-identification 3.661 4.683 7.308 6.946 7.136 6.421
Region FE: Y Y Y Y Y Y
Time Trend: Y Y Y Y Y Y
Controls: N Y N Y N Y

T AEPW is the change of Export Exposure per capita, measured by the formulalrg;-g: Results of No.Student x
10,000, and No.Prof x1,000; We allow the heteroskedasticity and cluster the observations on the province
level. The control variables include GDP per capita, Total population, administrative area, and some local
characteristics. The Underidentification test uses the ‘Kleibergen-Paap rk LM statistic’ and the Weak
identification test uses the ‘Cragg-Donald Wald F statistic’, critical values for that is 8.96 (15% maximal
IV size); No Over-identification test required as the equation is exactly identified.¢ statistics in parentheses;
*** Significance at the 1 percent level.

** Significance at the 5 percent level.
* Significance at the 10 percent level.

Figure 4: The causality with Human Capital

Human Capital

Export Exposure (AEPW) — Local Innovations
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exposure in the neighborhoods, as well as the moderating effect by taking the
local human capital into consideration, we can finally answer the question by
providing a more detailed picture of channels through which the export expo-
sures affect the innovations in China, in the manufacturing industries. And we
propose explanations here.

Compared to the developed countries where technologies and capital are in-
tensive, export exposure has a negative impact on local innovations in China,
especially in the manufacturing sectors. The international diffusion of technol-
ogy and the relocation of production from developed countries bring technolog-
ical and managerial expertise to labor-intensive host countries like China. The
FDI from the capital-intensive countries and the export to the world from the
country that hosts the production offshoring help bring the technology from the
technology-intensive regions and also stimulate the local innovations through
production upgrading. But as a labor-intensive country, labor-intensive indus-
tries can be more profitable than skill- or technology-intensive industries. It may
be better for talented people with higher educational backgrounds or stronger
skill certificates who are supposed to contribute to patents and innovations to
relocate to industries with a comparative advantage. There are several possible
explanations for this phenomenon. First, this is a “squeeze out” of the talented
worker from innovation-oriented industries to the labor-intensive industries in
the manufacturing sectors, where working with an assembly line and low-end
manufacturing is more profitable. Or, it’s a “squeeze out” of the employees in
the manufacturing sectors to the services sectors or other sectors not closely
related to the export.

6 Secondary Analysis

6.1 Grouping

Then we are going to dig deeper and discuss the differences between different
industries with varying levels of educational and skill intensity. As what we have
discussed in the previous sections, the educational intensity and human capital
play an important role in the regional innovations by acting as a moderator in
the impacts from export exposure. So we continue to separate the observations
and divide them into different groups with contradictory backgrounds with lev-
els of intensity and make comparisons between. In order to measure intensity,
we focus on the proportion of workers with higher educational backgrounds or
better skill certifications among all workers at the end of the year. We focus
on the top 30% and bottom 30% for the comparison and the results are shown
here in table {6:

In this table i, we compare the education-intensive and skill-intensive sec-
tors against the labor-intensive sectors using both Panel A and Panel B. The
first three columns are a comparison between education-intensive sectors and
labor-intensive sectors. Meanwhile, columns 4 to 6 are a comparison between
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Table 6: Education and Skill Level Grouping Results

1) 2) (3) (4) (5) (6)
Panel A: High education and skill
High education High skill
AEPW -0.0590* -0.0882**  -0.0659*** -0.0267** -0.0467***  -0.0362***
(-1.85) (-2.54) (-3.29) (-2.50) (-3.42) (-3.47)
N 3633 3633 3612 3637 3637 3616
Underidentification 2.815 4.226 5.597 5.813 8.508 9.007
Weak identification 2.923 4.730 6.892 9.032 13.79 18.17
Panel B: Low education and skill
Low education Low skill
AEPW -0.00215**  -0.00346**  -0.00429***  -0.00467*** -0.00649*** -0.00837***
(-2.26) (-2.67) (-2.78) (-3.76) (-4.98) (-5.29)
N 3609 3609 3588 3652 3652 3630
Underidentification 8.339 8.435 8.117 16.12 17.43 17.25
Weak identification 19.89 21.72 20.53 48.05 65.31 70.37
Region FE: N Y Y N Y Y
Time Trend: N Y Y N Y Y
Controls: N N Y N N Y

T AEPW is the change of Export Exposure per capita, measured by the formula L%-Q: We allow the het-
eroskedasticity and cluster the observations on the province level. The control variables include GDP per
capita, Total population, administrative area, and some local characteristics. The Underidentification test
uses the ‘Kleibergen-Paap rk LM statistic’ and the Weak identification test uses the ‘Cragg-Donald Wald F
statistic’, critical values for that is 8.96 (15% maximal IV size); No Over-identification test required as the
equation is exactly identified.t statistics in parentheses;

*** Significance at the 1 percent level.
** Significance at the 5 percent level.
* Significance at the 10 percent level.
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skill-intensive sectors and labor-intensive sectors. Although we can see that the
group with high educational backgrounds cannot pass the Weak Identification
test, where the critical value of the Stock-Yogo weak ID test at a 15% maximal
IV size is 8.96. But, by taking columns 4 to 6 into consideration, we can still
find some evidence from comparing the two panels, respectively. First, we can
observe that export exposure has a more pronounced negative impact on in-
novation in the skill-intensive and education-intensive sectors compared to the
labor-intensive sectors. The results are consistent with not only the baseline
results, but also the human capital part where we conclude that the education
background and skill certificates act like a moderator and play an important
role in the channel. It provides some supporting evidence. The results shown
here demonstrate that employees with stronger skill sets who are expected to
work in innovation-oriented sectors are more easily transitioned into more prof-
itable but less technology-oriented sectors. Second, if we check the result table
from another perspective, by comparing the education-intensive versus the skill-
intensive sectors, the gap between the different education groups is larger than
the gap between the groups with different skill levels. The differences show the
flexibility of education where the employees with better educational grounds
can easily relocate to more profitable industries or even quit the manufacturing
sectors and find a job in finance or service sectors which is beyond the scope of
this study. Compared to education, skill certificates are somewhat rigid, making
it difficult for skilled workers to switch to other industries. In general, the table
provides supporting evidence where export exposure casts negative impacts on
local innovations through the squeeze-out effect of the talented employees who
were supposed to contribute to the innovations if they were in the developed
countries.

6.2 Privatization and Foreign Ownership

To take one step further, we proceed to examine the type and ownership of the
firms. The “squeeze out” effect is evident not only from a personal perspective,
but also from the employer’s and firm’s perspectives. We are categorizing the
observations into two groups using two distinct criteria. First, we categorize the
items into “Public” versus “Private” based on the shareholding structure of the
firms. If the firm is a state-owned enterprise (SOE), then consider it as “Public”.
If the firm is privately held, or Foreign-controlled holding, a Collective holding,
or an HK-Macau-Taiwan holding, then consider it as “Private”. We consider the
regions where private firms take more than 50% share as “High Privatization”
while the rest of the regions as “Low Privatization” !_1-_5', Similarly, following the
same logic, we separate the firms based on their level of internationalization.
There are 24 different types of firms in total, which are summarized in Table

15. “Low Privatization” regions have public firms take more, or equal to 50 percent of the
total firms. So the number of “Low Privatization” regions is significantly higher than
the “High Privatization” regions shown in table ::7: and table .'_A_E
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A9. Similarly, the regions where firms have access to foreign owners and man-
agement account for more than 50% of the total firms counted, are noted as
“High foreign ownership rate” and vice versa. The grouping results are shown
in the following table i7:

The main table of the results is shown hereff_;', The comparisons between Panel

Table 7: Privatization and Foreign Ownership Rate Grouping Results

(1) 2) 3) (4) (5) (6)
Panel A: High privatization and foreign ownership rate
High privatization High foreign ownership rate
AEPW -0.193***  -0.205***  -0.149**  -0.202***  -0.228**  -0.259***

(-4.64)  (-4.84)  (-3.09)  (-4.91) (-5.67) (-4.81)

N 748 745 680 712 712 679
Underidentification 2.808 3.594 3.320 3.021 3.506 2.923
Weak identification 15.02 29.36 39.35 65.07 37.38 135.9

Panel B: Low privatization and foreign ownership rate

Low privatization Low foreign ownership rate

AEPW 20.0557  -0.124**  -0.184** -0.0469"* -0.0804*** -0.132***
(-0.82)  (-2.48)  (-2.71)  (-2.23) (-3.57) (-2.91)

N 2541 2541 2410 2880 2880 2810
Underidentification 12.66 15.78 10.73 14.09 14.45 8.574
Weak identification 7.708 12.66 7.561 11.57 13.31 6.481
Region FE: N Y Y N Y Y
Time Trend: N Y Y N Y Y
Controls: N N Y N N Y

t AEPW is the change of Export Exposure per capita, measured by the formula ::3(_3: We allow
the heteroskedasticity and cluster the observations on the province level. The control variables
include GDP per capita, Total population, administrative area, and some local characteristics
(road freight volume, and number of hospitals). The Underidentification test uses the ‘Kleibergen-
Paap rk LM statistic’, so all the regressions passed with Chi-sq(1) P — val < 0.1. And the
Weak identification test uses the ‘Cragg-Donald Wald F statistic’; the critical value is 8.96 (15%
maximal IV size). No Over-identification test required, as the equation is exactly identified.t
statistics in parentheses;

*** Significance at the 1 percent level.
** Significance at the 5 percent level.
* Significance at the 10 percent level.

A and Panel B vividly illustrate the distinct characteristics of human capital af-
fected by privatization and foreign ownership rates. First, there is some evidence
in columns 1 and 2 indicating that employees from sectors and enterprises with
a higher privatization rate exhibit slightly higher flexibility and are more easily

16. Additional results with other controls, including FDI and the number of researchers, are
also provided in Table .'_A_-E_;. in the Appendix.
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to be squeezed out. In other words, easier to flow to other sectors and firms.
According to the special characteristics of State-owned Enterprises (SOEs) in
China, these firms typically have relatively lower employee mobility compared to
private firms. This result provides some evidence about how privatization affects
human capital. Second, we observe a similar result from the comparison between
the “High” and “Low” foreign ownership rates. The regions with higher shares
of foreign-owned and -controlled enterprises cast significantly more negative im-
pacts from export exposure on the local innovations. The international division
of labor driven by the fragmentation of production provides some explanations
for this phenomenon. This international division of labor is often illustrated by
the ‘Smiling Curve’ concept. It posits that multinational enterprises (MNEs)
from developed nations dominate the high-value-added segments of the value
chain—such as R&D, design, marketing, and brand management—which are
located in their home countries. The lowest-value-added segment, manufactur-
ing and assembly (the bottom of the curve), is frequently offshored to emerging
economies. So, it’s easy to provide explanations for this phenomenon. When
the MNEs come into China with capital and management experience driven
by vertical specialization within Global Value Chains (GVCs), they intensively
focus on “low-end” manufacturing and assembly which is the most profitable
part in the labor-intensive countries. That’s why we can see an even more pro-
nounced negative impact on innovations from export exposure in regions with
higher “international access”. And we can come to a conclusion where the in-
ternational vertical specialization in the global supply chain does not encourage
innovation in developing countries. The talented people, or human capital in
innovation in other words, will be squeezed out to more profitable sectors.

7 Physical Capital

After discussing the human capital in the previous sections, we also examine
the results of physical capital, using interactions to compare the impacts of the
two. Similar to human capital, we also treat three factors as distinct measures
of physical capital. They are gross assets, fixed assets, and current assets' "t In

this study, we aggregate the three factors from the firm level to the city level.

INNV;,

ALYV Vit
Pop;t

= Bo+L1AEPW; 4+ Bo AK s + B3AEPW; - AK +X£tﬂ4 —+€5¢- (39)
Where the K;; represents the city-level physical capital.

Following the same logic as the Human capital, we also apply the IV for not
only the export exposure, but also the interaction item AEPW;; - AK;; where
the identification is consistent with the strategy mentioned in section ?7?. And
then, the results are shown in table 7?7 which have the same arrangement as

17. The gross assets do not include only fixed assets and current assets, but also intangible
assets and long-term investments.
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table 15
As we can see from the table & the coefficients for the impacts of export

Table 8: Interaction physical capital

Dependent Variable: Granted Patents (averaged)

(1) (2) (3) (4) (5) (6)
AEPW 0178 0.185***  -0.186™*  -0.216**  -0.186"™*  -0.223***
(-3.69)  (-3.27)  (-4.68) (-5.22) (-5.03) (-5.53)

AEPW x AGross Asset -1.39e-09  -1.86e-09
(-0.86)  (-0.99)

AEPW x AFized Asset 2.25e-10 8.87e-10
(0.21) (1.01)
AEPW x ACurrent Asset 3.46e-10*  5.92e-10***
(1.73) (2.87)
AGross Asset 3.99e-09*  2.37e-09*
(1.88) (1.90)
AFired Asset -7.49e-10  -1.26e-09***
(-1.41) (-2.94)
ACurrent Asset -1.30e-10 -3.41e-10
(-0.24) (-0.69)
N 3560 3537 3560 3537 3560 3537
adj R? -0.710 -0.462 -0.568 -0.390 -0.546 -0.417
Underidentification 12.89 11.11 6.536 6.704 12.89 11.79
Weak identification 9.076 9.099 3.426 4.020 9.003 9.775
Region FE: Y Y Y Y Y Y
Time Trend: Y Y Y Y Y Y
Controls: N Y N Y N Y

T AEPW is the change of Export Exposure per capita, measured by the formula :§-Q: We allow the heteroskedas-
ticity and cluster the observations on the province level. The control variables include GDP per capita, Total
population, administrative area, and some local characteristics (road freight volume and number of hospitals).
Gross assets include fixed assets, current assets, and other intangible assets (Intellectual Property, Virtual As-
sets). The Underidentification test uses the ‘Kleibergen-Paap rk LM statistic’, so all the regressions passed with
Chi-sq(1) P —val < 0.1. And the Weak identification test uses the ‘Cragg-Donald Wald F statistic’; the critical
value is 8.96 (15% maximal IV size). No Over-identification test required, as the equation is exactly identified.¢
statistics in parentheses;

*** Significance at the 1 percent level.
** Significance at the 5 percent level.
* Significance at the 10 percent level.

exposure casts on the local innovations are statistically significant which keep
consistent with all our results mentioned previously. There is some evidence
from columns 5 and 6 indicating that higher current assets have a significant
positive impact on the effects of innovation coming from export exposure. Cur-
rent Assets including Cash and Cash Equivalents, Receivables and Prepayments,
Inventories and so on. Regions with higher current asset intensity can better
sponsor the creation and innovations, which obviously lead to more innovations
after opening to trade, although the gross impact is negative. This phenomenon
confirms our prior conclusion about “squeeze out” in the human capital part,
thereby providing further evidence for this mechanism from a different perspec-
tive on physical capital. However, when we come to the gross assets and fixed
assets, neither physical capital nor the interaction between capital and export
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exposure has a significant impact on innovation. This finding can be explained
by two aspects. Firstly, fixed assets do not significantly affect the innovation,
or even hinder that. Cash flow can be a budget constraint for firms and in-
vestment in fixed capital for future production can lead to “Crowding out” of
resources in R&D. Especially the manufacturing firms in developing countries
where following the path of global vertical industry segmentation and focus on
“Low-end” production. Second, the impacts of gross assets can come from the
counteracting effects of both current assets and fixed assets, which offset each
other. So we can conclude from these that, compared to human resources, phys-
ical capital does not significantly impact innovations, especially the fixed assets.
One step further, in order to maintain consistency with human capital, we also
separate the sectors into different groupings, applying asset ratios as criteria.
First, we take the asset per capita into consideration. We select the asset per
capita based on the industry level and group the top 30% versus the bottom
30% of them. The criteria are good for capturing asset intensity and identi-
fying which industries are considered knowledge-intensive. On the other hand,
we also use the asset sale ratio as the second measurement for the grouping
standard. The sales-over-gross-asset ratio is always considered a measurement
of the efficiency of the company and how much revenue the firm can generate
based on the total assets it has. It is also called the assist turnover ratio. We
take the inverse of the asset turnover ratio here and calculate it at the industry
level within a city, rather than at the firm level, to measure a broader level of
efficiency.

As we can see from the table, by comparing the first three columns with Panel
A versus Panel B, we can easily observe that the export exposure leads to more
recession in innovation in asset-intensive regions. We keep our argument which
says the talented workers with better educational backgrounds and skill certifi-
cates are being squeezed out into other, more profitable sectors, which means
the labor-intensive sectors, instead of the asset-intensive sectors, in China. The
results and phenomena shown here are consistent with the previous results in
section 5.4, In addition, columns 4 to 6 show a different story. The reverse
asset-sales ratio indicates regional efficiency, and we observe that innovations
in regions with a high asset-to-sales ratio have a more pronounced negative
impact from export exposure. Obviously, regions with rigid bureaucracies and
inefficient systems exhibit a lack of creativity and innovation. The reverse as-
set turnover ratio can capture the characteristics and how regional innovations
are affected by efficiency. The findings here provide cross-validation with the
results shown in table7t Systems with higher efficiency and flexibility are more
conducive to innovation activities.

At this point, our analysis achieves a logical closure. Throughout the sec-
ondary analysis, we initially posited that “high-educated” and “high-skilled”
employees — particularly in developing nations like China — are more prone
to being channeled by the vertical specialization of global value chains into
roles that, while relatively lucrative, are focused on “manufacturing” rather
than “creation”. This proposition is further reflected in the classification re-
sults based on “type” and “ownership” of the firms, aggregated into the region
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Table 9: Fiscal Capital Grouping Results

1) 2) ®3) (4) () (6)
Panel A: High Fiscal Capital
High Asset per capita High Asset to Sales

AEPW -0.0424***  -0.0692***  -0.0770*** -0.0335** -0.0370***  -0.0642**

(-3.29) (-5.39) (-6.26) (-2.45) (-3.34) (-2.69)
N 3832 3832 3808 3306 3306 3285
Underidentification 5.242 7.324 7.363 7.294 10.42 8.689
Weak identification 7.121 12.50 13.23 7.754 12.07 9.289

Panel B: Low Fiscal Capital

Low Asset per capita Low Asset to Sales

AEPW -0.0184***  -0.0177***  -0.0194*** -0.0223**  -0.0202**  -0.0311***

(-2.88) (-3.12) (-3.09) (-2.31) (-2.56) (-3.46)
N 3807 3807 3783 3231 3231 3214
Underidentification 12.32 13.25 12.81 6.437 8.158 7.618
Weak identification 29.57 34.83 32.33 14.17 24.23 22.29
Region FE: N Y Y N Y Y
Time Trend: N Y Y N Y Y
Controls: N N Y N N Y

t AEPW is the change of Export Exposure per capita, measured by the formula '-§(-_).' We allow the
heteroskedasticity and cluster the observations on the province level. The control variables include
GDP per capita, Total population, administrative area, and some local characteristics (road freight
volume and number of hospitals). The Underidentification test uses the ‘Kleibergen-Paap rk LM
statistic’, so all the regressions passed with Chi-sq(1) P — val < 0.1. And the Weak identification
test uses the ‘Cragg-Donald Wald F statistic’; the critical value is 8.96 (15% maximal IV size). No
Over-identification test required, as the equation is exactly identified.¢ statistics in parentheses;

*** Significance at the 1 percent level.
** Significance at the 5 percent level.
* Significance at the 10 percent level.
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level. Theoretically, multinational enterprises (MNEs) are expected to facili-
tate a certain degree of technology transfer through technology diffusion and
FDI. However, our empirical results indicate that regions with a higher share
of foreign ownership actually experienced greater innovation suppression follow-
ing trade liberalization. This finding validates the hypothesis presented in our
earlier theoretical model: compared to their “low-end” counterparts, Chinese
"high-end” manufacturing firms are more significantly impacted by industrial
chain transfers from developed countries. Consequently, for these firms, inno-
vation fails to leverage comparative advantage and does not yield substantial
profits. Similarly, the preceding discussion regarding physical capital substan-
tiates this point: Chinese manufacturing firms that are more labor-intensive,
and thus better able to exploit their comparative advantage, are less suscepti-
ble to the impacts of global value chain integration and the “unprofitability of
innovation”. It is possible that only by maintaining high levels of current assets
for R&D investment and ensuring the efficiency of both the enterprise and the
broader regional system can firms sustain their innovative capacity in the wave
of globalization.

8 Conclusion

This study provides a comprehensive analysis of the complex relationship be-
tween export exposure and regional innovation within China’s manufacturing
sector from 1998 to 2015, a period defined by rapid global economic integration.
By investigating the “reverse China shock,” we reveal how the surge in external
demand has reshaped domestic innovation. Integrating trade, foreign direct in-
vestment (FDI), human capital, and spatial spillovers into a unified framework,
our analysis challenges conventional wisdom and offers a new perspective from
the developing country.

Our theoretical framework adapts firm-level models to the regional level, demon-
strating that how access to international markets may affect the cost-reducing
innovations in “low-end” firms compared to quality-improving innovations in
“high-end” firms due to intensified competition from technologically advanced
foreign counterparts. This theoretical prediction is robustly supported by our
empirical findings. Contrary to expectations and previous studies based on
developed economies, we find that greater export exposure is associated with
a significant decline in local innovations mostly provided by “high-end” firms,
measured by granted patents. This negative effect contrasts sharply with the
consistently positive impact of FDI, which highlights foreign capital inflows as
a distinct and effective channel for technology diffusion.

Furthermore, our spatial econometric analysis uncovers a complex geographic
dynamic: while increased trade exposure suppresses innovation within a spe-
cific city, it generates positive spillovers for neighboring regions. This suggests
a spatial reallocation of innovative activities. We identify human capital dy-
namics as the primary mechanism driving these results. Human capital acts
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as a moderating variable, amplifying the negative local impact of export expo-
sure on innovation. This supports a ”squeeze-out” hypothesis, where China’s
comparative advantage in labor-intensive industries leads to the reallocation of
skilled labor from R&D - intensive roles to more immediately profitable man-
ufacturing activities like assembly. This effect is particularly pronounced in
education- and skill-intensive sectors, further validating our proposed mecha-
nism. On the other hand, physical capital does not appear to play a significant
moderating role. The significance of this study lies in its solid findings of the
trade-off between short-term gains from leveraging comparative advantages and
long-term sustainable growth driven by domestic innovation. From a policy
perspective, our findings suggest that promoting exports alone is insufficient for
fostering technological upgrading. Policymakers must recognize the potential
crowding-out effects of export-led growth on domestic innovation. To counter-
act the “squeeze-out” effect, targeted policies are essential for retaining and
effectively utilizing skilled human capital in innovation-oriented sectors. Such
measures could include R&D subsidies, tax incentives for high-tech firms, and
strengthened bridges between industries and universities. Additionally, given
the positive spatial spillovers observed, promoting regional innovation clusters
could maximize knowledge diffusion and create resilient innovation networks less
susceptible to localized pressures from export competition.

This paper contributes to the literature by offering one of the first comprehensive
analyses of how export-led growth has influenced innovation in the manufactur-
ing sectors in a major emerging economy. By employing a novel instrumental
variable strategy, complemented by spatial econometric models and robustness
checks using machine learning, we provide fresh evidence on the mechanisms
linking trade, globalization, human capital, and technological diffusion progress.
Future studies could extend this analysis by examining heterogeneous effects
across different firm types, exploring the role of global value chain integration,
and investigating the evolution of these dynamics in the post-2015 era of shifting
global trade patterns under a new set of geopolitical circumstances.
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Appendix
Theory Appendix

In section 3.1, we have discussed the firm-level relationship between innovation
and market size, assuming that all the firms in manufacturing sectors are fo-
cusing on cost-saving innovations instead of quality improvement in developing
countries. We are providing an adjusted model based on alternative scenarios
here, which still yields similar results to the model we previously presented.
We also start from the firms in closed economy with a perfectly competitive mar-
ket based on the production functioni2. The difference is, we do not simplify the
quality index g; as an exogenous constant value. Instead, we are introducing
another factor A € [0, 1], which is a factor the firms choose how much ‘share’
of their innovations intend to improve the quality of final products while 1 — A
shows how much share the firms choose to focus on ‘cost-saving’ innovations.
So, when the firms are going to maximize their profit:

mj = max {pjk; —njk;}  subject to (3), (A1)

Pjkj

and achieve the equilibrium quantity and price:

1-31%
p; = 18
-8

(A.2)

And the profit become:

B-1 1-8
Wj:TLiqj‘n<ﬁ y TE(l*ﬂ) B 6 (Ag)
Then, based on the Myopic Firms assumption, in order to calculate the expected
next period profit, we should consider two different types of costs. First, the
cost of quality improvement. In order to improve the quality by step A, the

cost should be C; = qujw?. And on the other hand, reduce the cost by step
5-1
A2, the cost should be Cy = 6, nixf So, the firm earning m;; = TLg;n; P
J
with marginal cost 77; and quality g; is expected to earn next period profit with

innovation effort choice x;; as:

Em; :A{(l — zj) [wgmi (L 4+ A1) + (1 — 2j) m5] — 91%‘90?}*
(A.4)

(1 —A){(l — zj) [:vﬂrj(l - /\2)% + (1 _%‘)7@} _92,71],5”?}

o1



So, firms can maximize this expected profit, leading to the equilibrium innova-
tion choice:

A’/Tj)\l —AZj’iTj)\l -+ (]. —A)(]. —Zj) [’/Tj(]. — )\2)% —7Tj:|

.’,Ej—

(1-2) {A)\l +(1-A) [(1 )T - 1] } 7
2[Ab1g;+ (1 4)0a:L] '

And by simplifying A to 0 or 1, we can reach the same results as equation 15 in
our model. Then we try to focus on A here, we can see that:

ow; 2 {Aleznij —(1-2) [(1 )T - 1} 91%}

0A 2
1[A01g; + (1 - A)oa L]

As we can see from the equation, the impact of A on the innovation effort
depends on the relative costs of the ‘quality-improvement’ versus the ‘cost-
saving’ innovations.

On the other hand,

o, _ Than 5 {a s @ [0 -0 1))

—J = < 0.
on;

2
1[A01g; + (1 - )02t ]

Similar to the model shown in the main text, when we consider the possibility
that the firms can choose between the different types of innovation, production
cost still has a negative relationship with innovation.
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Technical Appendix

Mathematics Here, we provide the mathematical proof for the standard error
adjustment for 2SLS manually.

y=X-b+u,

X=Z-b1+u

X=Z bors=2-1(2'2)" (ZX)|=P,-X, where P, =7 -(2'2)"* - Z'
y=X-b+4u

baszs = (X'X)71- (X'y) = (X'P.X)™" - X'P.y
Var(bases) = E(B3sys) — E(Basts)”
= B{[(X'P.X)"" - X'P.(XBasrs + )’} — Bisrs
= E{[Basrs + (X'P.X) ' X'Pul ™'} = B3g16
= [(X'P.X)"'X'P.]? - E[u?]
={(X'Z2(Z2)'ZX)"" X' 2(Z'2)' 7 - (X'2(ZZ)' 2’ X))t X' Z2(Z' 2)" 2} - o?
={(X'Z2(Zz'z2)'Z2’X)"'. 22 2) 2"} - o*
=(X'zZ(Z2)'Z’X)"" - 0?
=0 (X'P.X)"!

o2 =¢e/N, e=y—x-bysrs
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Robustness and Additional Tables

In this section, we will provide robustness checks for not only the baseline table
in the empirical analysis part, but also for additional tables in the secondary
analysis, including alternative specifications that cannot be included in the main
text. We will focus on the baseline robustness tables first, then include some
additional tables for the following secondary analysis and spatial econometrics
parts.
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Table A.4: Interaction Human Capital Robustness

Dependent Variable: Granted Patents (averaged)

AEPW

AEPW x No.Student

AEPW x No.Researcher

AEPW x No.Prof
No.Student
No.Researcher
No.Prof

N
Underidentification
Weak-identification
Region FE:

Time Trend:
Controls:

(1) 2) (3) (4) (5) (6)
S0.182%%F  -0.185"%F  -0.114"*  -0.179***  -0.0980*** -0.160"**
(-3.55)  (-4.70) (-4.36) (-4.98) (-3.33) (-4.30)

-0.0494**  -0.0556**
(-2.31)  (-2.40)
-0.0478***  -0.0394***
(-3.39) (-3.65)
0113 0107
(-2.90) (-3.01)
0.191%**  0.0951**
(6.88) (2.34)
0.120"*  0.0567*
(2.81) (2.02)
0.384***  0.263***
(5.57) (3.58)
3741 3721 3841 3817 3724 3704
7.341 7.769 13.16 10.47 11.12 8.910
4.007 4.838 7.615 7.171 7.645 5.995
Y Y Y Y Y Y
Y Y Y Y Y Y
N Y N Y N Y

 AEPW is the change of Export Exposure per capita, measured by the formula :_B-Q: Results of No.Student x
10,000, and No.Prof x 1,000 based on Units. We allow the heteroskedasticity and cluster the observations
on the province level. The control variables include GDP per capita, Total population, administrative area,
and some local characteristics (road freight volume, and number of hospitals). The Underidentification test
uses the ‘Kleibergen-Paap rk LM statistic’, so all the regressions passed with Chi-sq(1) P —val < 0.1. And
the Weak identification test uses the ‘Cragg-Donald Wald F statistic’; the critical value is 8.96 (15% maximal
IV size). No Over-identification test required, as the equation is exactly identified.¢ statistics in parentheses;
*** Significance at the 1 percent level.

** Significance at the 5 percent level.
* Significance at the 10 percent level.

The table shown here is a supplement to the previous results presented in
Table 5. We present the results of interactions between export exposure and
human capital, without taking the first-order difference. Both the interaction
items and human capital themselves exhibit statistically significant positive im-
pacts on local innovation, as measured by granted patents. The results here
are consistent with, and provide even more obvious evidence to, our conclusion

previously.
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Table A.5: Privatization and Foreign Ownership Rate Grouping Results Ro-
bustness

n @ 3) @) (5) (6)
Panel A: High privatization and foreign ownership rate
High privatization High foreign ownership rate

AEPW -0.164**  -0.187**  -0.142**  -0.202***  -0.227***  -0.257***

(-2.47) (-2.71) (-2.95) (-4.24) (-5.13) (-4.97)
AFDI 0.128 0.131 0.0555 0.266** 0.234* 0.0638

(1.15) (1.03) (0.72) (2.11) (1.92) (0.63)
ANo.Researchers 1.244 1.176 0.733 0.224** 0.130 0.0628

(1.53) (1.41) (1.19) (1.98) (1.27) (0.78)
N 748 745 680 712 712 679
Underidentification 3.046 3.732 3.415 3.047 3.548 2.950
Weak identification 16.80 27.55 41.06 61.95 35.00 121.8

Panel B: Low privatization and foreign ownership rate

Low privatization Low foreign ownership rate
AEPW -0.0325  -0.106™*  -0.184***  -0.0466** -0.0710***  -0.142**
(-0.49) (-2.10) (-2.76) (-2.03) (-3.30) (-2.60)
AFDI 0.232* 0.191** 0.0949 0.124* 0.137* 0.132
(1.90) (2.12) (1.26) (1.81) (1.77) (1.68)
ANo.Researchers — 0.209** 0.0938 0.0553 0.100*** 0.103*** 0.0462
(2.41) (1.69) (0.93) (2.77) (2.88) (1.20)
N 2364 2364 2241 2683 2683 2621
Underidentification 12.66 15.30 14.18 15.11 15.65 11.04
Weak identification 11.55 16.51 10.33 15.39 17.73 6.662
Region FE: N Y Y N Y Y
Time Trend: N Y Y N Y Y
Controls: N N Y N N Y

 AEPW is the change of Export Exposure per capita, measured by the formula E)(_)-" Results of
AFDI10,000 based on Units. We allow the heteroskedasticity and cluster the observations on
the province level. The control variables include GDP per capita, Total population, administra-
tive area, and some local characteristics (road freight volume, and number of hospitals). The
Underidentification test uses the ‘Kleibergen-Paap rk LM statistic’, so all the regressions passed
with Chi-sq(1) P —wval < 0.1. And the Weak Identification test uses the ‘Cragg-Donald Wald F
statistic’; the critical value is 8.96 (15% maximal IV size). No Over-identification test required,
as the equation is exactly identified.¢ statistics in parentheses;
*** Significance at the 1 percent level.
** Significance at the 5 percent level.

* Significance at the 10 percent level.
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Table A.7: Physical Capital No interaction for robustness

Dependent Variable: Patents authorized (averaged)

(1) 2) (3) (4) (5) (6)
AEPW -0.134*** -0.180*** -0.208*** -0.248*** -0.205%** -0.245%**
(-4.13) (-4.63) (-4.74) (-5.17) (-4.71) (-5.23)
ADepreciation, 2.40e-08***  2.16e-08***
(3.49) (3.19)
Alnventory 6.35e-09***  4.77e-09***
(3.16) (3.47)
AFinished Goods 1.94e-08**  1.42e-08***
(2.70) (2.92)
N 3818 3794 3818 3794 3818 3794
Underidentification 10.76 9.327 11.68 10.22 11.56 10.10
Weak identification 13.46 12.83 13.97 13.74 13.95 13.73
Region FE: Y Y Y Y Y Y
Time Trend: Y Y Y Y Y Y
Controls: N Y N Y N Y

T AEPW is the change of Export Exposure per capita, measured by the formula :§-Q: We allow the heteroskedas-
ticity and cluster the observations on the province level. The control variables include GDP per capita, Total
population, and administrative area. The Underidentification test uses the ‘Kleibergen-Paap rk LM statis-
tic’. The Weak identification test utilizes the ‘Cragg-Donald Wald F statistic’; the critical value is 8.96 (15%
maximal IV size). No Over-identification test required, as the equation is exactly identified. ¢ statistics in
parentheses;

*** Significance at the 1 percent level.
** Significance at the 5 percent level.
* Significance at the 10 percent level.

Alternative measurements for the physical capital are applied in these tables.
ADepreciation; here represents the total depreciation of the firms at time ¢
and has been aggregated to the regional level. We use the total depreciation
of all firms within the region to calculate the physical capital consumed in
period t. Alnventory represents the change in the total inventory of all the
manufacturing firms within the region. AFinished Goods here refers to the
change of manufactured items that have completely passed through all stages
of a firm’s production process and are immediately available for sale to external
customers within the region. Usually been classified as “Current Asset” on the
balance sheets.
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Table A.8: Interaction Physical Capital Robustness 2

Dependent Variable: Granted Patents (averaged)

) 2) ®3) (4) (5) (6)
AEPW -7.390 -3.076 -0.188*** -0.224*** -0.188*** -0.224***
(-0.07) (-0.15) (-5.02) (-5.56) (-5.03) (-5.60)
AEPW x ADepreciation, 0.00000552  0.00000211
(0.07) (0.14)
AEPW x Alnventory 2.35e-09"*  3.09e-09***
(3.18) (4.66)
AEPW x AFinished Goods 4.73e-09"*  5.87e-09**
(2.06) (2.63)
ADepreciation; -0.0000128  -0.00000484
(-0.07) (-0.14)
Alnventory -8.88¢-10 -1.91e-09
(-0.42) (-1.01)
AFinished Goods -2.40e-09  -5.15e-09
(-0.43) (-1.02)
N 3560 3537 3560 3537 3560 3537
Underidentification 0.00519 0.0200 12.83 11.77 13.13 11.86
Weak identification 0.00248 0.00947 8.903 9.747 9.180 9.794
Region FE: Y Y Y Y Y Y
Time Trend: Y Y Y Y Y Y
Controls: N Y N Y N Y

T AEPW is the change of Export Exposure per capita, measured by the formula EQ-I We allow the heteroskedasticity
and cluster the observations on the province level. The control variables include GDP per capita, Total population, and
administrative area. The Underidentification test uses the ‘Kleibergen-Paap rk LM statistic’. The Weak identification
test utilizes the ‘Cragg-Donald Wald F statistic’; the critical value is 8.96 (15% maximal IV size). No Over-identification
test required, as the equation is exactly identified. ¢ statistics in parentheses;

*** Significance at the 1 percent level.
** Significance at the 5 percent level.
* Significance at the 10 percent level.

We switch to different measurements of the Physical Assets, and the results
remain consistent with the table 8 shown previously in the Secondary analysis.
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Table A.9: Details of the types of firms

(1) 2)

Type Foreign Owner
State-owned Enterprise (SOE) NO
Collectively-owned Enterprise (COE) NO
Sino-foreign Equity Joint Venture (EJV) YES
Hong Kong, Macao, or Taiwan Sole Proprietorship Enterprise YES
Equity Joint Venture (Hong Kong, Macao or Taiwan-invested) YES
Hong Kong, Macao, or Taiwan-invested Joint Stock Company Ltd. YES
Wholly Foreign-owned Enterprise (WFOE) YES
Private Sole Proprietorship NO
Private Limited Liability Company (Private LLC) NO
Joint Stock Company Ltd. (or Stock Corporation) NO
State-collective Joint Enterprise NO
Other Limited Liability Company & NO
State-owned Joint Enterprise - NO
Cooperative Joint Venture (Hong Kong, Macao or Taiwan-invested) YES
Collectively-owned Joint Enterprise NO
Other Joint Enterprises NO
Other Enterprises NO
Private Partnership NO
Foreign-invested Joint Stock Company Ltd. YES
Sino-foreign Cooperative Joint Venture (CJV) YES
Shareholding Cooperative Enterprise NO
State-owned Sole Proprietorship Company,z: NO
Private Joint Stock Company Ltd,'-cl: - NO

a. This is often used interchangeably with “State-owned Enterprise” but is more specific.
“State-owned Sole Proprietorship” is also a literal translation.

b. This is a more specific legal term under the Company Law, often simply grouped under
SOE in economic analysis.

c. Or Private Stock Corporation
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