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Abstract

This paper studies how regional growth contributes to aggregate growth through knowl-
edge diffusion via factor mobility and trade. Using province-level data from China during
the 1990s and 2000s, we provide empirical evidence that internal migration and international
trade significantly increase local knowledge accumulation. Motivated by this evidence, we
develop and estimate a multi-region, semi-endogenous growth model in which knowledge
diffuses across provinces through trade and forward-looking migration decisions, while capi-
tal is endogenously accumulated. Applying the model to China from 1990 to 2010, we quantify
the roles of initial conditions, changing fundamentals, capital accumulation, and interregional
knowledge flows in shaping regional convergence and national growth. Initial fundamentals
have persistent effects on regional growth trajectories. In the early years, capital accumulation
and knowledge diffusion each account for roughly half of aggregate growth and much of the
cross-regional variation. Over time, knowledge diffusion becomes the dominant driver of both
regional and aggregate growth.

“We thank Pol Antras, David Atkin, Arnaud Costinot, Jonathan Eaton, Elhanan Helpman, Oleg Itskhoki, Samuel
Kortum, Marc Melitz, Ezra Oberfield, Esteban Rossi-Hansberg, Ana Maria Santacreu, Chris Tonetti, Fabrizio Zili-
botti and many seminar and conference participants for their useful conversations and comments. We thank Tingyu
Feng, Matthew Murillo, Xilin Yuan, and Yu Zhao for excellent research assistance. Correspondence by e-mail: sheng-
cai@cityu.edu.hk, lorenzo.caliendo@yale.edu, fernando.parro@rochester.edu, xwe@umich.edu.


mailto:shengcai@cityu.edu.hk
mailto:shengcai@cityu.edu.hk
mailto:lorenzo.caliendo@yale.edu
mailto:fernando.parro@rochester.edu
mailto:xwe@umich.edu

1 Introduction

In this paper, we study theoretically and empirically the mechanisms driving regional and aggre-
gate growth through factor mobility and the evolution of endogenous productivity. Using com-
prehensive province-level data from China during the 1990s and 2000s, we quantify how initial
conditions, factor accumulation, and knowledge diffusion through internal migration and interna-
tional trade drive regional productivity growth, regional inequality, and, consequently, aggregate
economic growth.

We begin by presenting causal evidence that knowledge diffusion through migration and trade
contributes to local knowledge accumulation. To quantify the aggregate implications of interre-
gional knowledge diffusion, we depart from the representative-agent aggregate framework and
develop a multi-region, semi-endogenous growth model in which knowledge flows through trade
and the forward-looking migration decisions of agents, while forward-looking investors endoge-
nously accumulate capital. We estimate the model and apply it to China, analyzing the sources of
growth between 1990 and 2010 —a period that spans both before and after the country’s integration
into the global trading system.

To estimate the causal effect of migration on local knowledge, we use an instrumental vari-
ables approach and develop an identification strategy that leverages historical variation in migra-
tion patterns. China offers an ideal setting for this analysis, having undergone rapid growth in
GDP, trade openness, and internal migration during the 1990s and 2000s. We construct gross in-
terprovincial migration flows using population census data and measure local knowledge stocks
and flows with several patent-based indicators, including per capita patent applications and ap-
provals (both stock and flow) at the provincial level. Our results show that provinces receiving
more migrants experience significantly faster knowledge growth. Notably, migrants from more
developed regions—defined as provinces with 1990 total factor productivity above the national
median—contribute disproportionately to local knowledge accumulation relative to those from
less developed areas. We also find that provinces with greater import openness, instrumented
by historical openness levels, see higher rates of knowledge growth. These findings are robust to
alternative outcome measures, model specifications, and the inclusion of province and year fixed
effects. The results remain robust when using alternative instruments.

To interpret our empirical findings and quantify the role of migration and trade in shaping
both regional and aggregate economic growth, we develop a dynamic multi-region model that
features endogenous local productivity growth driven by innovation and knowledge diffusion
through trade and migration, as well as forward-looking agents making migration and capital in-
vestment decisions. In particular, we consider a world economy with multiple countries and mul-
tiple locations within a country. In each location, growth emerges from factor accumulation and
the endogenous evolution of local productivity. Workers supply labor in their location and make

forward-looking migration decisions, which determine labor supply across locations. Capital ac-



cumulation at each location is determined by forward-looking landlords who make investment
decisions in local capital. The evolution of local productivity is modeled as a stochastic process
driven by the diffusion of global and local ideas. Global ideas are embedded in imported interme-
diate goods and diffuse more effectively to locations with greater exposure to international trade.
Workers learn about local ideas and carry insights with them when they migrate, and the quality
of these insights depends on the origin of the migrants. Consequently, the evolution of the local
stock of knowledge depends on the degree of international trade openness and labor mobility
patterns, consistent with our empirical evidence described above.

Before performing the quantitative analysis, we estimate the elasticities that govern the strength
of idea diffusion. We derive from the model a structural equation that connects trade and migra-
tion shares to changes in the local knowledge stock. This non-linear equation is the key equation
for our estimates, though it presents the econometric challenge of having endogenous trade and
migration flows within the nonlinear estimation. To address this endogeneity concern, we con-
struct instruments for those flows in a consistent way as in our reduced-form empirical analysis.
We then use instrumented non-linear least squares (NLLS) to estimate structural parameters that
govern the rate of idea flows through trade and migration, as well as the rate of innovation. With
data from 1990 and these estimates in hand, we proceed to our quantitative assessment.

We show how to bring the model to regional data and demonstrate that the initial conditions
significantly influence the transition dynamics of the economy. These conditions include the equi-
librium regional distribution of economic activity in 1990, which reflects prior policies and changes
in economic fundamentals, such as the establishment of special economic zones. By extending the
dynamic-hat algebra method of Caliendo et al. (2019) to a growth model, we avoid the restrictive
assumption that the economy is on a balanced growth path and instead perform counterfactual
analysis along the transition path. Since comprehensive data to identify these earlier changes
in fundamentals are unavailable, analyzing the economic transition driven by initial conditions
offers novel insights into their role in subsequent growth in China.

We first examine how initial conditions shaped regional and aggregate growth in China dur-
ing the 1990s and 2000s. In particular, we ask: How would China have developed given the initial
distribution of fundamentals in 1990 but assuming no changes in trade and migration costs there-
after? We find that initial conditions played a significant role in China’s subsequent growth. In
particular, the set of economic fundamentals in 1990, reflected in the initial conditions, placed the
economy on a transition path characterized by high economic growth in the following decades.
During the 1990s, idea diffusion and capital accumulation contributed roughly equally to this ag-
gregate growth. However, while the contribution of capital accumulation to growth remained sta-
ble in the 2000s, the relative importance of idea diffusion increased significantly. Initial trade open-
ness and worker mobility facilitated the spread of ideas and increased China’s stock of knowledge.
As knowledge diffused and locations expanded their knowledge stocks, individuals contributed
better insights to their local areas and to other regions through migration. We also find that re-



forms related to changes in trade costs and migration frictions after 1990 played a relatively small
role in growth compared to the impact of initial conditions.

The processes of factor accumulation and idea diffusion through trade and migration in our
framework account for most of the observed regional heterogeneity in both GDP levels and growth
rates. Eastern provinces experienced higher growth rate due to capital accumulation and ideas
diffusion from international trade relative to western and other provinces. Growth in the west-
ern and northern regions was primarily supported by idea diffusion from migrants coming from
highly productive locations in eastern China. In the eastern provinces, growth during the 1990s
was driven more by capital accumulation than by ideas diffusion. As noted earlier, the initial con-
ditions in 1990 reflect earlier economic changes, including the establishment of special economic
zones, most of which were located in eastern China and fostered capital accumulation and ac-
cess to the world economy. By contrast, in the 2000s, the relative contribution of idea diffusion
as a source of growth increased in eastern locations. Migrants from other regions brought bet-
ter insights compared to the previous decade, enhancing the stock of knowledge in these areas.
The growth effects of idea diffusion through trade and migration are crucial for understanding
regional growth during China’s economic transition in the 1990s and 2000s.

Removing knowledge diffusion from the model reduces the correlation between model-implied
and observed regional growth by nearly half. While capital accumulation is an important driver of
growth in the early 1990s for some regions, it cannot explain the persistent heterogeneity in growth
rates across regions. We also show that introducing an exogenous common productivity growth
rate or regional scale effects improves the correlation with observed growth. However, these alter-
native mechanisms fall short of accounting for the observed regional growth heterogeneity when
compared to the framework that includes idea diffusion through trade and migration.

Our empirical evidence on how migration affects knowledge flows is closely aligned with
recent findings by Burchardi et al. (2020) on the impact of immigrants on ideas, innovation, and
growth in the United States. We find evidence that internal migration enhances knowledge growth
in China. Moreover, we present causal evidence demonstrating that migrants from more devel-
oped regions contribute more significantly to knowledge growth in a given destination area com-
pared to those from less developed regions. These findings are closely related to the work of Pel-
legrina and Sotelo (2024), which examine the role of migration in disseminating knowledge across
regions in Brazil. In particular, the authors present reduced-form evidence showing that average
labor productivity in a specific region-crop group is higher when migrants to that region originate
from areas with high productivity in the same crop. Moreover, we contribute to this literature by

providing causal evidence on the impact of trade openness on local knowledge growth.!

More generally, our connection of knowledge diffusion to migration is also related to recent empirical evidence
on knowledge flows resulting from interactions among people (e.g., Atkin et al. (2022), Buzard et al. (2020)), as well
as studies on the impact of immigrants on ideas, innovation, and growth in the United States and other countries
(e.g., Kerr (2008), Hunt and Gauthier-Loiselle (2010), Lewis (2011), Akcigit et al. (2017), Bernstein et al. (2018), Sequeira
et al. (2019), Arkolakis et al. (2020), Prato (2021)). There is also recent evidence on how internal migration impacts
productivity and other related outcomes in destination regions in countries that have experienced significant internal



The knowledge diffusion from trade in our model builds on quantitative frameworks of knowl-
edge diffusion and growth, as in Eaton and Kortum (1999), Eaton and Kortum (2001) and Cai
et al. (2022). More specifically, our approach of relating knowledge diffusion to trade is grounded
in Buera and Oberfield (2020). More generally, our paper also relates to and builds on studies
that find that the diffusion of ideas across agents can generate sustained growth, as seen in Al-
varez et al. (2013), Lucas and Moll (2014), and Perla and Tonetti (2014).” In a different context,
our paper also relates to Cai and Xiang (2022), who study global growth and technology diffu-
sion through multinational production across countries. Unlike those frameworks, we propose a
dynamic regional model that incorporates forward-looking factor accumulation and endogenous
local productivity growth through the diffusion of global and local ideas to study aggregate and
regional growth.

The knowledge diffusion process in our framework also relates to growth models involving
the local diffusion of technology (e.g., Berkes et al. (2022), Desmet and Rossi-Hansberg (2014). Our
framework shares some aspects with these papers, such as the regional heterogeneity in funda-
mentals and the geographic aspect of local knowledge diffusion. However, in our framework, lo-
cal knowledge growth is mediated by endogenous economic mechanisms—trade and migration—
instead of being dictated by exogenous geographical distance or technological frictions. While
distance is likely correlated with trade and migration due to gravity forces, our framework en-
ables us to study how policy interventions or changes in economic fundamentals influence growth
through equilibrium adjustments in trade and migration patterns. More broadly, this distinction
sets our framework apart from studies focusing on other types of exogenous regional spillovers or
externalities. Additionally, our framework distinguishes itself from these papers by incorporating
forward-looking migration and capital accumulation decisions, which are essential for capturing
the impact of agents” anticipations on growth throughout China’s transition dynamics.

The factor supply side of our framework is based on forward-looking migration decisions,
as in Caliendo et al. (2019), while locations trade goods with the rest of the world, as in Eaton
and Kortum (2002). As previously described, capital accumulation in our framework involves
forward-looking atomistic landlords who make investment decisions in local capital to maximize
intertemporal utility, following the structure outlined in Angeletos (2007), Moll (2014), and Klein-
man et al. (2023).> Our main departure is that, in our framework, aggregate growth arises from

both factor accumulation and endogenous productivity growth at each location. This aspect is cru-

migration episodes (e.g., Facchini et al. (2019), Imbert et al. (2022)).

2The model in Buera and Oberfield (2020) also relates to Kortum (1997) when there is no idea diffusion, and to Jones
(1995) and Atkeson and Burstein (2019) which has intertemporal knowledge spillovers that are not modeled explicitly
as a function of insights. Idea diffusion through trade in our paper is also related to other recent frameworks modeling
innovation and diffusion of technologies as stochastic processes to study the connection between trade and the diffusion
of ideas (e.g., Lucas (2009), Sampson (2016), and Perla et al. (2021)). For a broad review of semi-endogenous growth
models, see Jones (2022).

3Capital accumulation in our dynamic spatial framework also connects to dynamic models of capital accumulation
and international trade (e.g., Eaton et al. (2016), Alvarez (2017), Ravikumar et al. (2019), Anderson et al. (2019)), with
the key difference that labor is assumed to be immobile across countries in that strand of literature.



cial for connecting spatial growth with the traditional sources of aggregate growth emphasized in
macroeconomic literature.

This paper contributes to the literature on China’s aggregate economic growth, which inves-
tigate factors such as financial frictions, innovation, hierarchical structures, and institutional re-
forms (e.g., Song et al. (2011), Konig et al. (2022), Song and Xiong (2023), Fernandez-Villaverde
et al. (2023), Brandt et al. (2023), Chen et al. (2024), Cheremukhin et al. (2024)).* In addition,
Zhu (2024) highlights that knowledge diffusion, alongside the previously mentioned factors, is a
primary driver of China’s aggregate productivity growth. Relatedly, Konig et al. (2022) develop
an endogenous growth model to study how diffusion through random interactions among firms
and innovation contributed to TFP growth in China from 2007 to 2012, while Chen et al. (2024)
empirically examine how policy diffusion across regions impacts growth in China. Our work ad-
vances this strand of literature in three key dimensions. First, we provide novel causal evidence on
knowledge diffusion across regions, facilitated by the surge in international trade and internal mi-
gration during the 1990s and 2000s. Our empirical evidence offers insights into how each location
acts as a source of ideas that diffuse spatially through migration and through trade, each making
distinct contributions to growth in the destination. Second, we develop a dynamic spatial model
to incorporate this important diffusion mechanism and show that knowledge diffusion is crucial
for rationalizing the observed heterogeneity in regional growth in China. Third, we highlight the
role of initial conditions in 1990, reflecting the influence of earlier policies and economic funda-
mentals on China’s growth path post-1990. The feature of our quantitative framework, combined
with our empirical evidence from the 1980s and 1990s—a pivotal period during which the Chi-
nese economy began its rapid ascent—contrasts with existing literature, which primarily focuses
on periods after the year 2000.

This paper also contributes to the literature on the role of China’s internal migration in its
development (Tombe and Zhu (2019), Fan (2019), Hao et al. (2020), Guo et al. (2022), Imbert et al.
(2022), and Egger et al. (2024)). This strand of literature examines how internal migration in China
impacts welfare, structural change, technology adoption, and TFP, typically through the lens of
static models. Our study advances this literature by introducing a dynamic spatial framework
with semi-endogenous growth to analyze how diffusion through internal migration influences
both regional and aggregate growth during transitional dynamics—a defining characteristic of
China’s development in the 1990s.

The rest of the paper is structured as follows. In Section 2, we present stylized facts on trade,

migration, and GDP in China during the 1990s, and provide casual evidence on how trade and

4Cornprehensive reviews of the drivers behind China’s rapid growth have been provided by Xu (2011), Zhu (2012),
Storesletten and Zilibotti (2014), Zilibotti (2017), and Zhu (2024). A recent paper by Ferndndez-Villaverde et al. (2023)
employs a Ramsey-Cass-Koopmans one-sector growth model augmented with a parsimonious TFP catch-up process to
explain China’s growth trajectory from 1995 to 2019, while remaining agnostic about the specific mechanisms driving
TFP catch-up in China. We differ from their work in three key ways. First, our study provides explicit mechanisms that
influence TFP to explain China’s growth. Second, we explore how regional growth contributes to aggregate growth.
Third, we account for growth in the 1990s and the role of initial conditions reflecting earlier economic fundamentals.



migration affect local knowledge stock. In Section 3, we develop the model. In Section 4, we
estimate the model and describe the method for counterfactual analysis. Section 5 presents our
quantitative results and Section 6 concludes. We relegate all proofs, theoretical derivations, and
detailed data descriptions to the appendix.

2 Empirical Evidence

In this section, we document several salient characteristics of regional development in China dur-
ing the 1990s. To do this, we use the most comprehensive data available for China since 1987.
With this data, we present facts on China’s trade, growth, and migration. After that, we estab-
lish causal relationships between trade, migration and idea flows. We now proceed to describe
our dataset. Appendix A presents a more comprehensive description of all the data used in the

empirical sections of this paper.

2.1 Data

The data we use include comprehensive information on inter-province migration flows in China
over multiple decades. Specifically, it combines data from three Population Censuses conducted
in 1990, 2000, and 2010, along with four Population Sample Surveys (1% representative sample)
from 1987, 1995, 2005, and 2015. Additionally, the data we use includes macroeconomic indicators
such as trade, production, GDP, employment, and capital formation. These are sourced primarily
from the China Compendium of Statistics (1949-2008) and the National Bureau of Statistics online
data (1995-2015). For data beyond China, we use resources such as the Penn World Tables and the
World Development Indicators (WDI).

We access patent data through provincial-level statistics using National Statistical Yearbooks
compiled by the National Bureau of Statistics from 1985 to 2015, supplemented by Google patent
data to represent global patent stocks. Google patent data serves as a publicly available coun-
terpart to the European Patent Office’s World Patent Statistical Database (PATSTAT) (Liu and Ma
(2021)). With this dataset, we describe and analyze disaggregate growth in China and how it has
been influenced by trade, and by migration dynamics.

2.2 Trade, Migration and Growth in China

Table 1 displays aggregate trends in trade, migration, and growth in China during the 1990s and
2000s. As we can see, during the first half of the 1990s, imports as well as exports increased
by around 140%. Both figures continued to grow throughout the sample period presented in
the table. Part of the growth in imports and exports during the beginning of our sample period
can be attributed to the process of economic transformation and policies aimed at integrating the

economy into the global economy. In fact, in the early 1990s China had agreed to remove trade



Table 1: Aggregate Trends

Year Annual GDP Growth Rate  Change in Imports ~ Change in Exports =~ Number Migrants

1990-95 12.3% 148% 140% 10,440,127
1995-00 10.4% 70% 67% 34,264,210
2000-05 10.2% 193% 206% 38,597,107
2005-10 10.5% 112% 107% 57,400,107

Notes: This table shows the aggregate trends in GDP growth, changes in imports and exports, and inter-province
migration. The data are sourced from the World Development Indicators, China Population Censuses, and population
surveys conducted in various years.

Figure 1: Real GDP Annual Growth Rates Across Provinces
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Notes: The figure presents the annual GDP growth rate for each province in China for different time periods.

barriers and open its markets to foreign competition as it prepared to accede to the WTO by the
year 2000. One policy in this direction was the implementation of place-based industrial policies
for economic development, focusing on the establishment of special economic zones (see Lu et al.
(2023) and Alder et al. (2016)). In the year 1990, special economic zones were in place in the
provinces of Guangdong, Xinjiang, Fujian, and Hainan.

Table 1 also shows the annual GDP growth in the 1990s and 2000s. As we can see, China
experienced double-digit growth rates throughout this period. The annual growth rate in the first
half of the 1990s was higher than that observed in the remainder of the period. This growth was
very uneven across regions, with the eastern provinces experiencing the highest growth rates.
Figure 1 presents the annualized growth rates across provinces over different time intervals.”

As we can see in Figure 1, eastern provinces experienced higher growth rates than those in

5 Appendix A.2 displays the annual growth rate and the level of GDP for each province.



the western and northern regions of China. In addition, growth rates were more dispersed across
regions in the early 1990s compared to later periods, when they tended to converge. This hetero-
geneity in growth across regions and time is a salient characteristic of China’s growth path that
we aim to explain with a spatial growth model. In Appendix A.2, Figure A.3 presents the levels
of GDP for each province over time, indicating that the ranking of provinces in terms of real GDP
levels remained stable despite the heterogeneity in regional growth.

The last column in Table 1 shows inter-province migration flows. As we can see, the number
of migrants has been rapidly increasing over time, starting from 10 million in the first half of the
1990s, and becoming more than 5 times larger by the end of the sample period.®

To depict mobility patterns across provinces in China, Figure 2 presents the five-year mobility
flows across provinces that occurred from 1990 to 1995. As an illustration of the migration patterns
(see Appendix A for more details on inter-province migration patterns), we show the mobility
flows from other provinces to Beijing, Shanghai, and Guangdong (left panel) and from these three
provinces to the rest of the provinces in China (right panel). Origin provinces are on the left axis,
destination provinces are on the right axis, and a thicker line in the figure indicates a larger flow.
These three provinces have higher initial measured productivity, and we can see how they receive
migrants from all provinces in China. In the right panel, we also observe how migrants move
from these high-productivity places to the rest of China, which indicates the importance of return
migration in China, partly due to the Hukou restrictions, which impose extra costs for migrants to
reside in provinces where they were not born.” These return migration patterns in the data will be
useful for studying the extent to which return migrants diffuse knowledge from high-productivity
areas to lower ones.

All of these patterns of trade and migration in China influenced the development process
during the 1990s and 2000s. We now proceed to establish causal relationships between migration,

trade, and knowledge diffusion.

®Note that this figure includes only inter-province migrants and excludes intra-province migrants, making it a
lower bound on the total number of migrants.
’See Chan (2010) for a summary of the Hukou system.



Figure 2: Mobility Across Provinces in China (1990-1995)
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Notes: The left panel shows migration from other provinces to Beijing, Shanghai, and Guangdong between 1990 and
1995, measured in 10,000 people. The right panel depicts migration from Beijing, Shanghai, and Guangdong to other
provinces during the same period in the same units. Data are sourced from the 1995 mini population census.

2.2.1 Trade, Migration and Knowledge Flows

In this section, we present evidence of idea flows through inter-province migration and interna-
tional trade. We first document that provinces receiving more migrants experience larger increases
in their stock of local knowledge. We then show that migrants from more productive origins con-
tribute more significantly to the growth of knowledge in the destination provinces. Additionally,
we document that provinces with higher import shares experience greater growth in their knowl-
edge stock. We establish causality using instrumental variables for migration and import shares.

To establish that migration affects knowledge growth, we begin by estimating the following
specification:

Ynt+1 — Ynt = P x Migration, ; + 7t + 1 + €nt, D

where Migration, ; measures the number of migrants flowing into destination province n be-
tween t and t + 1, where each period is five years. We use migration data for the years t =1985,
1990, 1995, ..., and 2010. The outcome of interest y,,; is the number of patents per capita, hence
Ynt+1 — Yn,t is the change in the number of patents. We use several measures of v, ;, including
patents granted, patents filed, patent stocks, and patent flows. In particular, patent flows are de-
fined as new patents in each period ¢, and patent stocks are defined as accumulated patent flows

up to t.8 This specification in changes controls for long-lasting differences between provinces, mit-

80ur province-level patent data are obtained from the China Statistical Yearbook compiled by the National Bureau
of Statistics, with the patents themselves sourced from China’s State Intellectual Property Office (SIPO). In Appendix
A.2, we show that patents are highly correlated with TFP at the provincial level. This is the same data source used by
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Table 2: Migration, Trade, and Changes in Patents

Granted Filed

Flow Stock Flow Stock
APatents Per Capita (1) (2) (3) 4)
Migrationff’t 0.58*** (0.85*** (.95%**  1.55%**

(0.12)  (0.20) (0.13) (0.25)
Migrationﬁ/t -0.07**  -0.11** -0.13*** -0.22***

(0.03)  (0.05) (0.04) (0.06)
(Import/GDP) s 0.23***  0.37***  (0.34***  (0.63**

(0.04) (0.13) (0.10) (0.24)
Observations 180 180 180 180
R? 0.640 0.635 0.726 0.714
Number of provinces 30 30 30 30
Year FE v v v v
Province FE v v v v

Notes: This table presents the correlation between changes in patents per capita and migration as well as the import-
to-GDP ratio across provinces. Migrants are separated into those from high-TFP provinces (Migrationft) and low-TFP

provinces (Migration,%,t). High-TFP provinces are defined as those with TFP levels above the national mean in 1990,

while the remaining provinces are classified as low-TFP. Migrationﬁ,t, where k = H, L are measured in units of 10,000

people. (Import/GDP),; is measured in units of 1 percentage point. Patents per capita are expressed as the number
of patents per 10,000 residents, including both migrants and stayers in 1990. The dependent variables in columns (1) to
(4) are the flow per capita of granted patents, the stock per capita of granted patents, filed patent flow per capita, and
filed patent stock per capita, respectively. The data covers years 1990, 1995, 2000, 2005, 2010, and 2015. All columns
include controls for year and province fixed effects. Robust standard errors, clustered at the province level, are reported
in parentheses, and *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

igating concerns about the potential skewness of v, ;. The terms ; and <y, are time and province
fixed effects, respectively. Since we control for province-specific trends in v, and also include
a province fixed effect 7, our specification exploits only deviations from the province’s average
growth of patent flows and stocks over time.

Table 2 presents the results. Panel A shows that, for all of our measures of knowledge, there
is a positive correlation between the number of migrants a region receives and the change in local
knowledge. Panel B shows that this correlation is stronger for migrants from more productive ori-
gins compared to those from less productive provinces. Specifically, Migrationfgt and Migrationf;’t
refer to migrants from high-TFP (H) provinces and low-TFP (L) provinces, respectively, where
provinces are classified as H or L based on whether their 1990 TFP exceeded the median TFP level
across all provinces. Remarkably, the correlations with these two variables are stronger compared
to the simple correlation with the total number of migrants.

We then expand the previous regressions to explore the role of international trade in knowl-

edge diffusion by estimating the following specification:

Konig et al. (2022), who also find a positive correlation between R&D and patenting.
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Table 3: Effects of Migration on Knowledge Growth

Granted Filed
Flow  Stock  Flow Stock
APatents Per Capita (1) (2) (3) 4)
Panel A: Pooled Migrants
Migration,, , 0.07*  0.10*  0.10% 0.16%
(0.03) (0.05) (0.05)  (0.08)
Observations 180 180 180 180
R? 0451 0452  0.507 0.484
Number of provinces 30 30 30 30
Year FE v v v v
Province FE v v v v
Panel B: Migrants of Two Types
Migrationfgt 0.57%* (0.83*** (.93*** 1.51**
0.07) (0.11) (0.13)  (0.18)
Migrationf;/t -0.06**  -0.09** -0.11** -0.19***
(0.03) (0.04) (0.04) (0.06)
Observations 180 180 180 180
R? 0596  0.587  0.683 0.659
Number of provinces 30 30 30 30
Year FE v v v v
Province FE v v v v

Notes: This table presents the correlation between migration and changes in patents per capita across provinces.
Migration,, , and Mlgratlonn ;» where k = H, L are measured in units of 10,000 people. Patents per capita are expressed
as the number of patents per 10,000 residents, including both migrants and stayers in 1990. The dependent variables in
columns (1) to (4) are the flow per capita of granted patents, the stock per capita of granted patents, filed patent flow
per capita, and filed patent stock per capita, respectively. In Panel A, the main independent variable is the total number
of migrants from other provinces (Migration,, ;). In Panel B, migrants are separated into those from high-TFP provinces

(Mlgratlonn ¢) and low-TFP provinces (Mlgratlonn ¢)- High-TEP provinces are defined as those with TFP levels above
the national mean in 1990, while the remaining provinces are classified as low-TFP. All columns include controls for
year and province fixed effects. Robust standard errors, clustered at the province level, are reported in parentheses,
and *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

. . L Import
Ynit1 —Yne = Y P/ +Migration/, + ™M ( P Yt + vt + Yn + Ent. (2)
je{TL) ’ GDP

The results in Table 3 show that, as before, knowledge growth is positively correlated with mi-
grants from high-TFP provinces relative to low-TFP provinces. Additionally, the results show
a positive correlation between knowledge growth and international trade, measured as import
shares in GDP.’

9We use the ratio of imports to GDP as a proxy for a province’s openness to the rest of the world, since the mecha-
nism we emphasize is idea diffusion through foreign goods rather than learning by exporting.
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Even though we estimate (2) in differences and control for fixed effects that account for province-
specific trends, a concern with the OLS regressions is that unobserved shocks may influence both
knowledge growth and migration. We discuss potential sources of endogeneity and propose a
solution using two sets of instrumental variables.

Suppose there is a positive shock to productivity and knowledge growth in provinces with
high TFP (e.g., coastal provinces). This shock could lead to production expansion by incumbent
tirms, attracting cheap labor from low-TFP provinces and retaining local workers. Consequently,
GDP may increase, causing the import-to-GDP ratio to decline in those provinces. This scenario
would introduce a downward bias in B and '™ and an upward bias in BL. Alternatively, con-
sider a positive shock to productivity and knowledge growth in interior provinces with low TFP.
Such a shock could encourage the entry of new firms requiring high-skilled managers from high-
TFP provinces, alongside local cheap labor. In this case, the bias would be upward in ,BH and ,BI M
and downward in L.

To address these endogeneity concerns and similar issues, we follow Card (2001) and Bur-
chardi et al. (2020) in constructing instrumental variables for internal migration. Additionally, we
use a five-year lag of import shares as an instrument for current import shares.

The Card IV is defined as follows: Il(,i“[ d — iy % IIl”‘t—’jl, where I;.; is total number of out-
migration from 7 in time ¢, and n # i. The IV is a combination of push factors I;. ;, and pull factors
measured by the previous share of migrants from i and into n. Hence, with a slight abuse of

notation, our IV is constructed as

7V Card : __
In,t - Z Iin,t ] = L/H/
icZi

where Z* stands for the set of origin provinces with TFP below the national median in 1990, and

TH is the set with TFP above the national median in 1990. The identification assumption for our

in

Card IV is that €, is orthogonal to I;. ; x Ilt—:l for all i and ¢. This requires that any unobserved
shocks €, that cause temporary increases in a given destination province’s knowledge growth

do not systematically correlate with migrants from an origin province to other provinces (I;. ;)
Iin,t—l
Lip17"

Table 4 presents the results from the second stage, and Tables B.1 in Appendix B presents the

interacted with the share of migrants in that destination five years ago (

first-stage results. The results show causal evidence that provinces that receive more migrants
from more productive places experience a larger increase in their knowledge relative to those that

receive fewer migrants from those places. The results also indicate, as reflected by the negative

L

sign on Migration, ,,

that migration from less productive provinces contributed less to knowledge
growth compared to migration from more productive places, where the results vary slightly across
specifications. Finally, we also find that a larger import share contributed to higher growth in local
knowledge.

One of the possible concerns regarding the Card IV is that both push and pull factors might still

13



Table 4: IV Regressions: Migration, Trade, and Changes in Patents

Granted Filed
Flow  Stock  Flow Stock
APatent Per Capita 1) (2) (3) 4)
Panel A: Card (2001)’s IV
Migrationﬁt 0.67*** 1.00*** (0.88*** 1.56%**
(0.23)  (0.28) (0.13) (0.28)
Migrationﬁ/t -0.08  -0.12* -0.10** -0.22***
(0.06) (0.07) (0.05) (0.07)
(Import/GDP) s 0.47%*  (0.85*** (0.81*** 1.58***
(0.16) (0.27)  (0.25) (0.40)
Observations 150 150 150 150
Number of provinces 30 30 30 30
Year FE v v v v
Province FE v v v v
First Stage F-statistic 16.41; 18.72; 48.26
AR Wald F-test P-value 0.000 0.000 0.000 0.000
Panel B: Burchardi et al. (2020)'s IV
Migrationﬁ{t 1.77%*  2.85%  221*  4,05*
(0.68) (1.15)  (0.88) (1.59)
Migration,, , -0.40**  -0.64** -0.49**  -0.91*
(0.16) (0.28) (0.22) (0.40)
(Import/GDP) s 1.35%%  220%* ] 87*** 352
(0.57)  (0.89) (0.68) (1.11)
Observations 150 150 150 150
Number of provinces 30 30 30 30
Year FE v v v v
Province FE v v v v
First Stage F-statistic 12.93;11.11; 6.12
AR Wald F-test P-value 0.015 0.005 0.016 0.006

Notes: This table shows the IV regression results. Migrants are separated into those from high-TFP provinces
(MigrationnH,t) and low-TFP provinces (Migrationﬁ/t). High-TFP provinces are defined as those with TFP levels above

k  where k = H,L are

the national mean in 1990, while the remaining provinces are classified as low-TFP. Migrationn,t,
measured in units of 10,000 people. (Import/GDP),; is measured in units of 1 percentage point. Patents per capita are
expressed as the number of patents per 10,000 residents, including both migrants and stayers in 1990. The dependent
variables in columns (1) to (4) are the flow per capita of granted patents, the stock per capita of granted patents, filed
patent flow per capita, and filed patent stock per capita, respectively. We instrument migration following Card (2001)
in Panel A and Burchardi et al. (2020) in Panel B. We instrument (Import/GDP), ; using (Import/GDP),;_1. We re-
port the Sanderson-Windmeijer F-statistic in the first stage to accommodate our specification with multiple endogenous
variables. The Anderson-Rubin Wald F-test p-value is reported in each column. All columns include controls for year
and province fixed effects. Robust standard errors, clustered at the province level, are reported in parentheses, and *,
**, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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be endogenous. As a result, we also follow Burchardi et al. (2020) and construct an instrumental
variable that accounts for the possible endogeneity of the push and pull factors. In particular,
the approach relies on the past history of migrants to instrument the push and pull factors in
the Card IV. In Appendix B.2 we describe all the steps taken to construct the Burchardi et al.
(2020)-style instrument. Panel B of Table 4 shows that we find the same casual evidence as we
did using the Card IV; namely, that migrants from more productive provinces contribute more
to local knowledge than migrants from less productive places, and that provinces more open to
international trade also experience a larger increase in local knowledge. In Table B.2, we present
the estimated first-stage regression using the Burchardi et al. (2020)’s IV.

Motivated by the empirical evidence, we now introduce a dynamic spatial growth model that
both aligns with these findings and allows us to quantify the role of diffusion through trade and

migration in shaping regional and aggregate growth.

3 The Model

In this section, we develop the dynamic multi-region growth model. We begin with a description
of technology diffusion in a single economy in Section 3.1. In Section 3.2 we introduce locations
in the framework and describe the trade and production structure of the model. After that, we
specify the supply of factors in our framework. In Section 3.3 we describe the capital accumula-
tion decisions made by local landlords, and in Section 3.4 we specify the dynamic labor supply
decisions made by migrants. In Section 3.5 we endogenize the idea diffusion process, relate it to
migration and trade, and derive the evolution of the stock of knowledge across regions. We also

define the balanced growth path equilibrium of the economy and detrended model.

3.1 Innovation and Idea Diffusion

In this section, we model idea diffusion as a stochastic process in a generic economy to derive the
distribution of ideas and law of motion of the stock of knowledge. Later, by incorporating the
structure of our framework, this law of motion of knowledge across locations will be linked to
trade and migration in a way that rationalizes our empirical findings from the previous section.
To simplify the exposition, consider a single economy in which there is a continuum of inter-
mediate varieties produced in the unit interval. For each variety, there is a large set of potential
producers who have different technologies to produce the good. Each potential producer is char-
acterized by the productivity of her idea, which we denote by g, to produce an intermediate vari-
ety. Between time f and time ¢ 4 1, producers interact with other agents in the economy and are
exposed to new ideas to produce a variety. The productivity of a new idea might or might not be
higher than that of the ideas the producer already has, so she only adopts a new idea if the new
idea’s productivity is greater than g. Both the number of new ideas and the productivity of them

are stochastic, which generates randomness in the usage of the new ideas.
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In particular, the number of new ideas to which a producer is exposed is stochastic and follows
a Poisson distribution. Each new idea corresponds to a new productivity to produce the variety
and is given by zq'?. This new idea has two random components: z is the original component,
drawn from an exogenous distribution H(z); and ¢’ is an insight drawn from a source distribution
Gt(q") whose evolution we describe subsequently. Producers generate new ideas originating from
their internal source of ideas, drawn from their own distribution of original ideas H(z). Diffusion
is a component that is external to the producer and that allows her to be exposed to the ideas
of other producers. These ideas diffuse at a rate that is captured by the parameter p. In this
context, the original component of the producer’s ideas can also be interpreted as randomness in
the adaptation of insights from others to alternative uses.

To gain tractability, in Assumption 1 we specify the distribution of original ideas, the process
for the arrival of ideas, and the parametric restrictions required to characterize the evolution of
the knowledge frontier over time. We then impose these assumptions, and in Proposition 1 we
characterize the frontier of knowledge in the economy and the evolution of the stock of knowledge

over time.

Assumption 1

a) The distribution of original ideas is Pareto; H(z) = 1 — (z/ 2)%, where z is the lower bound of the
support and 6 > 1 is the shape parameter of the distribution.

b) The strength of idea diffusion, p € [0,1), is strictly less than 1.

c) The number of new ideas that arrive between t and t + 1 follows a Poisson distribution with mean
Ay =270,

d) The source distribution has sufficiently thin tail; i.e. lin%Z*" {1 - Gy <(;7) ;)] =
z—

In what follows we impose Assumption 1 to solve for the distribution of productivity in the

economy. The next proposition presents the result.

Proposition 1. Under Assumption 1, between t and t + 1, the probability that the best new idea has a
productivity no greater than q, F'¢* "*“(q), is given by

FPestnew(g) = exp (—lxtqe/ prth(x)> )
0
Proof. See Appendix C.

Proposition 1 shows that the probability distribution of the best new idea is Fréchet with shape
parameter 6 and a location parameter determined by a; fooo xP?dG;(x). Note that, in order to obtain
this result, there is no need to specify the external source distribution. This is an important result
that we will use when we impose more structure over the source distribution. In addition, we can
use the result of Proposition 1 to characterize the frontier of knowledge and its evolution over time.

In particular, we denote by F;(g) the fraction of varieties whose best producer has productivity no
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greater than q. In a probabilistic sense, F;(q) is also the probability that the best productivity for
a specific variety is no greater than g at time t. We call this object the frontier of knowledge. As the
new ideas arrive with potentially better productivity than the current best ideas, the evolution of
Fi(q) between t and t + 1 follows

t
Fra(q) = Fo(q) - TTE& " (g).
=0

Proposition 2. The frontier of knowledge, F;(-), at any t given follows a Fréchet distribution given by

Fi(q) = exp

t—1 o
— (AO + Z sz/ prdGT(x)> q9] = exp (—Atq*‘a) ,
=0 0

where the law of motion for the knowledge stock is given by

At+1 = At + zxt/ X‘Oeth(X).
0

Proof. See Appendix C.

Proposition 2 establishes two results that we use in subsequent sections. First, at each moment
in time the frontier of knowledge follows a Fréchet distribution, which we use to specify the pro-
duction and trade structure in our framework, as described in the next section. Second, we can see
that both the arrival rate of new ideas a; and the source distribution G;(-) matter for the evolution
of A;. Later in the paper, after we describe the economic environment, we return to discuss how
ideas diffuse over regions and relate the source distribution G;(-) to ideas from sellers and from

migrants. 10

3.2 Production, Factor Demand, and Trade

We now consider a world with N different locations indexed by i and n. At each location i there
are heterogeneous and perfectly competitive producers of varieties of intermediate goods. The

technology to produce these intermediate goods requires labor and capital, which are the primary

10In Appendix C.1, we provide two approaches to derive the endogenous emergence of the Fréchet distribution for
frontier productivity. The first approach is closely related to that of Buera and Oberfield (2020). We characterize how
the distribution of frontier knowledge at t, combined with the arrival of ideas between t and t + 1, gives rise to the
distribution in f 4 1. This is akin to Buera and Oberfield (2020)’s method in a continuous-time framework, where they
derive the evolution of the frontier knowledge distribution from f to t + A as A — 0. In both cases, we assume the
initial distribution follows a Fréchet distribution. However, with the second approach (which we refer to as the Poisson
approach), we can relax this assumption. The characterization of productivity distributions using the Poisson approach
began with Eaton et al. (2011) and has since been adopted by Eaton et al. (2025) in the context of firm-to-firm trade. Cai
and Xiang (2022) use the Poisson approach to characterize the endogenous emergence of Fréchet-distributed frontier
technology in the context of technology diffusion through multinational production. Xiang (2023) employs a similar
approach to demonstrate how the endogenous innovation of multinational firms results in a Fréchet-distributed frontier
technology. Similarly, Lind and Ramondo (2023)’s characterization of Max-stable Fréchet productivity, emerging from
Poisson innovation and independent diffusion, mirrors the underlying spirit of the Poisson approach.
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factors of production, and material inputs. The efficiency of an intermediate good producer is
given by g;;, where we now index efficiencies by location. The output for a producer of an inter-
mediate variety with efficiency g;; in location i is given by

Vit =it (Lg K-l_g)y Ml_v,

it it
where L;;, K;;, and M, ; are labor, capital, and material inputs, respectively. The parameters y and
1 — <y are the shares of value added and material inputs in output, and ¢ and 1 — ¢ are the shares
of labor and capital in value added, respectively. It follows from the cost minimization problem
of the producers that the unit price of an input bundle is given by

A\ 1—
xi,t:B<w§ ! g) P! 7,

itit it

where w;,, ri;, and P;; denote the price of labor, rental rate of capital, and the price of materials,
respectively, and where B is a constant.!

We now use the results from the previous section in which we derived the law of motion for
the stock of knowledge in an economy. Firms purchase intermediate goods from the lowest-cost
supplier in the world. The frontier of knowledge in each location at each time t is described by
a Fréchet distribution with shape parameter 6 and location-specific scale parameter A;;; namely,
Fii(q) = exp(—Aiq 7).

Shipping goods across locations, from 7 to 7, is subject to iceberg trade costs, «;, t, and therefore,
the cost of purchasing an intermediate variety with efficiency g from 7 in location i is given by
KintXnt/q. Hence, we can now follow the Eaton and Kortum (2002) formulation and derive the
fraction of goods purchased by location i from location n (see Appendix D.1 for the derivation),
which is given by

Anp (Kin,txn,t) -

/\in,t = - 0 (3)
Sy At (KinXnr) ’

Similarly, we can solve for the price index in location 7, which is given by

N -1/6

-6

Py =T/ Y Ant (Kinexns) ’ 4)
n=1

where intermediate varieties are aggregated with a constant elasticity of substitution #, and T

is related to the gamma function; T = I'(1+ (1 —17) / 9)1/ (=) Given this environment, total

expenditure in location i, which we denote by X;;, is given by

N
Xit=(1-17) Z A i i Xt + g,

n=1

"n particular, B = [éé (1- 6)17(’:] - Y r(1- ’7)771 .
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which reflects that the total expenditure on goods is firms” expenditure on intermediate goods
plus households” expenditure where a household’s income is given by I;; = w;(L;; + 1;:K; ;. The
term ), A,i 1 Xt is the total demand for goods produced in i from all locations. The trade balance
condition is given by

N N

Y At Xip =Y ApiiXnss

n=1 n=1
where the left-hand side is the total imports by location i, and the right-hand side is the total
exports from i (with domestic purchases entering both sides of the equation). Finally, using the
expenditure equation, trade balance, and the relative demand for capital and labor, it follows that

the labor market clearing condition can be expressed as

N
wi,tLi,t = Z )\ni,twn,th,t- 5)

n=1

3.3 Capital Accumulation Across Locations

We now turn to the supply of factors of production in the model. We start by describing capi-
tal accumulation decisions across regions. At each location, we assume that there are atomistic
landowners who consume the local consumption bundle with logarithmic preferences over con-
sumption goods and whose source of income is from renting capital structures.'> Landowners are
forward-looking and seek to maximize the present discounted value of their utility by deciding
how much to consume and invest at each moment in time. Landowners are geographically immo-
bile, have access to an investment technology in local capital, and make their investment in units
of consumption goods. We follow Angeletos (2007), Moll (2014), and Kleinman et al. (2023) and
interpret capital as buildings and structures that are geographically immobile once installed, and

we specify the problem of a landowner in location i as

max U= Z B'log(ciy),
=0

{Ci,t/Ki,tH}?O:o

s.t. 1 Kit =Py [Ci,t + Kitp1 — (1 — 5) Ki,t] for all t,

where ¢ is the depreciation rate and K; g is taken as given. The solution to this dynamic program-

ming problem can be characterized by the policy functions on consumption and investment,

cir=(1—=PB)[rit/Pir+ (1 —90)| Kiy,
Kipy1 = Blrig/ Py + (1 —06)| Kiy, (6)

which give rise to the law of motion of capital accumulation across locations. In Appendix D.3

120ur assumption regarding the logarithm preferences of landlords is consistent with the preferences we specify for
workers in the next subsection.
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we provide the detailed derivation of these policy functions. Note that since capital structures
are accumulated locally and used for local production, the evolution of capital structures in part
shapes the evolution of economic activity across regions. Similar to Kleinman et al. (2023), the
immobility of landlords allows us to introduce forward-looking capital accumulation decisions in
dynamic spatial economies with workers” mobility in a tractable way, and it prevents the number
of state variables from increasing exponentially over time. '

We now turn to describe the dynamic labor supply decisions made by workers and migrants

across locations in the model.

3.4 Dynamic Labor Supply Decisions

There is a continuum of heterogeneous forward-looking workers in the economy. Each worker
observes the economic conditions and optimally decides where to locate in each period subject to
mobility frictions and idiosyncratic taste shocks. We model this migration decision as a dynamic
discrete-choice problem. In particular, workers maximize the present discounted value of their
utility by deciding at each moment in time where to live. They supply one unit of labor inelas-
tically where they live, and they consume given their labor income (w;;) and the local price of
goods (P;¢). We denote by U;;(c;+)= log(c;i) the current utility of a worker living in location i,
where c;; = w;;/P;;. We assume that the decision of where to live the next period is affected by
idiosyncratic amenity shocks that vary across locations denoted by €, ; and by mobility frictions
of going from location i to location n, denoted by m;, ;. The presence of migration costs and id-
iosyncratic shocks generates a gradual adjustment of labor supply in response to changes in the
economic environment.

As a result, the value of a worker in region i at time ¢ is given by

vir = log(wis/ Piy) + {T}L}Vx {BEt[vn 1] — Mins + vent}, 7)
n=1

where S is the discount factor, which is assumed to be the same as the discount factor of landown-

ers.

We assume that the idiosyncratic shocks €, are i.i.d. realizations from a Gumbel (Type I Ex-
treme Value) distribution with dispersion parameter v. We denote by E;[v,, ;11| the expectation at
time t over the future realizations of the idiosyncratic shocks that shape the continuation value
of each location. Using the properties of the Gumbel distribution, we can integrate both sides of

equation (7) over €,;. We then obtain the value of location i for a representative worker in that

BBAs long as landlords are immobile, this framework can accommodate alternative capital accumulation formula-
tions such as assuming decreasing return to investment, as in Lucas and Prescott (1971) and Hercowitz and Sampson
(1991).
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location at time t, denoted by V;; = E;[v;|. The value of location i is given by

N

Vit = log(wit/P;t) + vlog ( exp (BViu,r+1 — min,t)l/v> . (8)

n=1
We denote by p;, ¢ the fraction of workers that moves from location i to location 1, which using

the properties of the Gumbel distribution can be derived in closed form as

exp (BVit11 — min,t)l/v

2;11\1:1 exp (BVies1 — Mip )

Hint = /v 9

This equilibrium condition determines the gross migration flows of workers across regions (see
Appendix D.2 for the derivation). It shows that individuals are forward-looking and decide where
to supply labor tomorrow by evaluating the relative net future value of each location. The elastic-
ity of the migration flow (1/v) shapes how changes to migration costs affect migration flows. This
expression for gross migration flows determines the evolution of the labor supply at each location
i over time. In particular, the supply of workers at location i at time ¢ + 1 is given by the workers
who decide to migrate to location i from all locations 7 (including stayers in i) at time t. Therefore,

the stock of workers at each location evolves according to

N
Li,t+1 = Z an‘,th,t- (10)
n=1

Having described the demand and supply sides of the model, in the next subsection we return
to the idea diffusion process to specify the evolution of the local stock of knowledge across regions

as a result of trade and migration.

3.5 Idea Diffusion with Trade and Migration

We now specify the innovation and diffusion process described in Section 3.1 to allow for migra-
tion and trade to contribute to the local pool of ideas. Producers in location 7 obtain new insights
from two sources. First, they obtain insights from sellers; namely, ideas from producers in other
locations are embedded in imported intermediate varieties (similar to blueprints). Second, mi-
grants carry insights with them when they arrive in a new location. A migrant becomes exposed
to the local ideas in their previous location, and then as they move across locations, they randomly
meet a local producer. When they meet, the migrant shares ideas from her previous location and
provides insights that can contribute to the local stock of knowledge. As a result, the productivity

of a new idea that arrives can be generalized to

_ 00 _Pm
q=2qy 9m ,
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where gy is the insight drawn from a source distribution that is shaped by migration and g,, the
insight drawn from a source distribution that is shaped by trade. The parameters p;, 0, € [0,1)
capture the learning intensity from both types of insights (migration and trade) with o, + p,, < 1.

After imposing Assumption 1 and following the same steps as in Section 3.1, extending the
notation by indexing the location by 1, and given the results from Propositions 1 and 2, we obtain

that the frontier of knowledge at each location is

Eist e (q) = exp (= Ausg ™),

and the stock of knowledge evolves over time as

Appi1 — Apt = (Xt/ / 6]75151"1 (w)dGth(qm)

When a worker from i at the end of period t decides to move to 7, she carries with her an insight
g¢, which is a random draw from the frontier distribution in i, whose cumulative distribution
function is F;;(qy). At the end of time £, in location 1, producers randomly meet a worker currently

living in n, and the insight from this individual is the insight component of the new idea. Hence,

Gnt CM ZslntFlt W)

,uin,tLi,t
2111\]:1 ]’lhn,tLh,t
period t (see the derivation in Appendix C.2).

where s;,; = is the share of workers in location n that arrived from i at the end of

In the case of the source distribution of goods, we assume that diffusion opportunities are
randomly drawn from the set of best practices across all goods sold to location 7. In this way the
source distribution GJ',(q.) is given by the fraction of goods for which the lowest-cost provider
of the good to location 7 is a producer with productivity less than or equal to g,. Under these
mechanisms for idea diffusion, we derive the law of motion of the stock of knowledge across
locations with idea flows from people and goods (see Appendix C.3). We obtain that the difference

equation that determines the evolution of the stock of knowledge at each location is given by

N A Pm
Api ”) , 11
[g ni,t <)\ni,t ( )

migration trade

N
An,t—i—l - An,t = D‘trpg,pm [Z Sint (Ai,t)p[
i=1

where Ty, ,,, is a constant given by I'(1 — p;) xI'(1 — ps;) and where I'(x) is gamma function eval-
uated at x.

Equilibrium condition (11) shows that the local stock of knowledge evolves over time accord-
ing to the arrival rate of new ideas &, according to how the location is connected and exposed
to ideas from migrants, s;,;, and according to how open the location is to trade, A,;;. The term

Ai+/ Anip on the right-hand side reflects the selection effect in trade; where location n gets insights
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only from the best producers (i.e., lowest-cost suppliers) in i. We also emphasize that the diffusion
of ideas from migrants and sellers is endogenous since both migration and trade patterns are equi-
librium objects in our framework. Additionally, it is worth noting that ideas diffuse not only from
migrants and foreign sellers but also from local active producers and from non-migrants, hence
the stock of knowledge also grows even in locations that are closed to trade or migration, namely
where s;;; = 1 or Ajj; = 1. As described previously, the relative strength of idea diffusion, gov-
erned by the diffusion parameters p, and p,;,, determine the importance of learning from people
and goods.

Importantly, we can see how the evolution of stock of knowledge at each location rationalize
the causal evidence in Section 2.2.1 regarding how trade and migration impact the local stock of
knowledge. In particular, the equilibrium condition (11) reflects how locations receiving migrants
from places with a higher stock of knowledge experience a larger knowledge stock relative to
locations receiving migrants from less productive places. Additionally, locations more open to
trade experience higher knowledge growth through the selection in trade. Our empirical evidence
found in Section 2.2.1 is consistent with both aspects of equilibrium condition (11).

The fact that there are diminishing returns to technological improvement from insights, given
that the strength of idea diffusion is less than one, makes it harder to obtain insights that are good
enough over time. Hence, if a; is time-invariant, then as the knowledge frontier evolves over time,
the growth rate of the stock of knowledge falls with a limiting value of zero. As a result, as the
knowledge frontier evolves, ideas need to arrive faster over time in order to sustain a constant
growth rate. This feature is shared by semi-endogenous growth models in Buera and Oberfield
(2020), Jones (1995), Kortum (1997), and Atkeson and Burstein (2019). Given this, we make the

following assumption about the arrival rate.

Assumption 2 w; has constant growth rate g,, that is

ar = ap(1+gq)"

We now define formally the equilibrium of the dynamic spatial growth model.

Definition 1. Equilibrium. Given an initial distribution of the local stock of knowledge {Ai,O}fL and fac-
N,N,00

i=1,n=1,t=0’
and elasticities (0y, pm, 0, v, v, G, B), the sequential competitive equilibrium of the dynamic spatial growth

tor endowments {Li,O/ Kilo}f\il, the evolution of fundamentals {uco, Kin t, ml-n,t} and parameters

model is characterized by a sequence of values, factor prices, goods prices, labor allocations, capital stocks,

N,
and stock of knowledge, {V; 1, Wiz, tit, Pit, Lit, Kip, Aip} 71 oo

determined by the bilateral trade shares (3), the equilibrium location prices (4), the labor market clearing

that satisfies the equilibrium conditions

condition (5), the capital accumulation condition (6), the location value function (8), the worker gross flow
condition (9), the law of motion of labor (10), and the evolution of the stock of knowledge (11).

In the long run, as the economy evolves over time, it approaches a balanced growth path equi-
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librium in which all equilibrium variables grow at a constant long-run rate. We now characterize
the balanced growth path of the model. We first formally define the balanced growth path. We
then express all equilibrium variables in the model relative to their balanced growth rate (what

we refer to as the detrended variables).

Definition 2. Balanced Growth Path. Along the balanced growth path all equilibrium variables grow at
a constant rate. In particular, denote by g, the growth rate of a generic variable y at the balanced growth
1

path. At the balanced growth path the stock of knowledge grows at a rate 1+ ga = (1 + g,) (reem)
1
capital grows at a rate 1 + g = (1 + gA)"g’T, and values grow at a rate 1 4+ g, = (1 4 g4) 0.

Appendix E solves for the equilibrium long-run growth rates of all variables along the bal-
anced growth path. The appendix also shows how to detrend all the equilibrium variables and
equilibrium conditions, namely, how to express them relative to their balanced long-run growth.

In particular,

“w oo

Definition 3. Detrended Economy. Denote with a the variable relative to its long-run growth. In the
detrended economy §; = y;/ (1 + gy)t for all variables y;, where g, is the growth rate of variable y; at the

balanced growth path.

At the balanced growth path all the detrended variables are not growing, and as a result, the
equilibrium variables of the detrended model reach a steady state.

We now turn to quantitatively study the importance of our mechanisms for aggregate and re-
gional growth. To do so, we apply our framework to study regional growth in China, an economy
that features heterogeneous locations in terms of stock of knowledge, initial supply of labor and

supply of capital, exposure to international trade, and mobility flows.

4 Quantitative Analysis

During the 1990s and far into the 2000s, China experienced fast economic growth, considerable
capital accumulation, shifts in the distribution of economic activity and factors of production
across regions, increased productivity, and trade openness. We now turn to study regional growth
in China in the 1990s and 2000s through the lens of the dynamic regional growth model devel-
oped in the previous section. We take the model to year 1990 in a world composed of 30 Chinese
provinces and a constructed rest of the world. In doing so, we use migration, production, and
value added data. We also use trade data between provinces and the rest of the world. Impor-
tantly in the case of China, where there are well-defined mobility frictions across provinces, we
condition the gross migration flows across provinces by Hukou status. To understand how the
Hukou system works, think of it as a province-level “passport” that identifies an individual based

on their province of origin and restricts non-locals” access to certain amenities.
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Accordingly, in the quantitative analysis we extend our framework to account for these con-
siderations. In particular, we allow for workers with different Hukou statuses to value locations
differently, as Hukou restrictions give them access to different amounts of amenities, and we also
allow workers to face different mobility restrictions. In equilibrium, this implies different mobility
rates across provinces for individuals with different Hukou statuses that we discipline with the
data.

Hence, the equilibrium conditions of the dynamic labor supply decisions of workers are now

given by
H H N H O\ VY
Vi1 = togtyars /) +viog [ £ exp (V110 —mit)") 0
n=1
1/v
R —
Hing = /v’ (13)
’ N H v\
Yg—1€xp <13Vg,t+l - mig,t)
N H 1H
Lity1 = 2 i tLin s (14)
H n=1

where the H index denotes the Hukou status and ! is the amenity parameter of location i for
an individual with Hukou status H. Once in the same location, workers with different Hukou
statuses consume the same basket of goods and earn the same real wages although their levels of
utility are different because they have access to different amenities. In this way, we aim to capture
a characteristic of this economy in transition: that is, that migrants to a given province registered
in a different province have access to different amounts of amenities, face different mobility costs,
and as a result, make different migration decisions compared with migrants registered in the des-

tination province.

4.1 Data for Quantification

To bring the model to the data, we use the data described in Section 2.1 and Appendix A across
provinces in China and for the rest of the world to obtain bilateral trade shares A;;, ;, total expen-
diture X;;, value added w;L;; + r; (K, the distribution of employment L;;, and migration flows
across provinces conditional on Hukou type y{i/t. We also need the share of value added in gross
output v, the share of labor in value added ¢, and the initial capital stocks K;y. In addition, we
need estimates of the trade elasticity 6, the migration elasticity 1/v, the discount factor 8, and the
depreciation rate . We later describe how we discipline the elasticities that govern innovation
and idea diffusion (o, p¢, Pm)-

We consider a model in which each period represents five years. Hence, we use a discount
factor 8 of 0.86, equivalent to an annual discount factor of 0.97, which implies a yearly interest rate

of roughly 4 percent. The trade elasticity § = 4.55 is obtained from Caliendo and Parro (2015). We
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set a migration elasticity of 1/v = 0.15, which is the value estimated by Cruz (2021) for a five-year
period in a sample of developing countries. We set a depreciation rate of (1 —6) = 0.89°, which
corresponds to an annual depreciation rate of 10.96 percent following Shan (2008), consistent with
our capital stock estimation (see Appendix A.1 for more details.).'* We compute the values of
v = 0.38 and ¢ = 0.54, which correspond to the parameter values for the year 1990 from the
world’s aggregates in the EORA multi-region input-output table. Finally, we set a value of 7 = 2
in the gamma function in equation (4). Our quantitative analysis will center on the role of local

idea diffusion through internal migration and global idea diffusion through international trade.

4.2 Initial Stock of Knowledge

To estimate the initial stock of knowledge across locations, we start with the definition of real GDP.

In our model, real GDP in location n at t = 0 is given by

DOERO EIIOED — (A0 A V)) P () (La),  (15)
n,0

Real GDP, o =

where Y = (BT)? (1 —&)1797% (#)$7% 15 Real GDP in our model is determined by factor accu-
mulation (capital, labor) and by measured productivity. In particular, measured productivity is
captured by the term (A, o/ (/\nn,OY))% . It has two main components: fundamental productivity
Ay, and trade openness captured by the inverse of the domestic expenditure share A, 9. The in-
tuition is that in a closed economy— namely, when A, 0 = 1—measured productivity is the same
as fundamental productivity A, , (scaled by a constant power coefficient), which is the average
efficiency of the set of goods produced and consumed in n. In an open economy, firms purchase
a fraction of goods from abroad and produce only that set of goods of which they are the lowest-
cost supplier in the world. Hence, a smaller domestic expenditure share A, o results in firms in n
producing a smaller set of goods with higher marginal efficiency.

Inverting equation (15), and solving for fundamental productivity A, o, we obtain

Y0
Ano =Y ReaﬁiD Fn #] Ao (16)
(Kn,O) (Ln,O)

Using our data, we compute the initial stock of knowledge across provinces in China as well
as for the rest of the world. Figure 3 presents the initial stock of knowledge (year 1990) across loca-
tions. In the upper panel, we see that the 1990 stock of knowledge for provinces in China is smaller
than that for the rest of the world. Across provinces in China, the initial stock of knowledge is very
heterogeneous, with Shanghai, Liaoning, and Guangdong being the top three provinces in terms
of the initial stocks of knowledge, and Gansu, Guizhou, and Ningxia the bottom three provinces.

The bottom panel presents the 1990 measured productivity across locations, which corrects for the

4Qur choice capital depreciation rate is also consistent with that of Bai et al. (2006).
15See Appendix A.1 for the details of this derivation.
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impact of trade as previously explained. Again we observe that the rest of the world has higher
measured productivity in 1990 than the provinces in China. We can see that Shanghai, Beijing, and
Guangdong are the top three provinces with the highest measured productivity, whereas Gansu,

Guizhou, and Ningxia are the bottom three provinces.

Figure 3: Initial Stock of Knowledge and Measured Productivity Across Locations (1990)

Technology Level A: 1990
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Notes: The figures present the initial stock of knowledge (upper panel), computed as described in this section, and
measured TFP (bottom panel), computed as (Ay,0/ (Aun,0/ Y))1/8,

4.3 Estimation of Idea Diffusion from Trade and Migration

In our dynamic growth model, three parameters govern productivity growth and idea diffusion
across locations: the strength of idea diffusion through trade in goods p;,;, the strength of idea
diffusion through migration p, and the arrival rate of insights ag. To discipline the parameters of
the dynamic spatial model, we proceed as follows.

The equilibrium condition (11) provides a structural relation between the evolution of knowl-
edge stocks, the diffusion elasticities, the arrival rate of insights, migration and trade. We use this
structural relation to estimate the diffusion parameters. To do so we need to confront several is-
sues. The first issue is the measure of knowledge stock to estimate these parameters. For example,
one possibility is to use our model-consistent inverted A’s (from the previous subsection), but one
could argue that this involves using data affected by migration and trade, and as a result, it might
bias our estimates. Another possibility is to use our patent measures as proxies of knowledge
stock; while using this measure could help identify p’s, it might get the units of « wrong (note that
the magnitude of the change in A, on the left-hand side of equation (11), depends on the units of

27



A’s). To address this issue, we proceed with an iterative procedure. We first estimate p’s using the
cumulative number of patents granted as proxies for A’s. After we estimate the p’s, we then use
the estimated coefficients along with our inverted A’s into (11) to estimate a. A second issue we
need to address is the fact that the observed evolution of knowledge stock, or TFP, could be partly
influenced by determinants outside of our model. To address this, we assume that the arrival
rate of ideas is subject to i.i.d. location-specific shocks resulting in unobserved residuals in the
TFP evolution that are not predictable by migrants and therefore are not part of their migration
decisions. Consequently, our empirical strategy allows for an unobserved residual that captures
the effects of factors influencing TFP besides idea diffusion. Finally, there is a possible concern
that the migration shares s;, ; may be correlated with the error term, as in the model people make
forward-looking migration decisions. Similarly, trade shares A,;; might also be correlated with
the error term. To address these concerns, we use instruments for both, migration shares (based
on Card IV) and trade shares (based on lagged trade shares). Therefore, we use instrumented
non-linear least squares (NLLS) from (11) and estimate p;;, py, and ap.
We first define the left-hand side of (11) as y,; and the right hand side as g(sut, Aut, A, t, p, &),with

& = 4Ly, p,,- For notational brevity, we use bold letters to represent vectors. Our NLLS estimator

is defined as the solution to

where A; are the cumulative number of patents granted. Equivalently, the NLLS corresponds to

the following moment condition
E [unt : D(p,&)g(snt/ A}’li‘/ At/ t/p/ &):| - O/ (17)

where D(p,&)g(snt, Ant, A, t, p, &) is the gradient of the g(-) function, and ,s = Yut — §(Snt, Ant, At t, p,
&). Denote by s/ and A%, the instrumented migration and trade flows such that E {um |sio, AS, At}

= 0. The NLLS IV estimator that we construct is given by

E [0 D) 8(si5, Al Av, 1, p,8)] = 0. (18)

Table 5 presents the results of our NLLS estimation with and without IV. As we mentioned
before, unlike the p’s, the magnitude of the estimate of « is closely linked to the units used in the
measure of knowledge stock. We proceed to estimate ag given g, and p,, from the previous step.

In particular, we run the following specification to estimate ay,

Ynt = oMt + Unt,

where
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Table 5: Non-linear Least Squares Estimation Results
NLLS  WithIV:

Learning from people (9,) 0.363 ***  0.353 ***
(0.063) (0.062)

Learning from trade (9,,)  0.247**  0.265 **
(0.107) (0.113)

Notes: This table shows the Non-linear Least Squares estimation results. Standard errors, clustered at the province level,
are reported in parentheses, and *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

N A Om
o] [ (22)']
i=1 ni,t

In this equation, 1+ g, = (1 + ngp)w(l*@«*ﬁ"l), we use our model-inverted A, ;, and the values

Myt = (1 +ga)t71r(1 pE 1 - Pm [Z Smt Pe

of ¢grep = 0.03974, v = 0.38, and § = 4.55.1° We then run a pooled linear regression without
intercept to estimate ag. We obtain &9 = 0.67(0.10). With this set of estimates, p;, pm, &o, we

proceed to conduct our quantitative analysis.

4.4 Computing Counterfactuals

To compute the dynamic model, we apply dynamic-hat algebra techniques developed in Caliendo
etal. (2019) and show that by expressing the equilibrium conditions in relative time differences, we
are able to compute the model without needing to estimate the levels of exogenous fundamentals
or assuming that the economy is on the balanced growth path in the initial period. The intuition is
that solving the model in relative time differences requires conditioning the model on observable
allocations, which contain all the information about the fundamentals, and matching the cross-
section of the actual economy in the initial year that does not need to be on a balanced growth

path. The next proposition establishes the result.

Proposition 4. Dynamic-Hat Algebra. Define the variable 1,11 as the relative time difference of the

detrended endogenous variable denoted by ¥; namely, §y41 = §r1/¥:. Given an initial observed alloca-
N,N N N N s

tion {{Am 0}1 ne1r {ymlo}i:m:l, {wioLip},_ {Kio},_y {Lin},, }, the parameters and elasticities

(o2, 0m,0,v,7,E, B), the initial rate and growth rate in the arrival of ideas (wo, §x) and a convergent se-
N,N,00

i=1n=14=1" """ °
the sequence of changes in the model’s endogenous variables in the detrended model {§;1},_, does not

quence of future changes in fundamentals under perfect foresight {Riy 1, My s } the solution for

require information on the level of fundamentals (trade and migration costs).

Proof. See Appendix F.

In the detrended balanced growth path, A, = 1, and therefore 7 = 1 for all variables jj. We

16The U.S. TFP data in the 1990s is extracted from https:/ /fred.stlouisfed.org/series/RTFPNAUSA632NRUG. We
use data between 1990 and 2000 to calculate the five-year growth rate of TFP.
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use this property of the detrended model to develop an algorithm to compute counterfactuals in
the dynamic growth model, which is described in Appendix G. In addition, as the proposition
establishes, solving the model in relative time differences requires conditioning the model on the
initial observable allocations Ay, 0, w;ioLio, Lio, Hino, and K; o, and parameters and elasticities 6, v,
B, b, pe, pm, and ag. The previous sections have described our process for collecting these initial

allocations and disciplining the parameters and elasticities in our framework.

5 Growth in China

Applying dynamic-hat algebra to compute the model without assuming that the economy is ini-
tially on the balanced growth path requires conditioning on the factual allocations in the initial
year, which, in our case, is 1990. There are two important aspects of conditioning on initial ob-
servable allocations. First, these initial factual allocations contain all the relevant information on
initial fundamentals (e.g., productivities, trade costs, migration costs) and also dictate how far the
economy is in its transition to a balanced growth path. Second, one way to interpret the initial
allocations is as summarizing the equilibrium or state of the economy due to past changes in eco-
nomic fundamentals. Specifically, changes in trade costs, migration costs, and other policies that
affect productivity across provinces in China—such as the special economic zones implemented
before 1990—resulted in an equilibrium of the economy that is reflected in the distribution of eco-
nomic activity, the level of internal mobility, and trade openness across regions, as shown by the
data in 1990. These two features of our approach allow us to use our framework to study the
importance of initial conditions on regional and aggregate growth in China, which, as mentioned
above, resulted from economic changes prior to 1990. This is a key contribution of our quantitative
analysis.

Table 6 highlights the importance of initial conditions for aggregate growth in China during
the 1990s and 2000s. The first row shows that changes in economic fundamentals prior to 1990,
as reflected in the 1990 distribution of economic activity in China, set the economy on a transition
path marked by high economic growth in the following decades. The subsequent rows illustrate
the relative contributions of different sources of growth within this transitional dynamic.

In the 1990s, idea diffusion and capital accumulation contributed roughly equally to aggregate
growth. The second and third rows of Table 6 show that aggregate growth would have been
halved without either mechanism during this period. However, while the contribution of capital
accumulation to transitional growth remained stable during the 2000s, the relative importance of
idea diffusion increased significantly. Initial trade openness and worker mobility facilitated the
spread of ideas and enriched China’s stock of knowledge across locations. As knowledge diffused
and locations expanded their knowledge stocks, individuals contributed better insights to their
local areas and to other regions through migration.

Provinces more open to international trade also benefited disproportionately from global in-
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Table 6: Annual GDP Growth Rates
90-95 90-00 90-05 90-10 90-15

With fundamentals in 1990 10.23% 9.86% 9.51% 9.17% 8.86%
W /o capital accumulation 5.66% 5.46% 5.28% 5.12% 4.98%
W /o idea diffusion (oy =0, py =0) 5.22% 4.31% 3.65% 3.15% 2.76%
W/ o ideas from people (o, = 0) 6.03% 521% 4.60% 4.14% 3.78%
W /o ideas from goods (0, = 0) 6.49% 5.73% 5.16% 4.72% 4.38%

W /o technology growth (g =0) 509% 4.16% 3.48% 2.98% 2.58%

Notes: This table shows the annual GDP growth rate in different cases with 1990 fundamentals. GDP growth with 1990
fundamentals is computed by solving the dynamic regional growth model with constant fundamentals. The second
row presents the aggregate GDP growth in the absence of capital accumulation. The third row presents the aggregate
growth with capital accumulation and no idea diffusion, obtained by computing the model with p; = 0 and p,; = 0.
The growth rate without idea flows from people is obtained by computing the model with p, = 0, and the growth rate
without idea flows from goods is obtained by computing the model with p,; = 0. The last row presents the case with
no technology growth.

sights as the global stock of knowledge grew over time. As we will describe below, this dynamic
is also important for rationalizing the observed heterogeneity in regional growth in China during
this period. Among the two sources of idea diffusion, rows four and five of Table 6 show that
diffusion through people contributed slightly more to aggregate growth than diffusion through
goods. On the one hand, international trade spread good ideas to all provinces in China, particu-
larly as the global stock of knowledge in 1990 far exceeded China’s domestic stock of knowledge.
On the other hand, idea flows through people had more nuanced effects on growth. For example,
return migration from high-productivity areas stimulated growth in the destination province’s
knowledge stock, while receiving migrants from low-productivity locations slowed knowledge
accumulation. Nonetheless, the best insights from migrants contributed more to a province’s stock
of knowledge (due to a higher diffusion elasticity) than the best insights from goods. The last row
of the table presents the annual growth rates that would occur in the absence of any technology
growth. In this scenario, GDP growth is driven by capital accumulation and internal migration.
The small difference between the last and third rows of the table suggests that exogenous technol-
ogy growth alone does not play an important role in aggregate growth in this period.

In the 1990s and 2000s, China implemented reforms related to changes in trade costs and mi-
gration frictions that may have also influenced aggregate growth. Specifically, when China joined
the World Trade Organization, provinces more exposed to trade may have experienced greater
relative development compared to less exposed provinces. Similarly, Hukou reforms likely facili-
tated the flow of ideas by increasing mobility across provinces. Using our framework, we quanti-
tatively assess the impact of these reforms on regional growth in China. We capture the changes
in trade costs between China and the rest of the world over the period 1990-2010 using the time

variation in bilateral trade shares relative to domestic expenditure shares across provinces, given
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We also explore migration reforms in a simple and similar way. We capture the changes in
migration frictions across provinces in China using the cross-variation in five-year mobility rates
0 o dl _1
from 1985-1990 to 2010-2015 as % = (i ptitnig) " 218

Table 7: Annual GDP Growth Rates: Changes in Fundamentals

90-95 90-00 90-05 90-10 90-15

With fundamentals in 1990 10.23% 9.86% 9.51% 9.17% 8.86%
Fund. in 1990 & change in trade cost 10.32% 10.04% 9.85% 9.57% 9.26%
Fund. 1990 & change in mig. restrictions 10.23%  9.90% 9.58% 9.26% 8.96%
Fund. in 1990 & change in fundamentals 10.32% 10.07% 9.92% 9.66% 9.36%

Notes: The first row of the table reproduces the growth rate with 1990 fundamentals displayed in Table 6. The second
row presents the annual growth rate with 1990 fundamentals and changes in international trade costs. The third row
presents the annual growth rate with 1990 fundamentals and changes in migration restrictions. The fourth row presents
the annual growth rate with 1990 fundamentals and changes in international trade costs and migration restrictions.

Table 7 presents aggregate growth in China attributable to both the 1990 initial conditions and
the changes in international trade costs and migration restrictions during the 1990s and 2000s.
The first row of the table reproduces the growth rate based solely on the 1990 initial conditions,
while the subsequent three rows incorporate the growth effects of changes in trade costs and mi-
gration restrictions. As shown in the table, our second key quantitative finding is that, relative
to the initial conditions, changes in trade costs and mobility restrictions during the transition pe-
riod contributed relatively little to growth—less than one percentage point annually. Another
interpretation of these empirical findings is that the reforms that resulted in changes in economic
fundamentals (e.g., productivity, trade costs, migration costs) before 1990 were much more signif-
icant in setting the economy on a high growth path, relative to those captured by changes in trade

and migration costs in the 1990s and 2000s.

Table 8: Correlation of Real GDP Across Regions

1990 1995 2000 2005 2010 2015
Fund. in 1990 & change in fundamentals 1 0994 0991 0984 0.972 0.954

Notes: The table shows the correlations between observed real GDP across provinces in China and the regional real
GDP based on 1990 initial conditions and changes in economic fundamentals thereafter.

We then turn to analyze the implications of our quantitative analysis for the regional distri-

bution of economic activity and regional growth in China. In particular, in Table 8 we describe

17This statistic is known as the Head-Ries index (Head and Ries (2001)) and is widely used in the international trade
literature to measure bilateral trade frictions.

18Note that since Hukou type is assigned to either the origin or the destination province in the data, changes in
mobility frictions are isomorphic to changes in amenities by Hukou type. Also note that most of the Hukou migration
reforms occurred after 2015 (see Fan (2019)).
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how factor accumulation and idea diffusion influence the regional distribution of economic ac-
tivity, measured by real GDP across provinces in China. This analysis considers both the 1990
initial conditions and changes in trade and migration costs and compares them with the actual re-
gional distribution of real GDP at different points during the economy’s transition in the 1990s and
2000s. In 1990, the correlation is exactly one by construction because, as previously explained, the
dynamic-hat algebra aligns the model with the data for that year. Over the remainder of the 1990s
and into the 2000s, the table shows that the processes of factor accumulation and idea diffusion
in our framework account for most of the regional heterogeneity in real GDP, with correlations
ranging between 0.95 and 0.99.

Figure 4: Growth Across Regions (1990 Conditions and Changes in Trade and Migration Costs)
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Notes: The graphs plot the annual growth rates (since 1990) in model against the observed ones. Annual growth rates
in model is obtained by computing the baseline model with 1990 initial conditions and subsequent changes in trade
and migration costs. The dashed line represents a 45-degree line.

In terms of regional growth, Figure 4 illustrates how factor accumulation and idea diffusion—
stemming from the 1990 initial conditions and subsequent changes in fundamentals—shape growth

across provinces, and how these results compare with actual growth rates during the economy’s
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transition in the 1990s and 2000s. Each dot in the figure represents a province, and provinces
are color-coded by region. As we can see, capital accumulation and idea diffusion lead to higher
growth rates in eastern provinces such as Guangdong, Jiangsu, Beijing, Shanghai, Fujian, and
Zhejiang, aligning with the higher observed growth rates in these provinces during this period.
Conversely, in western and northeastern provinces such as Heilongjiang, Liaoning, Gansu, and
Tibet, slower capital accumulation and idea diffusion result in lower growth rates, which are also
consistent with the relatively lower observed growth rates in these provinces. The only notable
outlier is the southern island province of Hainan, where capital accumulation and idea diffusion
in our framework predict much higher growth rates than the observed factual rates. Excluding
Hainan, the regional correlation between growth rates derived from factor accumulation and idea
diffusion in our framework and the actual growth rates during the economy’s transition in the

1990s and 2000s is approximately 0.7.

Figure 5: Diffusion versus Capital Accumulation
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Notes: The graphs show the ratio of annual growth rates (since 1990) in two scenarios: with only idea diffusion versus
with only capital accumulation. A ratio above 1 (dashed red line) indicates that idea diffusion is more important than
capital accumulation in the province.
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To gain insights how the previously described regional growth performance in China materi-
alized, Figure 5 illustrates the relative importance of idea diffusion versus capital accumulation
for growth in each province in China during the 1990s and 2000s. Specifically, the dashed line at
one in the figure represents an equal contribution from both margins in a given province. Values
above one indicate a relatively greater contribution from idea diffusion, while values below one
signify a relatively larger contribution from capital accumulation.

Interestingly, in the eastern provinces, where growth rates were relatively higher, growth dur-
ing the 1990s was primarily driven by capital accumulation. As noted earlier, the 1990 initial con-
ditions reflect earlier economic changes, including the establishment of special economic zones,
most of which were located in eastern China. These zones spurred capital investment and trig-
gered rapid capital accumulation during the 1990s. By contrast, in the 2000s, the relative contribu-
tion of idea diffusion as a source of growth increased. Migrants from other regions brought better
insights compared to the previous decade, reflecting the enhanced stock of knowledge in the west-
ern and northern regions resulting from idea diffusion during the 1990s. In fact, in the western
provinces, where growth rates were relatively lower, growth was primarily driven by idea diffu-
sion, as migrants from coastal, high-productivity areas carried good-quality insights and spurred
the local stock of knowledge in the western provinces. This knowledge diffusion benefited the
eastern provinces receiving migrants in the 2000s.

These growth effects of idea diffusion through trade and migration are important for under-
standing regional growth during China’s economic transition in the 1990s and 2000s. To see
this, we consider a version of our model with capital accumulation and exogenous technologi-
cal growth but with no idea diffusion. We examine the regional heterogeneity in growth rates
predicted by this alternative model against data, as shown in Figure 6. The correlation in the
first part of the 1990s is similar to that in Figure 4, as growth in high-growth areas was primarily
driven by capital accumulation, as described previously. However, during the transition, with-
out the contribution of idea diffusion, the correlation between regional growth and actual growth
drops to approximately 0.36, as idea diffusion became a more important contributor of growth
across provinces, and especially in high-growth areas. As a result, over the period 1990 to 2015,
removing knowledge diffusion from the model causes the correlation between the model-implied
regional growth and the observed growth in the data to decline by almost half."”

19 As discussed above, we find that the conditions of 1990 are the primary drivers of China’s growth path com-
pared to changes in trade and migration costs. Therefore, we relegate to Appendix H the results on regional growth
driven solely by initial conditions, as they closely resemble those resulting from initial conditions and changes in the
fundamentals described in this section.
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Figure 6: Annual Growth Rates Without Idea Flows
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Notes: The graphs plot the annual growth rates (since 1990) in model against data. Annual growth rates in model is
obtained by computing the model with 1990 initial conditions and subsequent changes in trade and migration costs,
but we shut down the diffusion channel by setting (0, = p» = 0). In panel (b), the data point for Tibet (8.1%, -1.0%)
is out of range and not shown. In panel (d), the data point for Tibet (9.5%, -0.2%) is out of range and not shown. The
dashed line represents a 45-degree line.

In Appendix I, we also explore different versions of the model incorporating alternative mech-
anisms that could drive productivity growth. Specifically, we demonstrate that introducing an
exogenous common productivity growth rate or regional scale effects, both disciplined with data,
enhances the correlation with observed growth relative to a model based solely on factor accu-
mulation. However, these alternative mechanisms are insufficient to fully explain the observed
heterogeneity in regional growth when compared to the framework that combines factor accu-
mulation with idea diffusion via trade and migration. Figure 7 summarizes the implied regional
growth rates from alternative versions of the model compared to the observed rates. As discussed
in I, the same conclusions hold regarding the implied distribution of economic activity across
models with different mechanisms.
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Figure 7: Annual Growth Rates (Alternative Mechanisms)
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Notes: The graphs plot the annual growth rates (since 1990) in model against data. In the top panels, the figure on
the left presents the baseline model with factor accumulation and idea diffusion, while the right-hand panel shows a
model without TFP growth. In the bottom panels, the figure on the left depicts a version of the model with common
TFP growth, and the right-hand panel shows a model with agglomeration effects. Annual growth rates in model is
obtained by computing the agglomeration model with 1990 initial conditions and subsequent changes in trade and
migration costs. The dashed line represents a 45-degree line.

6 Concluding Remarks

Using various instruments and province-level data from China, we provide causal evidence that
migrants from more developed regions contribute more significantly to the local knowledge stock
than those from less developed regions. Additionally, we find that provinces with greater open-
ness to imports (instrumented by historical levels of openness) experience higher growth. Mo-
tivated by this empirical evidence, we develop a dynamic spatial growth model to study, un-
derstand, and quantify the impact of regional growth on aggregate economic activity. Internal
migration and trade contribute to regional growth, as producers and migrants share ideas with
one another. The flow of ideas across regions serves as a mechanism fueling regional growth. We
show how to calibrate the model to data, enabling quantitative analysis without assuming that

the economy is initially on its balanced growth path, and how to perform counterfactuals along
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the transition path.

As an application, we study the importance of trade and migration as engines of growth for
the Chinese economy after 1990. Initial conditions, idea diffusion through international trade and
internal migration, and capital accumulation, play a crucial role in shaping regional development
and aggregate growth during the 1990s and 2000s in China. Changes in economic fundamentals
driven by trade openness and migration restrictions contribute less to aggregate growth and the
observed heterogeneous regional development across the country.

Our framework can be used to explore a wide range of questions related to regional and aggre-
gate growth. This opens up interesting avenues for research, such as the study of optimal policy.
Our model assumes that firms and workers do not consider the impact of their insights on the
stock of knowledge across locations, leading to externalities. In such a context, there is a role for
trade policy to correct these externalities. Furthermore, our framework can be used to investi-
gate the consequences of the increasing isolation observed in many countries on their dynamic
regional growth and inequality. It can also be applied to understand the growth patterns of cities
and towns, and gain a better understanding of issues such as optimal infrastructure investment
across different regions, and the aggregate growth implications of place-based policies. Also, in
our study we have abstracted from a sectoral analysis, where insights from producers and people
in the same industry might be better than those from other industries. Our framework is tractable

enough to accommodate this extension.
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Appendix: Mechanics of Spatial Growth: A Quantitative Assessment of
1990s China’s Regional Growth

The appendix includes detailed theoretical derivations and proofs, additional quantitative re-

sults, and detailed data descriptions described in the paper.

A Data Sources and Empirical Moments

In this section of the appendix, we provide a detailed description of the data sources and construc-

tion used in the empirical and quantitative analysis.

A.1 Data and Measurements

List of Provinces. The geographic units used in the quantitative analysis are Chinese provinces
and the rest of the world. Strictly speaking, the province-level administrative divisions in China
include provinces, autonomous regions, and municipalities under the direct jurisdiction of the
central government. For simplicity, we call provinces to these highest-level administrative divi-
sions of China. These provinces are Beijing, Tianjin, Hebei, Shanxi, Inner Mongolia, Liaoning, Jilin,
Heilongjiang, Shanghai, Jiangsu, Zhejiang, Anhui, Fujian, Jiangxi, Shandong, Henan, Hubei, Hu-
nan, Guangdong, Guangxi, Hainan, Sichuan, Guizhou, Yunnan, Tibet, Shaanxi, Gansu, Qinghai,

Ningxia, and Xinjiang.

Province-Level Data and National Accounts. We obtain GDP, employment, export, and import
data from the China Compendium of Statistics 1949-2008', National Bureau of Statistics online
data 1995-2015, as well as Provincial Statistical Yearbooks 2009-2015. In particular, we obtain
GDP, export, and import data after 1995 from the National Bureau of Statistics online database,
while data prior to 1995 come from the Compendium. We obtain employment data after 2008
from Provincial Statistical Yearbooks and data prior to 2008 from the Compendium. We obtain
patent data from National Statistical Yearbooks 1985-2015.> The China Compendium of Statistics
consists of three main parts.The first part contains national-level data compiled by the National
Bureau of Statistics. The second part includes provincial, regional, and municipal data compiled
by local statistical bureaus for provinces, autonomous regions, and municipalities under the ju-
risdiction of the central government. The third part provides data for the Special Administrative
Regions of Hong Kong and Macao, edited by the National Bureau of Statistics. The national GDP,
employment, and trade data do not include those of the Hong Kong SAR, Macao SAR, or Taiwan

Province.

IThe digitized data can be extracted at https:/ /data.oversea.cnki.net/yearBook/single?id=N2010042091&pinyinCode=YXZLL
2The digitized data can be extracted from the China statistical yearbooks available at
https:/ /www.stats.gov.cn/english /Statisticaldata/yearbook/ and https:/ /data.stats.gov.cn/easyquery.htm?cn=C01



We make several adjustments to the data. First, the Chinese national accounts are based on
data provided by local governments to the National Bureau of Statistics (Bai, Hsieh, and Qian
(2006), and Chen, Chen, Hsieh, and Song (2019)). Given the incentive for local governments to
overstate local GDP figures and other measurement discrepancies, the National Bureau of Statis-
tics adjusts data reported by local governments to calculate national GDP using independent data
sources. As a result, the reported aggregate national GDP is generally lower than the sum of
the province-level GDPs. To address this discrepancy, we scale down the province-level GDP uni-
formly across all provinces to align with the reported national GDP. We apply the same adjustment
strategy to province-level employment, export, and import data to match their respective national
aggregates.

Second, we account for the evolving status of Chongqing. Prior to 1997, Chongqging was not
designated as a municipality directly under the central government. Since this paper focuses on
China’s economic rise during the 1990s—a period when Chonggqing remained part of Sichuan—
we treat Chongqing and Sichuan as a single integrated region, referred to as Sichuan-Chonggqing,
or simply Sichuan in quantitative result when the context is clear, throughout our analysis. Rele-
vant variables for the two regions are aggregated accordingly.

Third, for some provinces, measurement units are inconsistent with those used for national
aggregates. For instance, Guangdong Province’s export and import data are inaccurately reported
by the local statistical bureau in units of 100 million Chinese Yuan, despite being labeled as 10,000

Chinese Yuan. We carefully identify and correct such inconsistencies in the data.

International Trade Data. We obtain export and import data between Chinese provinces and
the rest of the world from the China Compendium of Statistics, 1949-2008 and the National Bu-
reau of Statistics online data 1990-2015. This data includes export and import values based on
tirm locations for each province. However, the National Bureau of Statistics online database does
not provide province-level trade data for the early 1990s. Therefore, we rely on the China Com-
pendium of Statistics, 1949-2008 to obtain province-level international trade data for the 1980s
and 1990s.

One potential concern about the international trade data from the 1990s is that two government
agencies reported export and import data in China over the last four decades: the Ministry of
Trade and Customs. The names of the Ministry of Trade’s provincial counterparts varied; for
instance, in Shanghai, it was known as the Foreign Trade and Economic Cooperation Commission,
which oversaw export and import data collection in Shanghai before 1999. Historically, during the
1980s and 1990s, trade data for many provinces were reported by the Ministry of Trade, whereas,
in the past two decades, nearly all provinces have had their trade data reported by Customs.

The province-level international trade data from the China Compendium of Statistics are con-
sistent with those from National Bureau of Statistics for the year 2000 onward. For these years, we
rely on the Yearbook data, as it explicitly states the definitions and methodologies used to report

province-level international trade flows between provinces and the rest of the world. However,



for the year 1995, due to mixed sources of province-level export and import data, the trade data
for some provinces in the Compendium show discrepancies compared to the National Bureau
of Statistics. Specifically, for 1995, the Compendium data for provinces such as Beijing, Fujian,
Guangdong, Guizhou, Hebei, Heilongjiang, Henan, Hunan, Jiangxi, Liaoning, Shaanxi, Shan-
dong, Shanxi, Sichuan, and Zhejiang align with the Yearbook data, with discrepancies smaller
than 3%, while the discrepancies are larger for the remaining provinces.

We use the deviations between the Compendium and National Bureau of Statistics data in 1995
to adjust the data for 1985 and 1990. A potential concern is that the data sources for 1985, 1990,
and 1995 in the Compendium might differ, making this adjustment less reliable. Reassuringly,
the international trade data for all provinces except Gansu are reported by the same government

agency across these years.?

GDP Data. We use the GDP deflator from the World Development Indicators compiled by the
World Bank, to compute the real GDP of each province at 1990 prices. We rely on the Penn World
Table 10.0 (PWT 10.0) to construct data for the rest of the world. The PWT 10.0 reports real GDP
at constant 2017 national prices (rgdpna) and employment (emp). We first keep all countries but
China. Second, we drop countries with missing data for either GDP or employment. We aggregate
all countries in our sample to obtain GDP and employment for the rest of the world. The World
Development Indicators database reports the world GDP deflator from 1985 to 2017. Combining
the two data sources, we compute GDP for the rest of the world at current year prices and real
GDP at 1990 prices. We express GDP, exports, and imports in 100 million USD, while employment

is measured in units of 10,000 people.

Capital Stock. We follow Shan (2008) to estimate province-level capital stock from 1952 to 2015.
We use the perpetual inventory method to estimate the time series of capital stock. For capital
stock at the base year, we follow Young (2003), using 10 percent of the gross capital formation in
1952. As Young (2003) and Bai et al. (2006) argue, the most appropriate measure of investment in
China is fixed capital formation. We obtain this measure from the China Compendium of Statistics
and National Bureau of Statistics. The investment price deflator is constructed by Shan (2008)
based on official statistics. We follow Shan (2008) to choose the value for the depreciation rate.
For the rest of the world, we obtain capital stock at constant 2017 national prices from the PWT.
We deflate country-level capital stock to reflect 1990 national prices using the GDP deflator. We
further adjust the capital stock of the rest of the world by matching the percentage gross fixed cap-
ital formation in GDP compiled by the World Bank. We start from the aggregate capital stock of
all countries (including China) in 1985 according to the PWT. We adjust for the aggregate capital
stock in the years 1990, 1995, 2000, 2005, 2010, and 2015 to match the average gross capital forma-
tion (percentage of GDP) in 1985-1990, 1990-1995, 1995-2000, 2000-2005, 2005-2010, and 2010-2015

3The international trade data for Gansu in 1985 and 1990 were reported by the Ministry of Foreign Trade, while
the data for 1995 were sourced from Customs Statistics. Gansu represents a very small fraction of China’s international
trade; in 1990, its exports accounted for 0.24% of the national total, while its imports made up 0.18% of the national
total.



respectively. Afterward, by excluding the capital stock of China, we obtain the capital stock for
the rest of the world.

Input Shares. We compute the values of v = 0.38 and ¢ = 0.54, which correspond to the pa-
rameter values for the year 1990 from world’s aggregates in the Eora multi-region input-output
table.

Gross Migration Flows. The People’s Republic of China (PRC) conducted its first population
census in 1953, with subsequent censuses held in 1964, 1982, 1990, 2000, 2010, and 2020. Between
these full censuses, inter-census surveys, or mini-censuses, were conducted in 1987, 1995, 2005,
and 2015, each sampling 1% of the total population. Migration data was first collected during the
1987 mini-census. This study uses migration data from Chinese population censuses and surveys
conducted in 1987, 1990, 1995, 2000, 2005, 2010, and 2015. Data from 1987, 1995, 2005, and 2015
are drawn from 1% sample surveys, while data from 1990, 2000, and 2010 are obtained from full
population censuses.

We focus on inter-province migration flows for several reasons. First, all population censuses and
mini-censuses report inter-province migration flow matrices, providing a consistent and compara-
ble measure of regional mobility across time from 1990 to 2015. Second, obtaining migration flows
at a more granular geographic level typically requires using micro-samples from population or
mini-censuses. However, inter-city migration flow data is unavailable in the micro-sample of the
1990 population census, and there is no access to the micro-sample of the 1995 mini-census. While
the micro-sample of the 2000 population census includes province-to-city migration information,
the 1990s represent a crucial period of analysis for this paper. Therefore, we focus exclusively on
inter-province migration flows.

For inter-provincial migration between 1995 and 1990, we directly obtain the data from the
1990 Population Census, where respondents reported both their current province of residence and
the province they lived in five years earlier. In the 2000 and 2010 Population Censuses, there were
both short and long forms. All individuals completed the short form, while 10% of the population
filled out the long form. The long form included migration-related questions for respondents
aged five years and older. We extracted the inter-provincial migration flow matrix from responses
on the long form, then scaled the migration flow and stayers values proportionally to match the
total population aged five and older. For the 1987, 1995, 2005, and 2015 surveys, we obtain inter-
provincial migration matrices and similarly scale the migration flows and stayers values to align

with the total population aged five and older.

Hukou Status We obtain the total number of people holding Hukou from different provinces
within a given province (Hukou stocks) using data from the Chinese population censuses and
surveys conducted in 1987, 1990, 1995, 2000, 2005, 2010, and 2015. For the Hukou stocks in 1990,
the data is directly sourced from the 1990 Population Census. For the 2000 and 2010 censuses,



the data is derived from the short-form respondents. For the years 1987, 1995, 2005, and 2015, we

obtain the Hukou stocks matrices and scale the values to align with the total population.

Migration Flows Conditional on Hukou Status In the quantitative exercise, we use inter-provincial
migration flows conditional on Hukou status between 1985 and 1990. To do so, we use IPUMS
data to construct a migration flow matrix by Hukou status. Specifically, we rely on the 1% sample
from the 1990 Population Census provided by IPUMS to calculate migration flows for the period
1985-1990.

To construct the migration flows for 1985-1990, we proceed as follows. Using the 1% sample
from the 1990 Census, we focus on the working-age population (15-64) and retain only those
who were actively employed in 1990. We apply a weight to each province to ensure that the
provincial employment shares in our sample match the shares reported in the China Compendium
of Statistics.

For each individual, we determine their Hukou location as follows. In the 1990 Census, re-
spondents were asked about the status and nature of their Hukou registration. If a respondent
chose "(1) residing and registered here," we assign their 1990 location as their Hukou place. If they
chose "(2) residing here for over 1 year, but registered elsewhere," "(3) living here for less than
1 year but absent from the registration place for over 1 year," or "(4) living here with unsettled
registration," we assign their Hukou place as the province they lived in during 1985.

For respondents whose Hukou status falls under categories (2)-(4) but who remained in the
same province in both 1985 and 1990 (i.e., "stayers"), we assign their Hukou location based on the
following procedure. We first identify a sample of migrants who changed their residence province
between 1985 and 1990, as recorded in the data. For each destination province, we calculate the
share of migrants coming from each origin province, then assign the Hukou place to the stayer
according to this distribution.* For each Hukou location (at the provincial level), we construct a
five-year migration flow matrix from origin to destination provinces. By combining this migration
matrix with the 1990 Census data, we can verify whether the employment share of each province,
relative to the nationwide total, aligns with the figures reported in the China Compendium of
Statistics (see Figure A.1).

A potential concern is step migration, i.e., a person does not directly migrate from her registration location to the
current location. We cannot check this using the 1990 census. Imbert, Seror, Zhang, and Zylberberg (2022) uses 2005
mini census data to show that step migration was negligible in 2000-2005. We do not expect this to be any different for
the period 1985 to 1990.



Figure A.1: Data validation
Employment Share: 1985
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Notes: This figure shows each province’s employment share in the national total employment. The horizontal axis
represents the employment share based on the 1% micro sample from the 1990 population census, while the vertical
axis represents the employment share based on the 1985 data from the China Compendium of Statistics 1949-2008.

Measures for Knowledge We measure knowledge using patent flow and accumulated patents
(patent stock) per capita. Province-level data on patents applications and patents granted were
obtained from the National Statistical Yearbooks compiled by National Bureau of Statistics for the
years 1985 to 2015. There are three types of patents: innovation, utility, and design. For each type,
the yearbook reports the number of patent applications and patents granted in a given year. To
proxy the measure of knowledge stock, we calculate the cumulative number of patents granted of
all three types at the provincial level for each year, starting from 1985. Using this data, we compile
province-level knowledge stock for the years 1985, 1990, 1995, 2000, 2005, 2010, and 2015, enabling
us to calculate changes in knowledge stock every five years from 1985 to 2015. For data on patents
granted in the rest of the world, we use information from Google Patent spanning 1985-2015,
following the methodology of Liu and Ma (2021). To represent global patent stocks, we use data
from Google Patents data, which serves as a reliable counterpart to PATSTAT.

Our province-level patent data are obtained from the China Statistical Yearbooks compiled by
the National Bureau of Statistics, with the patents themselves sourced from China’s State Intellec-
tual Property Office (SIPO). In Figure A.2, we demonstrate that patents are highly correlated with
measured TFP and knowledge stock at the provincial level, indicating that the patent data are
credible and serve as a reliable measure of knowledge stock. This is the same data source used by
Konig et al. (2022), who also find a positive correlation between TFP, R&D, and patenting, further
supporting the reliability of the patent data.

Stock of Knowledge in the Model We derive the model inversion used to estimate the initial

-0
local stock of knowledge. We start from the domestic expenditure A, 0 = Ay (%) . Using



Figure A.2: Patent Count, Measured TFP, and Knowledge Stock
Cumulative Patent Count vs Measured TFP: 1990-2015 Cumulative Patent Count vs Knowledge Stock: 1990-2015

log(Cumulative Patent Count)
log(Cumulative Patent Count)
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Notes: The left panel shows the correlation between cumulative patent counts and measured Total Factor Productivity
(TFP), while the right panel shows the correlation between cumulative patent counts and knowledge stock. Each dot
represents a province in a specific year. The patent data are sourced from the National Statistical Yearbooks, compiled
by the National Bureau of Statistics. Measured TFP and knowledge stock are calculated by the authors.

this equation, we obtain
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Finally, using the fact that w,gL,0 = ¢ (wn,0Ln0 + 7n,0Kyo), we find that the initial stock of
knowledge across locations is given by
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A.2 Descriptive Patterns

We begin by categorizing provinces into four regions—eastern, central, western, and northeastern—
based on classifications from the National Bureau of Statistics and examine inter-regional migra-
tion flows. Next, we present the level of real GDP across provinces and the annual growth rates

of real GDP for each province. One takeaway is that provinces experienced uneven economic



growth in this period. We then focus on migration patterns from major origin provinces and to key
destination provinces, showing that both origins and destinations exhibit significant geographic
diversity.

Real GDP Levels and Growth

Figure A.3 shows the dispersion in levels of real GDP across provinces in China for different time

periods.

Figure A.3: GDP by Provinces
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Notes: The figure presents the level of real GDP for each province in China over different time periods.

Table A.1 shows the annual growth rates of real GDP in each province in data.

Cross-region Migration

People migrated across all regions and not necessarily to the geographically less distant region. In
addition, not all migration is to coastal areas (high-growth places), and coastal areas received mi-
grants from all locations, not only from the geographically closer provinces. To illustrate these
migration patterns, we categorize provinces into four regions—eastern, central, western, and
northeastern—based on classifications from the China’s National Bureau of Statistics, and exam-

ine inter-regional migration flows.> We focus on migration patterns from major origin provinces

5The eastern regions include Beijing, Tianjin, Hebei, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, Guangdong,
and Hainan. The central regions consist of Shanxi, Anhui, Jiangxi, Henan, Hubei, and Hunan. The western regions
encompass Inner Mongolia, Guangxi, Sichuan, Chongqing, Guizhou, Yunnan, Tibet, Shaanxi, Gansu, Qinghai, Ningxia,
and Xinjiang. Lastly, the northeastern regions include Liaoning, Jilin, and Heilongjiang.



Table A.1: Annual Growth Rates of Real GDP

Province 1990-1995 1995-2000 2000-2005 2005-2010 2010-2015
Beijing 11.91% 13.86% 12.56% 10.28% 7.71%
Tianjin 11.68% 8.61% 10.45% 11.00% 6.87%
Hebei 11.80% 8.68% 9.44% 9.84% 5.12%
Shanxi 7.76% 8.71% 12.85% 11.21% 3.08%
Inner Mongolia 9.25% 9.71% 13.65% 12.64% 6.69%
Liaoning 8.79% 8.15% 5.19% 8.32% 4.95%
Jilin 9.16% 6.39% 5.60% 12.46% 6.47%
Heilongjiang 7.73% 7.14% 6.65% 6.36% 4.26%
Shanghai 13.31% 11.08% 9.62% 8.70% 5.61%
Jiangsu 16.10% 7.99% 11.90% 12.22% 8.55%
Zhejiang 17.96% 8.89% 11.85% 10.38% 6.81%
Anhui 10.75% 7.90% 8.51% 12.71% 9.50%
Fujian 18.38% 9.72% 7.14% 12.75% 9.37%
Jiangxi 9.61% 8.67% 10.26% 13.16% 9.38%
Shandong 13.70% 8.14% 9.79% 10.63% 7.37%
Henan 13.14% 8.40% 10.92% 11.50% 7.46%
Hubei 8.20% 8.27% 8.61% 14.34% 10.36%
Hunan 10.67% 8.07% 8.24% 13.76% 9.91%
Guangdong 17.17% 10.00% 10.97% 10.27% 7.32%
Guangxi 14.09% 4.21% 8.30% 12.23% 8.66%
Hainan 15.51% 5.12% 6.83% 12.21% 10.10%
Sichuan 11.71% 7.33% 8.92% 13.11% 9.93%
Guizhou 7.23% 7.46% 9.30% 12.66% 15.35%
Yunnan 9.42% 8.01% 7.37% 11.50% 11.10%
Tibet 3.26% 13.20% 11.32% 10.45% 12.23%
Shaanxi 8.25% 9.02% 11.87% 14.98% 9.74%
Gansu 5.90% 10.81% 7.96% 10.51% 7.79%
Qinghai 6.82% 6.82% 9.42% 12.29% 9.00%
Ningxia 9.39% 8.31% 10.24% 16.13% 7.52%
Xinjiang 12.56% 8.17% 8.89% 10.63% 8.73%

Notes: GDP growth in data. GDP after 1995 are from the National Bureau of Statistics online database, while data prior
to 1995 come from the Compendium.



and to key destination provinces, showing that both origins and destinations exhibit significant
geographic diversity. Figure A.4 illustrates cross-region migration flows in China. The figure
highlights that a significant number of migrants move from the central, eastern, and western re-
gions to the eastern region. While the eastern region is a major destination, it also serves as an

important source of migrants relocating to the central, eastern, and western regions.

In-migration

Inter-province migration gained momentum in the 1980s, with a significant surge in the 1990s.
All provinces receive significant number of migrants. The primary destination provinces were
Guangdong, Jiangsu, Beijing, Shanghai, and, later, Zhejiang (Figure A.5).

Among migrants to Guangdong, the top destination province, the sources of origin span a
wide geographic range, from South to North and East to West. In the late 1980s and early 1990s,
Sichuan, Chongqing, Guangxi, and Hunan were the primary sources. By the late 1990s and early
2000s, Henan, Hubei, and Jiangxi also emerged as major contributors, each sending over 800,000
people to Guangdong within a five-year period (Figure A.6).

Notably, Guangdong later became significant sources of migrants relocating to other regions,

as we will illustrate next.

Out-migration

All provinces experience a notable number of outmigrants (Figure A.7). Leading the list are
Sichuan, Chongqging, Henan, Hunan, and Anhui. Figures A.8 and A.9 illustrate that the desti-
nation provinces for migrants from these top origin provinces are also geographically diverse.

Figure A.8 illustrates that the destination provinces of migrants from the top origin provinces
are also geographically diverse. Sichuan and Chongging, located in the Midwest of mainland
China, have seen the majority of their migrants move to Guangdong in the Southwest. By the late
1990s, Zhejiang in the East emerged as the second-largest destination, followed by Fujian in the
Southeast, Xinjiang in the Northwest, and Yunnan in the South.

Since we combine Sichuan and Chonggqing into one geographic unit, the fact that they send out
the most number of outmigrants might be driven by the size of population. Hence, we also report
the the Sankey diagram in Figure A.9 for origin provinces that send the second largest number of
migrants to other provinces. Notably, Henan surpassed Sichuang and Chongqing combined and

became the largest origin province between 2010 and 2015.
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Figure A.4: Cross-region Bilateral Migration Flows
Bilateral Migration Flows (1985-1990, in millions of people) Bilateral Migration Flows (1990-1995, in millions of people)
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Notes: These figures illustrate cross-region migration flows within the country every five years from 1985 to 2015,
measured in millions of people. The Eastern regions include Beijing, Tianjin, Hebei, Shanghai, Jiangsu, Zhejiang, Fujian,
Shandong, Guangdong, and Hainan. The Central regions consist of Shanxi, Anhui, Jiangxi, Henan, Hubei, and Hunan.
The Western regions encompass Inner Mongolia, Guangxi, Sichuan, Chongqing, Guizhou, Yunnan, Tibet, Shaanxi,
Gansu, Qinghai, Ningxia, and Xinjiang. Lastly, the Northeastern regions include Liaoning, Jilin, and Heilongjiang.The
data are sourced from population censuses and mini-censuses conducted in various years.
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in millions of people. The data are sourced from population censuses and mini-censuses conducted in various years.
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Figure A.6: Distribution of Source Provinces Among Migrants to Guangdong
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Notes: These figures show migration flows from other provinces to Guangdong, the largest migration destination,
every five years from 1985 to 2015, measured in millions of people. The data are sourced from population censuses and

mini-censuses conducted in various years.
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Figure A.8: Distribution of Out-migration across Provinces
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Notes: These figures show migration flows from the largest migration origin to other provinces every five years from
1985 to 2015, measured in millions of people. The data are sourced from population censuses and mini-censuses con-
ducted in various years.
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Figure A.9: Distribution of Out-migration across Provinces

. . From Anhui to Other Provinces (1990-1995
From Hebei to Other Provinces (1985-1990) ( )
042 Beijing
.038 Inner Mongolia .002 Hair
P 818 Erions
081 Haman - onoeng 5% fingha
050 Zhejang
001 Guangxi
) o7 e
.216 Beijing Sichuan&Chongging
3 G
015 Henan
806 Ehnama
hjon o
angxi 888 Binou
035 ‘Shandong 0000 Tioet”
.027 Henan 022 Fuji
012 Liaoning
56 Shan 87 Ko
016 Shaanxi
8% Eu'a‘:‘;dong
001 gednngjlang 261 Jiangsu
Hebei .653 Anhut 729
.097 Tianjin
.006 Hunan .020 Shandong
031 Liaoning §§§ grlml;‘::xﬂdongnha
88; an"a" 008 Jiangxi
o

157 Shanghai

014 iangsu
;gg? gﬁ“m
i e

Origin Destination  Origin Destination

From Anhui to Other Provinces (2000-2005)

¥ mnan
E FHY
k finan
E izou
123 Fujian

010 Shaanxi
282 Guangdong

From Hunan to Other Provinces (1995-2000)

8 B

o S

o4l Bel’mg
1155 Zhejiang 8 Shandong
029 Jiangxi Egg

di

942 Zhejiang

00 S

2707 Guangdong

1212 Jiangsu

Anhui 3912
Hunan 3501

855 ﬂggﬂrn&chenvmm‘l

323 i
5 B
il -

.§§§ 3

877 Shanghai

0000 BL
1 e Mongolia
i e

4 4 #ik
] T 059 ;‘;;ln‘;
Origin Destination Origin Destination

From Anhui to Other Provinces (2005-2010)

From Sichuan&Chongqing to Other Provinces (2010-2015)
127 Fujian
) e

oR2

{081 Shandong
075 Tiany

it G

1.324 Shanghai

8% dhaey

.359 Fujian

121 Hubei
1037 Heilongjiang
150 Guizhou

838 Gt

136 Xinjiang
041 Hebei 020 Iuner Mongolia
‘033 Xinjian 067 Hebei
5 bunomnq 033 Hainan

1.255 Guangdong.
1.627 Jiangsu

§§9 Tibet
042 Jiangxi i angs
05 Landt
212 Beijing 239 sl_aan‘?h_m
¢ Bi% fimenet
Anhui 5819 ; “gﬂm
K “,é,‘},“ Sichuan&Chongging 4.536 548 Zhejiang

é;z guar;lydnnq 200 Yunnan
4 izhou

083 Shaanxi
uangxi 039 Anhui
.357 Jiangsu
.090 Hunan
026 Liaoning
234 Beijing
139 Tianjin
.100 Shandong

Origin Destination Origin Destination

1.601 Zhejiang

033

Notes: These figures show migration flows from the second largest migration origin to other provinces every five years
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B Identification Strategy — Migration, Trade, Idea Flows

B.1 Regressions using Card IV

We present the first-stage results of the IV regression using Card (2001)’s instrument in Table B.1.

Results suggest a strong correlation in the first stage.

Table B.1: First Stage Results for Card IV

Migration]!, Migration];, (Import/GDP),
(1) (2) )
Migration//, =1V 0.598*+* -0.333 0.482%++
(0.15) (0.46) (0.10)
Migration) sV 0.031 0.819*** -0.093*+*
(0.03) (0.09) (0.02)
(Import/GDP),,¢—1 -0.090 -0.008 0.452%**
(0.10) (0.18) (0.04)
Observations 150 150 150
R? 0.793 0.810 0.751
Number of provinces 30 30 30
Year FE v v v
Province FE v v v
F-statistic 16.41 18.72 48.26

Notes: This table shows the first-stage results of the IV regression using Card (2001)’s instrument. Migrants are sep-
arated into those from high-TFP provinces (Mlgratlon '+) and low-TFP provinces (Mlgratlon ¢)- High-TFP provinces
are defined as those with TFP levels above the natlonal mean in 1990, while the remaining provinces are classified

as low-TFP. Migration® ,, where k = H, L, are measured in units of 10,000 people. is measured in units of 1 percent-

n,t’

age point. Dependent variables in column (1)-(3) areMigration'!
k,Card IV .

Lt Mlgratlonn +» and (Import/GDP), , respectively.
is the instrument for Mlgrahonn ¢» where k = H, L, following Card (2001), and (Import/GDP), ;1
is the mstrument for (Import/GDP)y,:. We report the Sanderson-Windmeijer F-statistic in the first stage. All columns

M1grat10n

include controls for year and province fixed effects. Robust standard errors, clustered at the province level, are reported
in parentheses, and *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

B.2 Regressions using Burchardi IV

We also construct instruments proposed by Burchardi et al. (2020). We first estimate, for each ¢,

I .
Min,t = 5?1 ¢+ ‘51t + Z aT,tIz,—n T Z'HIT + Vints (1)
T=1982 '

where [; _, ; is the total number of migrants flowing from i at T who arrive in provinces outside of

I*] n,T 3

the province n, which captures a “push” shock from i. 7=*%is the share of migrants flowing from

provinces other than i who arrive in n at T, capturing a pull” shock to n. M;,; is the stock of
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migrants in province n from province i, measured by the number of residents in province n that
have their Hukou from province i. d;; and 6, are origin and destination province fixed effects,
respectively. We estimate (1) separately for each t = 1995,2000,2005,2010,2015. We then derive
the predicted stock of migrants

t I L
~ —in,T
Mz'n,t = Z art (Il,—ﬂ’[ > ’

7=1982 I_lr T

I—inT

1
where d; are the coefficients estimated from (1), and (IZ- T ) is the obtained from residu-

lHT

alizing I; _, TII with respect to J,,+ and é;; in (1). Having predlcted migration stocks in hands,

we apply the sh1ft share approach by interacting the predicted migration stock in a province with

its migration flow from the same origin province,

Iﬁ.
znt — 5nt +(51t +5t +bt |: int X <Ii,n,tl Lt >:| + Uin,t
—i,—n,t

where 6;;, 4,1, and J; are origin province, destination province, and time fixed effects, respectively,

int

and [; _,; II 1s a scaled push shock from i.

We fmally construct our instrument for the total number of migrating arriving in province n in

period £, Immigration,, ,, in (1),

N ~ A I,'
Iin,t - bt [Min,t X <Ii,n,t1'l’n,t>:| .
—i,—n,t

Finally, we construct our IV as

i,BCHTITIV __
I] - Z Im tr /
i€Ti

Identifying assumption. The identification assumption for our IV, constructed following Card
(2001), is that €, is orthogonal to I;. ; x II’I”%’; for all i and t. This requires that any unobserved
shocks €, that cause temporary increases in a given destination province’s knowledge growth
do not systematically correlate with migrants from an origin province to other provinces (I;. ()
interacted with the share of migrants in that destination five years ago ( 1”” 1)

The identification assumption of our IV, constructed following Burchardi et al. (2020), is that

A

M, + is exogenous. The corresponding exclusion restriction is that €, is orthogonal tol; _, r x
II:” < for all i and T < t. This requires that any unobserved shocks €, ; affecting knowledge growth
in a given destination province do not systematically correlate with migration from an origin
province to other provinces, excluding the given destination province (I; _, 1), interacted with the

share of migrants in that destination among those not flowing from the given origin province

(722).

—lT
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Table B.2: First-stage Results for Burchardi et al. IV

Migrationgt Migrationﬁ/t (Import/GDP),, s
(1) (2) ©)
Migration, ;""" 1V -2.809** -4.711 -1.468
(1.11) (2.87) (1.09)
Migration,;? <"1 0.779*** 3.470%** 0.123
(0.15) (0.75) (0.09)
(Import/GDP),, ;1 -0.197 0.405* 0.314**
(0.21) (0.21) (0.14)
Observations 150 150 150
R? 0.649 0.725 0.530
Number of provinces 30 30 30
Year FE v v v
Province FE v v v
F-statistic 12.93 11.11 6.12

Notes: This table shows the first-stage results of the IV regression using Burchardi et al. (2020)’s instrument. Mi-
grants are separated into those from high-TFP provinces (MigrationnH/t) and low-TFP provinces (Migrationﬁ/t). High-

TFP provinces are defined as those with TFP levels above the national mean in 1990, while the remaining provinces
k

n,t’
of 1 percentage point. Dependent variables in column (1)-(3) areMigration
ﬁ’fCHT Vis the instrument forMigrationk where k = H, L, following Burchardi et al. (2020), and

n,t’
(Import/GDP), ;_1 is the instrument for (Import/ GDP), ;. We report the Sanderson-Windmeijer F-statistic in the first

are classified as low-TFP. Migration], ,, where k = H, L are measured in units of 10,000 people. is measured in units

H  Migrationk ,, and (Import/GDP),, re-

n,t’ n,t’

spectively. Migration
stage. All columns include controls for year and province fixed effects. Robust standard errors, clustered at the province

level, are reported in parentheses, and *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respec-
tively.

As our migration stocks measure started in 1990, we lost one cross section of data. To make
coefficients comparable, we run our OLS specification using data after 1990. We present our results
in Table B.3.

C Proofs and Derivations of Idea Diffusion

In this appendix, we derive the idea diffusion process with a generic source distribution of in-
sights. We then endogenize the source distribution as a result of idea diffusion from migrants and

sellers.

C.1 Law of Motion of the Stock of Knowledge

We present two distinct approaches to derive the endogenous emergence of the Fréchet distribu-

tion for frontier productivity and subsequently link them to the existing literature.
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Table B.3: Migration, Trade, and Changes in Patents

Granted Filed

Flow Stock Flow Stock
APatent Per Capita (1) (2) (3) 4)
Immigrationfit 0.46*** 0.62***  (0.82**  1.20%**

(0.10)  (0.21) (0.12) (0.28)
Immigration.; , -0.06*  -0.08  -0.11*** -0.18*

(0.03)  (0.05) (0.04) (0.06)
(Import/GDP) s 0.62%**  1.04***  (.77**  1.62%**

(0.17)  (0.19) (0.18) (0.21)
Observations 150 150 150 150
R? 0.698 0.712 0.756 0.779
Number of provinces 30 30 30 30
Year FE v v v v
Province FE v v v v

Notes: This table presents the correlation between changes in patents per capita and migration as well as the import-
to-GDP ratio across provinces. Migrants are separated into those from high-TFP provinces (Migrationft) and low-TFP

provinces (Migrationﬁ/t). High-TFP provinces are defined as those with TFP levels above the national mean in 1990,

k
n,t’

people. is measured in units of 1 percentage point. Patents per capita are expressed as the number of patents per 10,000

while the remaining provinces are classified as low-TFP. Migration; ,, where k = H, L are measured in units of 10,000

residents, including both migrants and stayers in 1990. The dependent variables in columns (1) to (4) are the flow per
capita of granted patents, the stock per capita of granted patents, filed patent flow per capita, and filed patent stock
per capita, respectively. The data covers years 1995, 2000, 2005, 2010, and 2015. All columns include controls for year
and province fixed effects. Robust standard errors, clustered at the province level, are reported in parentheses, and *,
**, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

C.1.1 Approach 1: Distribution in Time Difference (Limit)

The arrival of new ideas between t and t 4 1drives changes in the distribution of frontier knowl-
edge. Our focus is on the evolution of the entire distribution over each unit time interval.

We start by providing a proof of Proposition 1 and then derive the law of motion with idea
flows after specifying the external source of ideas. In this section we use uppercase letters for

random variables, and lowercase letters for their realized values.

Proposition 1. Under Assumption 1, between t and t + 1, the probability that the best new idea has
productivity no greater than g, F'¢* " (q), is given by

F;Jest new(q) = exp (_‘th_g /0°° xPGth(X)>

in the limiting case when z — 0.

Proof. For any new idea that arrives between time ¢ and t + 1, the probability at time ¢ that its

productivity is no greater than q is given by
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PHEZU(q)
= Pr[ZQ" < q]

—/ Pr[ i, q}
"7/2 UP q
(q/2)"/

_/ Pr [ & q'] dGi(q').

()

where the fourth equality follows from the fact that Pr [Z < &

dGi(q')

[ee]

q’] th(q’) + Pr [Z < 9

(q/2)V/¢

Q> (q/z)l/P] = Pr[Z <z]=0.
Using Assumption 1 a), on the functional form of H(-), we obtain

new (a/2)/¢ /z\
= [ - (%)

Note that in order to derive this expression, we do not need to specify the source distribution

of the insights. Assumption 1 c) implies that between t and t + 1, the probability that the best new
idea has productivity no greater than g is given by

Ptbest new (q)

= Pr [all new ideas are no greater than g]

= ) Pr[# new ideas = s] - Pr [all new ideas are no greater than g [# new ideas = s]

o0 (lxtzfe)sef(nqi"’)

=y M Ry
s=0 '
_ i [lXtZ_GFtnEw(Q)]S . e—(mZ*(’)Ft”Ew(q) ‘67(M279)(17F;13w(q)),

s!

=1

and therefore we obtain that

Ftbest HEZU(q) — e*(octz*G)(lthnew(q)).

In order to characterize the probability distribution of the best new ideas, we hold «; constant
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and investigate the limiting case where Z — 0. We then have that

(4120 2\~
lim a2~ (1~ F/“ (q)) = lim a2~ (l - [1 (%)
0

z—0 z—0

th(‘f))

N /(q/zﬂ/f’ AN
0 q'r

o=

= lima;z~° (1 —ye ((

z—0

N
SN—

o=
N~——7 ~
[E—

~—

—_
|
O
/7~
~—~~
N SN NS
=
&_8 ~
Ny
~_
|
>

= Kt lim 2_9 [
z—0

4, lim s /(‘7/2)1/”
arlim z
‘2 0

QU
o
—~
=
N

z—0

= Kt l_lmZ

z—0

[(3) i

where the first term on the right-hand side is zero by Assumption 1 d). In the limiting case when

ES
—
—_
|
D

-
/N
—~
~—

R
N——
[E—
+
Q
&

z — 0, the expression is equal to the second term only, which is —a;g~? [ 000 xPdGy(x).

Henceforth, we assume z — 0 and focus on the limiting case. The best new idea then follows
FPestnew(g) = exp (—atqe / prth(x)> :
0

The productivity of the economy depends on the frontier of knowledge, F;(g). The frontier
of knowledge denotes the fraction of varieties whose best producer has productivity no greater
than 4. In a probabilistic sense, F;(g) is also the probability that the best productivity for a specific

variety is no greater than q at time ¢.

Proposition 2. . The frontier of knowledge, F;(-), at any t given follows a Fréchet distribution given by

Fi(q) = exp

t—1 o
- (Ao + E «xT/ xPGdGT(x)> q_9]
=0 0
=exp (—Atq’e) ,
where the law of motion for the knowledge stock is given by

At+1 = At + Dét/ X‘ngGt<X>.
0

Proof. We prove this result following two different approaches. The first approach relies on the
assumption that the initial distribution at time 0 follows a Fréchet distribution. The second ap-
proach, which we label as the Poisson Approach, does not impose this assumption.

First note that the frontier F;(g) changes from ¢ to t 4+ 1 because some new ideas might have better
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productivity than the current best. At t + 1, we then have

Fi+1(q) = Pr [the best productivity is no greater than g at t + 1]
= Pr [the best productivity is no greater than q at ] -

Pr[no new ideas greater than q between t and t + 1]

= Fiq) - EPt e (g)

t
= Fo(q) - TTF& "(q),
=0

where the last line follows from iteration back to ¢ = 0.
Approach 1: Assume that the initial distribution at time 0 follows a Fréchet distribution;

namely,

Fo(q) = exp(—Aoq~?).

Then it follows that F;(+) is Fréchet at any :

Fi(q) = exp

t—1 00

— (AO +) ocT/O xpgdGT(x)> qol
=0

=exp (—Atq’(’) .

It also follows that the law of motion of the knowledge stock is

At+1 = At + Dét/ xpeth(x).
0

As we can see from this equation, both the arrival rate of new ideas a; and the learning pool

Gt (-) matter for the evolution of Ay.

Related literature. This approach shares similarities with Buera and Oberfield (2020). We de-
scribe how the distribution of frontier knowledge at time ¢, combined with the arrival of ideas
between t and t + 1, shapes the distribution at t + 1. This is akin to Buera and Oberfield (2020) use
a continuous-time framework to trace the evolution of the frontier knowledge distribution from ¢
tot+ A as A — 0. Both approaches assume an initial Fréchet distribution; however, the second
method, which we introduce next, allows for relaxing this assumption.

Approach 2: Poisson Approach

We propose an alternative approach to deriving the Fréchet-distributed frontier technology. At
any given moment, the distribution of frontier knowledge reflects the cumulative arrival of ideas
up to that point. Rather than examining the evolution of the distribution over a unit time interval,
we focus on how the accumulation of ideas from the initial time period to the present shapes the

resulting distribution.
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With H(z) =1 — (z/ Z)_e and A; = a;z?, the number of newly arrived ideas with an original
component’s productivity Z > z between t and t + 1 follows a Poisson distribution with mean
Ri(z) = (1 — H(z)) At = a;z~%. The support of R; (z) is (0, 0] when z — 0.

The number of new ideas with productivity greater than or equal to q between t and t + 1

follows a Poisson distribution with mean
~ _ 00 /p /
Ri(q) /0 R; (q/q )th (v/)

o [ (i) a0 )

=q %, /OO xP?dG; (x).
0

It follows from that given Q' = ¢, an idea Z > /4 implies ZQ” > q. Now we denote AA; =
o fooo x*dG; (x). The number of new ideas with productivity greater than or equal to g between 0

and t follows a Poisson distribution with mean

t—1
we(g) = ) Re (q)
=0
t—1 o
= q‘e Z ocT/ 4G, (x)
=0 0
t—1
=q %Y AA.
=0
= q_eAt/

where we denote A; = 1 AA-, which we refer to as knowledge stock. The probability that

T=—00

no idea with productivity greater than or equal to g follows

Fi(q) = exp [t (g)] = exp [ —q "Ad]

where .
At+1 — At = Dct/ xpgth (X) .
0

Note that if the knowledge stock starts at zero, the random arrival of new ideas with varying
productivity levels immediately results in a Fréchet-distributed frontier technology from the con-
sequent period onwards. In this case, we no longer need to assume that the initial distribution of

frontier technology has to be Fréchet.

Related literature. Eaton et al. (2011) first introduced the Poisson approach, which has since
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been adopted by Eaton et al. (2025) to study firm-to-firm trade. Cai and Xiang (2022) and Xi-
ang (2023) use the Poisson approach to characterize the endogenous emergence of multivariate
Fréchet-distributed frontier technology in the context of multinational production. Similarly, Lind
and Ramondo (2023)’s characterization of Max-stable Fréchet productivity, resulting from Poisson

innovation and independent diffusion, aligns with the spirit of the Poisson approach.

C.2 Migration and the Source Distribution of Insights

Assume that at time f in location 1, when a new idea arrives, the insight from a randomly drawn

person currently living in # is the insight component of the new idea. Then

Gut(q') = Pr[the insight component is no greater than 4’|

N
= ) Pr[the person with the insight lives in i at ¢]-
i=1

Pr [the insight is no greater than q’ ]the person with the insight lives in i at t]
N
=Y sinsFie(q),
i=1

where s;,, ; is the share of households from location i living in location n. In particular, we denote
HintLit

by pin the fraction of households that relocate from from i to n. We then have s;,,; = T
h=1 Fhn,tLh,t

and

o N
/0 2 PdGy(x) = T(1—pr) Y sine(Aip)".
i=1

Finally, the law of motion of the stock of knowledge with ideas from people is given by

N
An,t+1 - An,t == fxn,tr(l - Pﬁ) Esin,t(Ai,t)pé-
i=1

C.3 Derivation of the Law of Motion of Knowledge with Ideas from Migrants and
Sellers

Now we derive the law of motion of the knowledge stock with idea flows from both trade and
migration.

We impose the following version of Assumption 1 to incorporate both sources of idea flows:

Assumption 1’

a) The same as Assumption 1 a)
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b) The strength of idea diffusion, p,, + p; € [0,1), is strictly less than 1.
c) The same as Assumption 1 c)
d) The source distribution has a sufficiently thin tail such that for any monotonically decreasing sequence of

Zy — 0,0 limy, 00 2,7 [1 — ffB dGH(g, dGm(qm)} = 0, where B(2) := {(x1,x2) : 2x{'x" < q} C
-0
R?. In addition, the integral [ [ < o pm> dGl(q,)dG}" (qm) exists.

Proposition 1. Under Assumption 1, between t and t + 1, the probability that the best new idea has
productivity no greater than g, F'¢* " (q), is given by

Fhest new(q) — exp < wrg / / q’;lqﬁf’ dGi(WW@"(‘?m))

in the limiting case where Z — 0.

Proof: For any new idea that arrives between time ¢ and t + 1, the probability at ¢ that its produc-

tivity is no greater than g is given by

F“(q)

= Pr(ZQ'Qi" < q]

_ q 1 m

B //}Ri Priz < m qe,qm | 4Gy (q0)dGY" (Gm)

= [ B |7 = it 30w | 461 @G
q I "

//]Rz [ oo e Gm | 4Gy (90)dGY" (qm)
_ q 1 m
= //B(z) Pr|Z < W qe,9m th(Qg)th (qm),

where B(Z) is defined in Assumption 1’ d). Using Assumption 1" a), we obtain

_ —0
WW@/A@[ Qg%)]ddwwwwm

The probability that the best new idea has productivity no greater than g is the same as before:
Fbest new(gy — o= (@z")(1-F""(7)) _ Consider a monotonically decreasing sequence of z, — 0. We

prove by the dominated convergence theorem that

lim a,z,°(1 = F*“(q —oq//( p[qpm> dG;(qe)dGy" (qm)
g m

. The integral exists under Assumption 1’ d).
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Define g, : R4 — R,

gn(q) = 2,°(1 — F“(q))

o\ -0
=z,° (1//3(2’1) ll (qj;i)
1—//B(zn)dc (q0)dGr" qm] // (W pm> edGi(qe)dGi”(qm)

o 9m

1- [ [ aciandcr qm] //( . pm) 1502, 4GH(40)AGY ().

dp Gm

de(qe)dGZ”(qm))

9

By Assumption 1" d), we have lim;, ;o Z,; {1 — fB dGl(q, dGm(qm)} = 0. Since Vq > 0, Vn,

_ _o
q q
m 1B ZV[ < m v
(W%> = (W%)
_9 _p
lim 1p(s) = ,
noe (qp‘qﬁé”> B() (ﬁcﬂé”)

by the dominated convergence theorem, we have

nlgrolo// <q§"qﬁ{"> B(zn AGi (90)dG] (Gm) //( T pm> dGi(q0)dG]" (qm),

and

o Gm

SO

lim gu(q) = lim 12, °(1 — F'(q))

n—00 n—o00

~pmt 1= ] . caoacrian] + o | | (e ) 1512, 461(a0)4GF (an)

o 9m
= // <qﬂ£fqg1m> dGl(W)th (erz)

Henceforth, we assume z — 0 and focus on the limiting case. The best new idea then follows

Fbest new(q) _ exp< e // qu[q‘zr th W)th (Qm)>
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or, using the Riemann integral,

Pbest new(q) exp < lxtq / / q?éqﬁé" dGl(q;)dGi”(qM) .

As in the previous section, in this section it follows that the frontier distribution F,, (-) follows
a Fréchet distribution with location parameter A, ; and shape parameter 6, and the law of motion

of A,y is

A1 = nt—l-lxt/ / q@"qﬁf‘ dG}a,t(W)dGth(qm)-

Then the law of motion becomes

Aptp1 = Ant‘H"t/ ‘7/p/dcnt (q¢) / qnf'”dGnt(qm)

The first integral,
N
| aaGh a) =T = p0) Y- sins(430)",
i=1

is the same as in the previous section. The derivation of this term follows the previous section of
this appendix. For the second integral, we assume learning from sellers as in Buera and Oberfield
(2020). Namely, the insights from goods are randomly drawn from the set of goods sold locally.

To simplify the notation, we omit intermediate goods in the derivation that follows. In this case,

Goi( Z P [g; < x, iis the lowest-cost supplier to n at t]

i

Wi tKnj, ,
=ZIP [qiﬁx,qjﬁ ! ]th‘v]]

Wi tKni b
W 1Ky
~ [t (T (2220) )
]751 i,t"ni,t
where F;;(-) and f;(-) are the cumulative distribution function (CDF) and probability density

function (PDF) of a Fréchet distribution with location parameter A;; and shape parameter 0, re-

spectively:

Fu(q) = exp (~Aiug*),
fir(q) = Ai 097 Texp (—Ai,tq‘e) .
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Therefore,

X Wj tKnj,t
= : Fp | -2 > d
ZZ:/O furla) (g " <wi,tKni,tq ) I
-0
_ Y g1 a0 B W)tk o
-0
* _o— Wi tKnjt -
= Ai0q exp | — A(" ]') )d
L /0 09" exp ( LA o) 1)
N N
_ Z Az,t (wz,th,t) — exp (_ ZA]’,t (W{,tKn{,t> x_9>
i Z] Aj,t (w]"tKn]‘,t) wl,th,t
-6
Wi tKnjt -
;Am’texp< 2 ]t(wlmet> * )
It follows that the second integral, which represents the learning from goods, is given by

—0
00 00 Wi tKnj ¢ _
/ " AGry () / ot dZAm,teXP( LA (w] . ) qnf)
i it Knit
—6
_ © o Wj,tKnj t —0
_;Ani,tA qmp dexp( ZA]t('(/Uthnlt) qm)

Wj tKnjt

—0
—0
wi,tKni,t) g, and we have

Using change of variables, define x = Y Ajt (

6om o Witk P
/ " AG (qm) 2/\7111‘/ ZA —— x Prdexp (—x)
1, Tll
A Pm
r(1- A ”) :
Om 2 nit (Amt

Therefore, the law of motion of A, is given by

Anpe1 — App = (Xtr(l - Pé 1 - Pm [Z Sznt

D Additional Derivations

In this section, we provide detailed derivations of the trade shares, migration shares, and the

solution to landowner consumption and investment decisions.
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D.1 Derivation of the Trade Shares

Let Q) be the variety space and intermediate variety w € Q). Let p;,,¢(w) be the price that firms in

location i pay for good w purchased from location n at time t. Then perfect competition implies

Km tXn,t

q(w)

Pint(w) =

where x,,; is the unit cost of inputs to produce in location n. Since {q(w)},ecq are ii.d., for all

w € ), they have the same distribution. Let Hin,t( p) be the cumulative distribution of prices, i.e.,
Hini(p) = P [pins(w) < p]. Then

Hint(p) = Plpins(w) < p]

Kin tXn,t
=P |2 <
[qw) —”}

KintXn,t
— w 2 plilliabbiiia
{q( ) ; }

—1-P |:q(w) S Kin;n,t:| (Dl)

=1—Fy, (Kin,txn,t>
p
—1— exp , <Kin,txn,t ) -
- n 7
P

where F,;(-) denotes the Fréchet distribution with scale parameter A, ; and shape parameter 6.

Let A;, ; be the fraction of goods purchased by location i from n. For location i to buy good w

from n, n must be the lowest-cost supplier among all locations. By the law of large numbers, we

have
Aing =P [Pz‘nt( w) < hgsli?}pzht( )}

= N > dHin
/0 Lg{r{l}mht( w) p] +(p)

:/ P ﬂ {plht >p} det(p)
0 hes\{i}

- I_I ]P pzht > P] det(P)
0 heS\{}

= [T [1—His(p) dHins(p),
0 hes\{i}

where the law of iterated expectation is used for the second equality and independence is used for
the fourth equality.
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Using the expression of price distribution derived in (D.1), we have

00 —0 -0
Aint = /0 H exp {—Ah,t (Zh'; h’t> } exp {—An,t <m’; ’t) } At (KinXint) deg

heS\{i}
o N
= An,t(Kin,txn,t)_e/O exp — Y Ans(rcinxn) Pp® 5 dp’
h=1
_ An,t(Kin,txn,t)io
ZhN:1 Ah,t(Kih,txh,t)ie

D.2 Derivation of Gross Flows Equation

Let yin; be the fraction of individuals who relocate from location i to location n at time t. By

definition, we have

\74 —m. V4 — m:
Uint = P |:ﬁ n,t+1 Mip ¢ +€n,t > rgéanx{,g Lt+1 mij ¢ +€l,t}:|

v v
v, Vi1 = mi
_/ [5 nil — mmt+x2r{;&x{w _}_e,,t}] dM(x)
Vi1 — m; Vigr —mi
_/ {M-}-xzw‘f'el,t} dM(x)
- I#n
v, Vi1 — M
% I#n

_ / ITr [el,t < B(Vits1 — Vipgr) — (Mine — myp ) +x] AM(x)

ool#n v

:/ ( Vi1 — Vl,t+1)—(min,t—miz,t)+x> AM(x),
®1#n

1%

where M(-) denotes the cumulative distribution function of a Gumbel Type I distribution.

_ BV = V1) = (M —1mip )
v

Define &), ; =
M(-), we have

with &;,,; = 0. Using this notation and the expression of

ﬂin,tZ/ exp{—e " T}e " Vexp{—e ¥ ) e mt}dx
B I%n

(o] N -
= / e Vexp{—e ¥ Y e }dx.
- I=1
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Define Z;, = log(YN ;e %) and y = x + v — E;,. Then

*© = -y
Pint = / e Vet Tdy

= ¢%in,
Finally, plugging in the expression of E;,, we have

1
N BWVitr1—Vier1) = Mg+ ¢
2121 eXp { + n i in

Wint =

v

_ exp(BVint+1 — min,t)%
YN exp(BVieir — i)

D.3 Landlord’s Problem

The landlord’s problem is defined as

max U= "og(Ciy),
{Cit K1}y tg(:)‘B B

s.t. 17 Kiy = Py [Ci,t + Kit41 — (1 — (5) Kz’,t] all ¢,
where ¢ is the depreciation rate and K; g is taken as given. Set up the Lagrangian equation,

£ = [B{1og(Cys) + AelrisKit — Pis(Cip + Kipy1 — (1= 6)Ki)]}], (D.2)

where A; is the Lagrangian multiplier for the constraint in period ¢.

The first-order conditions for the problem are

1
@ = /\tPi,t

APy = BAa[rips1 + P (1= 9)]]

Define R;; =1—0 + 1% Then eliminating A; yields the Euler equation,

1 1
— =B |R; , D.3
Cit P [ v Ci,t+1] (B9
together with the budget constraint
R Ky = Cijp + Kipy1. (D4)
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To solve this problem, we use the guess-and-verify strategy. We guess that C;; = ¢R;:K;;,

where ¢ is a constant to be determined. Plugging in (D.4), we have
Kitr1 = (1 —¢)R;iKip. (D.5)

Combining equations (D.5) and (D.3), we have

L glR, 1
GR; 1K, PR 1 (1 — ¢) Ry Ky

The undetermined coefficient method implies that ¢ = 1 — B. Hence, the consumption and

saving policy functions are as follows:

Cit =1 —=PB)[rie/Piy + (1 —9)]Kiy,
Kiti1 = Blrie/Pir + (1 —6)]Ki4.

E Detrended Model and Balanced Growth Path

In this appendix we characterize the long-run growth rates of the equilibrium variables of the
model at the balanced growth path. In what follows, we denote the long-run growth rate of any

" 7
~

variable y; by (1 + g,), and we also refer to a variable with a as a detrended variable. In

particular, §; = y¢/ (1+ gy)t )
The equilibrium conditions of the detrended model are given by

> +vlog (Z exp (BVyi41 — mm,t)l/v> , (E.1)

zt—ﬁIOg(1+gv)+log(

n=1
N -1/60

p; P = (Z (Kin,t%nt) 9) , (E.2)

N SN’

- = Kni tXi -

WLy = Z Ajy (PT?/;) Wt L t, (E.3)

N ~ —0

~ ~ K+ X5 ~

7Ky =Y A ””‘”‘) Fp iRt E.4
1t t ;1;1 1,t <Pn,t/T n,tin,t ( )
1 t+1 — Z Vm th ts (ES)
Ki,t+1 = (1fgk) (7i,t/13i,t +(1— 5)) Kiy, (E.6)
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X Ay xol'p,p X pz - ( A )pm
A - = . Sint (Ait A , E.7
n,t+1 (1 + gA) 1 n g Z in, t = ni,t nz ; ( )

where we note that since there is no population growth, employment does not have a long-run
growth rate; namely, L, ; = L, . Since values grow at the same rate in the long run, it follows that
flnit = Mnit, as we show below.

We start with the evolution of the stock of knowledge. At the balanced growth path, A, ; for

all n grow at a rate 1 + g4. From the law of motion of the stock of knowledge, we have

POm
Appy1 — Ant = a4l Zsmt Z)\mt < t) ,
Ani

i=1

using Assumption 2 and after detrending the variables, we obtain
Apppr (L4 ga) " = Ay (14 ga)!

(145 )"
o (1+ g) FPZsmt( (1+g4) ) ZAmt<Af’A>

=1

or

N Om
An gA+1 (1 +gA) nt — (1 +goc) (1 +gA> Herton=1) ‘XOrp Esmt Pz /\mt ( t) s
i=1 i=1 Ani

which then implies that the long-run growth rate of the stock of knowledge is related to the growth

rate of the arrival of ideas in the following way:

1

1 —|—gA = (1 —|—ga) (1-p;—pm) X

As a result, the detrended equilibrium evolution of the local stock of knowledge evolves ac-

cording to

y p—— Z ; Z puie (i)

nt+1 (1 +gA) 1 +g mt ni,t nzt
or } .
Anit1 1 “OFp N = N\ N ( > "
= = + = Sint (Ai .
An,t 1+ gA (1 + gA) An,t ; it ( l’t) 1221 it nzt
We now consider the detrended value functions of the workers. Let "t = %t (1 + g,)". We

then have

Sl

iyl

ul 5 41 /v
(1+gw/p)>+vlog Y exp (BVnisa+plog (1+g0) ™ —mins) |, (ES)

n=1

Vi +log (1+gy)" = log (

it
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where ¢/, is the growth rate of ; ;/ Pi,t at the balanced growth path. It follows that

Vit + log (1+g0)" = log (

> +log (1+gw/p> + log(1+gv) B(t+1) +vlog (Z exp ﬁVn f+1 — mmt)l/v> ,
,t n

which immediately implies that

(1 +gv)(17ﬁ)t = (1 +gw/p)t/

1

1+go= (148uw/p) TP
Hence, the detrended equilibrium values become
N
Vi = log (@ie/ Piy) + log (1+ o)’ + viog (7121 exp (BVnir1 — min,t)l/v> :
This result immediately implies that y;, ; is not growing in the long run since
)1/v

exp (BViss1 — min )" o exp BV — My
N /v ¥ 1/v”
Ympexp (BVir —mig) " LN exp (BVigpr — may)

Wint =

It also implies that L; ; does not have long-run growth since

N
Lity1 =Y HnitLnts
n=1
N 1/v
exp (BVi i1 — Myiy) t

- n

n=1 Z{\; exp (,BVl,t+1 - mnl,t)l/v
~ 1/

. N exp (,BVi,t+1 - mm’,t) Y

- - 1/ n,t-
n=1 2{!1 exp (,BVl,t+1 - mnl,t) !

Let us now consider the labor market clearing condition,
N -6
Kpi 1 Xi
w;Liy = n}; Ajy (le:/af> Wyt Lt
First note that
¢ Wit ¢ it 1=\ 7 t
v = (48 =B ( (B2 0rgun)') (FO+80)) ) ili+8)
it
- tE t
= T (1 gu/p) S (1 +80)" 9" (14 g)"
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Using this expression, we express the labor market clearing condition in a detrended form as

Wi ¢ (1+gw)t Li;
—0

Y Ay (gt [ DT (L+8u/p)" ™" (14817p)"" " (14g)"

, _ Wit (148w) Ly,
n=1 Dyt (1+gp)t /T

where we use the fact that L;; does not grow in the long run. It follows that

_ —0
1= (1+8a) ((1+8urp)™ (1 +80sp)" " 707)

1-¢)y

(14 gu/p) T (14 80p) "7 = (14 ga). (E.9)

We follow the same steps for the capital accumulation equation. Then the detrended labor and

capital market equilibrium conditions become

N Kii ¢ X -0
~ T ni,tAi, b ~
wi,tLi,t = Z Ai,t <[3 /T) Wy, tLnt,
n,t

n=1

N K‘tfj -0
T 7% A ni,tVi, ~
FuKip =) Ay ( = ) Pt Kt
n=1 Pn,t/T

where K, ; is the detrended value of capital that we subsequently characterize.

We now detrend the price index equilibrium condition,

N ~1/6
Py=T (Z Ant (Kin,txn,t)_9> ,
n=1

which once detrended can be expressed as

—-1/6
Pt = (£ A 100 (s (0 80) (1) (00 0) )

Using equation (E.9), we obtain the detrended equilibrium condition for the price index:

N » -1/0
1t - Z Km txnt .

Now note that since in equilibrium we have that

wi,tLi,t = T’i,tKi,t/

&
1-¢
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then

?’t (1 +gw/p)t Liy =
it

~!

it

&
1-¢ Py

2 ‘

(1 +gr/p)tKi,t (1 +gk)t1

which immediately implies that

1+ 8uw/p = (14 8r/p) (1+81)- (E.10)

We now detrend the law of motion of capital accumulation,
Kity1 =B (rit/ Py + (1 —90)) Ky,

which can be written as
. 7 _
Kis (1 +8k)t+1 =B <(1 +gr/p)t # +(1- 5)) Kir (1 +gk)t
it

or
7 p t Ti o
K' = 1 ,.,, 1 — 5 K .
it+1 (1 +gk) ( +gr/p) Pj,t + ( ) it
We then require that
gl’/p:O/ §/8r:gp/

and in this way, the detrended capital accumulation equation becomes

_ 8 (;7” ) ]
Ripir = Tit 4 (1-6)) Ry

From equation (E.9) we obtain that

and from equation (E.9) we also obtain that

14+ = (1+g4)% .

F Dynamic-Hat Algebra

Proposition 4. Dynamic-Hat Algebra. Define the term 7,1 as the relative time difference of
the detrended endogenous variable #; namely, J;11 = (7:+1/¥:). Given an initial observed alloca-
tion {{Ainlo}N’N {ymlo}N’N {wz‘,oLi,o}iIilr {Ki,O}iIiy {Li,O}fL }, the parameters and elasticities

i=1n=1" i=1n=1"
(pe, 0m,0,v,7,¢E, B), the initial rate and growth rate in the arrival of ideas (wo, §x) and a convergent se-
N,N,00
i=1n=1t=1"

the sequence of changes in the model’s endogenous variables in the detrended model {yt+1}:il does not

quence of future changes in fundamentals under perfect foresight {Riy 1, 1i1in s } the solution for
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require information on the level of fundamentals (trade and migration costs).

Proof. Let us define the variable #;1; as the time difference in the detrended variable §; namely,
Jt+1 = (Jr+1/7t)- The equilibrium conditions in time differences of the detrended system are given
by

N
log(s41) = log (@i 41/ Pis41) + vlog (Z Hint (A e2)P" (min,t+1)_l/v> , (E1)
n=1
i = Hins g42)P" (i) " E2)
m, - A N _ ’ .
Yy Ming (g 42)P"" (it p0) ™Y

Lip1 = Z HnitLn,t, (E3)
%= (71, 5) BL 7, (F4)

N y ~1/8
z t+1 Z in, tAn t+1 Km t+1xn t+1) ’ (F5)

A Rintr1Znri1) "
Ninps1 = AintAnsia (**) , (F6)
i f1
1 N
WipaLlipr = I Y Awip1@n, 41 Ly g1 @1t Lo, (E7)
wlt it p—1
Kips1 = Lﬁi,tki,t/ (E8)
(1+8k)
L -
Ripp =1— 6+ Dbt (R (1 )], (E9)
P 111Kt
A~ 1 A Pm

= + s A , F.10
nt+1 <1+8A) Ant1+gA Z znt 2 mt<Amt> ( )

where ;111 = exp(Vir11 — Vig), tin i1 = exp(Mip i1 — Ming), Riy = 71/ Py + (1 —6). Note we
use the fact that L,; = Ly s, pinit = finis and Aiy s = Ay

In what follows we provide the algebra to arrive in the system of equilibrium conditions in
changes. As the system of equations in time differences shows, solving the model in relative time
differences requires conditioning the model on the initial observable allocations A;y, 0, @;oLig +
fi,tKi,o, Lio, Winpo, and 121-,0, and elasticities 6, v, B, J, ps, pm, and ag, which contains information on
the initial level of fundamentals as the model inversion shows.

To derive the system of equations in time differences, we first reproduce the equilibrium con-

ditions of the detrended model derived in Appendix E,
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(U 1
Vit = Blog (1 + gv) + log (15 > +vlog (E exp (BViue41 — Miny) N) , (F.11)
N ~1/6
Py=T (Z A (Kin,tfn,t)_9> , (F.12)
n=1
5 No (i
WitLi = ng:l Ay <151::/;) Wy tLnt, (F.13)
N = —6
i + (Kt o
Fi Kip = n;l Ait < 151:: /l,lf) Pt Knt, (F14)
z 41— Z Vnz th ts (F15)
Rivsr = frbey (u/ P+ (1-0)) Ky (F16)
I e Z s (Ai)" ZA ( )p,,, (F17)
n,t+1 (1 +gA) 1 +g = o ni,t mt s .

Recall first that the share of workers moving from location i to n at time ¢ + 1 is given by

)1/1/

exp (BVit+2 — min,t+1)l/v _ . exp (:BVn,H—Z — Mint+1

Hint+1 = —y 1/ ~
) i exp (BVii2 — Mingi1)

1/v’

Y1 6xp (BVitr2 — Mip i
where for the second equality we use the definition ¥ = eVi#(1 + g,)! for all i and ¢.
By multiplying and dividing y;, ; in the numerator and y;;, ; for each term in the summation in

the denominator, we have

~ ~ 1/
 pingexp (BViii2 — BViiir + Mingi1 — Minp) !
Hint+1 = N ~ N 1/v
Y1 Hineexp (BViiso — BVies1 + Minpr — Mipy)
. . 1
_ Hint (un,t—O—Z)ﬁ/V (min,t+1) /v
YN i (Anp2)PY (i)
which is equation (F.2).
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To obtain equilibrium condition (F.1), we take the time difference using (F.11). We obtain

log(#is41) = Vi,t+1 - Vi,t
D p % 1/v
= log <wl’t~+1jpf’t+1> +v log <2 ij(p (:B n,t+~2 mm,t—H) 1/V>
Wi/ L n=1 Zth exp (;BVh,t+1 — mih,t)

1/v exp(BViti2—Minsi1)

exXp (:BVn,t+1 *min,r)l/v
) 1/v

1/v

exp (BVi 11 — Minyt)

N
= log (@j 441 /pi,t+1) +vlog 2 -
n=1 Zﬁ]:l exp (/3Vh,t+1 — Mipt

Mz

N S / _
= log (wz’,t+1 /Pi,t+1) +vlog ( Hint €XP ( nt+2 — Vn,t+1)ﬁ ! exp (mz'n,t+1 - min,t) 1/V>

n=1

Z

= 108 (wi,t—H /pi,t—i-l) + vlog (Z Wint (ﬁn,t+2)ﬁ/v (Thin,t+1)1/v> ’
n=1
where for the third equality we use the expression of y;, ; previously derived.
Since labor in each location is constant in the long run, we immediately obtain (F.3) from the
law of motion (F.15).
To obtain equation (F.4), note that

Taking the time difference yields

¢  Z1-C =
) Tt (wz t+17 041 Pz t+1 -8\ plry
Xip=—F— = = \WiiTis P,
! xl‘,t '('/Dé 7176 plf'y A ’
itlit it

Recall that in the detrended version of the model, the trade flow share from location #n to

location i at time ¢ is 3 .
N T_eAn,t (Kin,tfn,t)
)\in,t - ~ ’

—6
Pi,t

where T is some constant. Taking the time difference yields

N . 9
Aintr1 Ay <Kin,t+lxn,t+l>
- n, A 7

At i b1
which leads to equilibrium condition (F.6).

Note that the detrended price index in location i is

N -1/0
-0
Z Km txnt .
n=1
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Taking the time difference, we have

- B _g\ —1/0
P _ y Ap i1 (Kin,t+1xn,t+1)
Lt+1 — Z N = ~ y
n=1 Ln—1 Ant (KintZnt)

(i An,t (Kinfn,t)_e An,t—i—l (Kin,t+15€n,t+1)_9 /A~n,t (Kin,tfn,t)_9>
= x 6
n—=1 Yy A (Kin e Xne)

-1/6

N ~1/6
3 N s -0
= (Z Aint A1 (Rinp11%n,041) ) ,

n=1

i U
% and which gives equilibrium condition (E.5).
h= ht\Rih A h,t
To obtain equilibriurr{ condition (F.7), we use labor market clearing condition (F.13),

where we use A, =

N

Wip1Lips1 = Y Anips1 @1 Lss1,
n=1

and divide by @; ;L; ; on both sides, to obtain

1

Witt1Lippr = = T E)\mt+1wnt+ant+1
Wikt

1 N
= 7 Z /\nl t+1wn t+1 Ln t+1Wn, th tr
Wit+1Lit+1 =4
where as before we use I:n,t =Ly,
Equation (F.8) is exactly the detrended law of motion of capital as in equation (F.16). To obtain
equation (F.9), we use the equilibrium condition:

WL ¢

[Ris—(1—6)] PyK;y 1-¢

Taking the time difference and rearranging this expression yields the desired result.
Finally, to obtain the law of motion of knowledge in relative time changes (F.10), note that

equation (F.17) gives the detrended law of motion of knowledge:

A B An,t % Pl i/\ < )Pm
L (1+gA> 1+gA -1 it mt '

Divided by /L,,t on both sides, we have

A 1 wl, = [ <Ait )P"'
A = + = Y sint (Ait)™ Y] Aip | 2 .
n,t+1 (1 ¥ gA) An,t(l I gA) = in,t ( z,t) . ni,t Ani,t
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G Solution Algorithm

In this section we describe the algorithm used to compute the dynamic spatial growth model.

G.1 Algorithm to Solve for the Sequential Equilibrium Given Initial Conditions

In what follows, we describe the algorithm to solve the detrended model given an initial allocation
of the economy, ({Lilo}fil , {Ki,O}fL AXino 1 {in—1 1 {Ai,o}f\;) , and given an unantic-
ipated convergent sequence of changes in fundamentals, {{mmlt}ﬁ;:l , {ﬁin,t}znzl}:o_l- We first
describe the algorithm to solve the model under the given initial conditions and constant fun-
damentals going forward; namely, with {{ﬁ?in,t = 1}2;:1 ARiny = 1}?/71:1 }:0_1 We then describe
how to solve the model under a change in fundamentals.

T
1. Initiate the algorithm at t = 0 with a guess for the path of { z(t)+1} Y , Where the superscript

(0) indicates that it is a guess. The path should converge to uZ(OT) 41 = 1 for sufficiently large
T.

) E 40 T T ‘
. Forallt >0, use{ t+1} and {ym,l}m 1tosolveforthepathof{{ymt}m 1} _, using

equation (F.2).

N T N . N T
3. Use the path for {{ Hingt }in—1 }t:O and {L;o};_, to obtain the path for {{Li,t_l,_] Fiig }t:O using
equation (F.3).

4. Solve for the trade equilibrium:

. A . N o N
(a) Foreacht > 0, given L; 1, define the term @;; = wftri,t €. Guess a value for Wj p41-

(b) Obtain %; 41, pl‘/t+], Aint+1, Ri/t+1, Ki/t+1, and Ailt+1 using equations (F.4), (E.5), (F.6), (E.8)
and (F.9). Use the fact that 7 ;1 = @j41Li41/Kips1and @1 = Djpin (Kigs/ I:i,t+1)1_§ :

(c) Check if the market clearing condition (F.7) holds using @; ;11 = @; 1+1 (K-/Hl / ti,t+l ) 1=

If it does not, go back to step (a) and adjust the initial guess for @; ;1 until labor markets

clear.

(d) Repeat steps (a) through (d) for each period t and obtain paths for {’d)l‘,t_i_l, pi,t_i_l }tho for
all i.

5 (1)

i 1+1 using equation (F.1).

5. For each t, use pin t, Wii1, PZ t+1,and @, /., to solve backwards for #;

)
This solution delivers a new path for { { it +1 } , where the superscript 1 indicates an
updated value for .

6. Check whether {{ (1) }

it +1 }t . . If it does not, go back to step 1 and

update the initial guess with { { Uiy }izl }t_O‘
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G.2 Solving for Counterfactual Changes in Fundamentals

We now describe how to solve the dynamic spatial growth model given an unanticipated conver-
gent sequence of changes in fundamentals, ©; 1 = {{mm t}l =1 Kin t}z n= 1}

The algorithm used to solve for a change in fundamentals follows the same steps described in
the previous section, but the sequence of changes in fundamentals is fed into the model. The main
difference from the previous section is that we now consider the fact that agents are surprised in
the first period by the changes in fundamentals. The surprise in the changes in fundamentals is
captured in the initial gross flow equation. That is, in the first period we now use the following

equilibrium condition:

. A VAN -
Oin0 (un,Z(@))ﬁ ! (miﬂ 1) v
R A /v . —1/v’
YN B0 (Mh,z(@))ﬁ Y () MY

Hina (@) =
where 8,0 = pinoexp (Vi1(0) — anl)ﬁ/v. Therefore, we also use the equilibrium condition,

N
log(l;1) = log (w1 /P;1) + vlog <Z Bino (2)P"" <ﬁ7in,1)1/v> :

n=1

H Additional Quantitative Results

In this section of the appendix we describe additional results from our quantitative analysis.

H.1 Calculating Migration Costs

We capture the changes in migration frictions across provinces in China using the cross-variation
in five-year mobility rates from 1985-1990 to 2010-2015 as L t;’n’;; = (i gtitnis) " *. We apply the
same change in migration costs to all Hukou types. We calculate mobility rates y;, ; from the raw
migration flows. Sometimes, the raw migration flows contain 0. In this case, we add a small value
(one-hundredth of the smallest non-zero migration flow in the same year) first before we calculate

mobility rates. We restrict our focus on 1;, ; that reflect reductions of migration costs.

H.2 Initial Conditions and Spatial Growth

Figure H.1 plots initial distribution of fundamentals and spatial development. Figure H.2 presents

the growth rate in each province under initial conditions.
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Figure H.1: Real GDP Growth versus Initial Conditions

a) Initial stock of knowledge b) Initial trade openness ¢) Initial mobility
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Notes: The figures show scatter plots of annual GDP growth across provinces in China over the period 1990-2010 against
initial conditions in 1990: initial knowledge stock in Panel (a), initial level of domestic expenditure share, A;;, in Panel
(b) (two outlier provinces were trimmed), and initial share of stayers, s;;, in Panel (c).

Figure H.2: Spatial Growth (Annual, Percent)
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Notes: The figures show the annual real GDP growth across provinces in China in different time frames over the period
1990-2015. Spatial growth in each figure is computed in the model under the initial 1990 conditions.
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H.3 Additional Tables

Table H.1 presents the results with fundamentals in 1990. Table H.2 presents the results with fun-

damentals, incorporating changes in both trade and migration costs.

Table H.1: With Fundamentals in 1990

Province 1990-1995 1995-2000 2000-2005 2005-2010 2010-2015
Beijing 11.54% 10.51% 9.59% 8.78% 8.08%
Tianjin 8.61% 8.39% 8.04% 7.65% 7.24%
Hebei 11.02% 9.85% 8.94% 8.22% 7.62%
Shanxi 6.31% 6.96% 7.26% 7.29% 7.15%
Inner Mongolia  10.48% 9.44% 8.62% 7.95% 7.39%
Liaoning 7.55% 7.26% 6.94% 6.61% 6.29%
Jilin 9.11% 8.57% 8.05% 7.57% 7.12%
Heilongjiang 5.57% 6.06% 6.28% 6.31% 6.21%
Shanghai 11.09% 9.27% 8.07% 7.22% 6.58%
Jiangsu 12.56% 10.66% 9.37% 8.43% 7.71%
Zhejiang 12.18% 10.17% 8.86% 7.94% 7.25%
Anhui 7.92% 8.02% 7.90% 7.64% 7.33%
Fujian 10.67% 9.70% 8.88% 8.18% 7.58%
Jiangxi 10.77% 9.80% 8.99% 8.31% 7.73%
Shandong 10.64% 9.61% 8.78% 8.10% 7.52%
Henan 9.47% 9.24% 8.86% 8.42% 7.96%
Hubei 9.78% 9.12% 8.50% 7.95% 7.45%
Hunan 7.79% 8.09% 8.08% 7.88% 7.57%
Guangdong 13.81% 11.53% 10.00% 8.90% 8.07%
Guangxi 10.86% 10.12% 9.40% 8.74% 8.14%
Hainan 19.44% 14.73% 12.01% 10.26% 9.05%
Sichuan 8.67% 8.94% 8.86% 8.58% 8.20%
Guizhou 7.73% 8.54% 8.86% 8.82% 8.57%
Yunnan 11.52% 10.36% 9.42% 8.65% 8.00%
Tibet 10.49% 9.97% 9.39% 8.80% 8.24%
Shaanxi 7.79% 8.28% 8.39% 8.25% 7.97%
Gansu 8.69% 9.07% 9.07% 8.83% 8.46%
Qinghai 6.70% 7.29% 7.53% 7.51% 7.34%
Ningxia 7.96% 8.53% 8.68% 8.55% 8.26%
Xinjiang 11.22% 9.89% 8.90% 8.12% 7.49%

Notes: GDP growth with 1990 fundamentals is computed by solving the dynamic spatial growth model with constant
fundamentals.
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Table H.2: Changes in Fundamentals

Province 1990-1995 1995-2000 2000-2005 2005-2010 2010-2015
Beijing 11.00% 10.41% 10.47% 9.86% 8.77%
Tianjin 9.20% 9.95% 10.59% 9.34% 9.23%
Hebei 11.02% 9.82% 9.01% 8.36% 7.77%
Shanxi 6.36% 7.03% 7.36% 7.19% 6.79%
Inner Mongolia ~ 10.49% 9.59% 8.78% 8.18% 7.55%
Liaoning 7.72% 7.50% 7.34% 7.06% 6.63%
Jilin 9.22% 8.63% 8.20% 7.75% 7.28%
Heilongjiang 5.56% 6.05% 6.39% 6.56% 6.44%
Shanghai 11.60% 10.79% 11.13% 9.67% 8.37%
Jiangsu 12.76% 11.35% 11.24% 9.78% 8.74%
Zhejiang 12.39% 10.52% 9.78% 8.85% 7.91%
Anhui 7.97% 8.03% 7.87% 7.73% 7.49%
Fujian 10.95% 10.01% 9.68% 8.78% 8.09%
Jiangxi 10.76% 9.71% 8.83% 8.42% 7.88%
Shandong 10.79% 9.88% 9.31% 8.74% 7.99%
Henan 9.49% 9.24% 8.87% 8.48% 8.00%
Hubei 9.82% 9.21% 8.64% 8.21% 7.66%
Hunan 7.76% 7.89% 7.77% 7.63% 7.39%
Guangdong 13.73% 12.69% 12.45% 10.57% 9.31%
Guangxi 10.98% 9.93% 8.87% 8.27% 7.65%
Hainan 19.47% 14.82% 12.07% 11.10% 9.59%
Sichuan 8.68% 8.81% 8.45% 8.36% 7.96%
Guizhou 7.78% 8.56% 8.71% 8.66% 8.37%
Yunnan 11.64% 10.49% 9.57% 8.84% 8.17%
Tibet 10.56% -0.13% 13.60% 2.25% 11.92%
Shaanxi 7.85% 8.43% 8.57% 8.53% 8.24%
Gansu 8.75% 9.19% 9.26% 9.13% 8.75%
Qinghai 6.72% 7.94% 7.57% 8.35% 7.48%
Ningxia 8.00% 8.75% 8.99% 9.22% 8.81%
Xinjiang 11.29% 10.23% 9.38% 8.70% 8.01%

Notes: This table presents the annual growth rate with 1990 fundamentals and changes in international trade costs and
migration restrictions.
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I Alternative Mechanisms

This section of the appendix explores the implications on regional growth of different versions of
the model with alternative mechanisms .

Baseline model with factor accumulation and idea diffusion. The model with factor accumu-
lation and idea diffusion is calibrated as in section 4. Figure H.3 shows the implied annualized

growth rates in the model and in the data. Figure H.4 shows the real GDP in the model versus the
data.

Figure H.3: Annual Growth Rates

a) 1990 - 1995 b) 1990 - 2000 ¢) 1990 - 2005
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Notes: The graphs plot the annual growth rates (since 1990) in model against data. Annual growth rates in model is
obtained by computing the model with 1990 initial conditions and subsequent changes in trade and migration costs.
The dashed line represents a 45-degree line.
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Figure H.4: Real GDP
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Notes: The graphs plot the real GDP in model against data. GDP in model is obtained by computing the model with
1990 initial conditions and subsequent changes in trade and migration costs. The dashed line represents a 45-degree
line.
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Model without idea diffusion. In this version, we shut down idea diffusion by setting ay = 0.

All the other parameters are left to be the same as in the baseline model. Figure H.5 shows the

annualized growth rates in model versus data. Figure H.6 shows the real GDP in model versus
data.

Figure H.5: Annual Growth Rates Without Idea Flows
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Notes: The graphs plot the annual growth rates (since 1990) in model against data. Annual growth rates in model is
obtained by computing the model with 1990 initial conditions and subsequent changes in trade and migration costs,
but we shut down the diffusion channel by setting (9 = 0). In panel (b), the data point for Tibet (8.1%, -1.0%) is out
of range and not shown. In panel (d), the data point for Tibet (9.5%, -0.2%) is out of range and not shown. The dashed

line represents a 45-degree line.
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Figure H.6: Real GDP Without Idea Flows
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Notes: The graphs plot the real GDP in model against data. GDP in model is obtained by computing the model without
diffusion (xp = 0) with 1990 initial conditions and subsequent changes in trade and migration costs. The dashed line

represents a 45-degree line.

The model without idea diffusion does not account for the heterogeneity in regional growth,
reflected by a lower correlation than in the model with knowledge diffusion. Additionally ,
growth rates in each region are lower than in the data. One might argue that this result is simply

due to the fact that we do not have productivity growth in the model. In the next two versions,
we make different assumptions about productivity growth.
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Common TFP growth.

in each region takes a simple form:

Ajpy1 = Ap(1+ geg)-

In this version, we assume that the evolution of knowledge stock (TFP)

That is, the knowledge stock in each location evolves independently, similar to the “model without
diffusion” case. We choose a gc¢such that China GDP in 2015 predicted by the model (with changes
in both trade and migration costs) matches the data. Figure H.7 shows the annualized growth rates

in model versus data. Figure H.8 shows GDP in model versus data. The correlations are still lower

compared with the baseline model with idea diffusion.

Figure H.7: Annual Growth Rates (Common Growth)
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Notes: The graphs plot the annual growth rates (since 1990) in model against data. Annual growth rates in model is
obtained by computing the common growth rate model with 1990 initial conditions and subsequent changes in trade

and migration costs. The dashed line represents a 45-degree line.
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Figure H.8: Real GDP (Common Growth)
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Notes: The graphs plot the real GDP in model against data. GDP in model is obtained by computing the common
growth rate model with 1990 initial conditions and subsequent changes in trade and migration costs. The dashed line

represents a 45-degree line.
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Agglomeration. We next examine a version of the model with agglomeration effects on TFP,

— €

We first use the data on knowledge stocks A;; and employment L;; to calibrate the agglomeration
elasticity, €. We run the following pooled OLS regression,

log Ait = €9+ €10g Lit + Ui,

which gives € = 0.16. In the model with agglomeration, an additional assumption that a has
a constant growth rate, g,, is needed to have sustained growth. Similar to the common growth
version, we solve the detrended counterfactual first, then choose a g, such that China GDP in 2015
predicted by the model (with changes in both trade and migration costs) matches the data. Figure
H.9 shows the annualized growth rates in model versus data. Figure H.10 shows GDP in model

versus data and again highlights a poorer correlation than in our baseline model

Figure H.9: Annual Growth Rates (Agglomeration)
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Notes: The graphs plot the annual growth rates (since 1990) in model against data. Annual growth rates in model is
obtained by computing the agglomeration model with 1990 initial conditions and subsequent changes in trade and
migration costs. The dashed line represents a 45-degree line.

53



a) 1995

Figure H.10: Real GDP (Agglomeration)
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Notes: The graphs plot the real GDP in model against data. GDP in model is obtained by computing the agglomeration
model with 1990 initial conditions and subsequent changes in trade and migration costs. The dashed line represents a
45-degree line.
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