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Abstract

Domestic connectivity via passenger transport infrastructure can affect a country’s exports by

easing information frictions. We study this mechanism using China’s high-speed rail network,

which connects cities to same-sector exporters in other cities without directly affecting freight

costs. Stronger connections increase firms’ export sales and expand both destination and prod-

uct scope, with no change in domestic sales, total employment, or shipping costs. The effects

are largest for firms facing greater information barriers. Connected firms upgrade product

quality and their export destinations converge toward those of newly connected peers, with

initially weaker firms converging toward stronger connected peers while stronger firms show

little adjustment. A within-firm cross-destination specification confirms that improved connec-

tivity generates destination-specific benefits. The results point to an information-based channel

through which passenger connectivity affects trade, including knowledge about export markets

and inputs.
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1 Introduction

Exporting requires knowledge—of product standards, buyer preferences, regulatory require-

ments, marketing channels, and specialized inputs—that tend to be unevenly distributed across

space. A growing body of evidence suggests that these information frictions are quantitatively

important, rivaling tariffs and transport costs as barriers to trade.1 Such frictions are particularly

severe in developing countries, where firms are small and access to market information is more

limited (Atkin and Khandelwal, 2020; Startz, 2024). Yet, we know relatively little about what

policy interventions, if any, can reduce them.

This paper asks whether domestic passenger infrastructure—by making it easier for people

to travel between cities—helps firms overcome information barriers to exporting. China’s high-

speed rail (HSR) network, the world’s largest transport infrastructure project, offers a compelling

setting to study this question. Because HSR carries passengers but no freight, it reduces inter-city

travel times without directly affecting goods shipping costs. This feature allows us to isolate the

information channel—whereby lower travel costs facilitate face-to-face contact and the exchange of

export-relevant knowledge—from the direct effect of lower freight costs.2

We combine the staggered rollout of the HSR network with customs records covering the universe

of Chinese exporters to study how improved domestic connectivity affects firm-level export perfor-

mance. Our empirical strategy centers on a sector-specific connectivity measure. The motivation is

that firms in the same export sector tend to overlap in products, destination markets, input needs,

logistics channels, and compliance requirements, so connectivity to same-sector exporter peers is

more likely to proxy access to sector-relevant information than connectivity to exporters in other

sectors. For each city-sector pair, we therefore construct a time-varying measure that aggregates

baseline export activity in the same sector across cities connected by HSR. This measure captures

a city-sector’s connectivity to potential sources of export-relevant contacts and information.

We then estimate a triple-difference model: the first difference compares export revenue before

and after changes in the HSR network. The second exploits cross-city variation in the degree of

connectivity change. The third—and key—difference compares firms in different sectors within the
1For example, these frictions can impose costs exceeding 50,000 USD per year for non-exporters to secure a single

client (Eaton et al., 2021). Likewise, Allen (2014) shows that freight costs alone fall short of explaining the sharp
decline in domestic agriculture trade flows with distance within the Philippines.

2A 2013 New York Times article illustrates this mechanism. After HSR connected Changsha and Guangzhou,
a sales manager at a Chinese garment export company based in Changsha increased the frequency of his business
trips to Guangzhou from twice a year to once a month. As he told the reporter, “More frequent access to my client
base has allowed me to pick up on fashion changes in color and style more quickly... My orders have increased by 50
percent.” Source: New York Times, Sept 24 2013
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same city-year, since sectors differ in how much same-sector export activity pre-exists in newly

connected cities. The methodology helps control for location-specific shocks common to all firms in

a city, including the direct effect of receiving an HSR station; the remaining identifying variation is

across sectors within a city-year. The validity of the triple-difference model depends on the parallel

trends assumption with regard to relative differences in the export performance of firms in the same

location across different sectors with and without an HSR connection. We provide evidence on the

absence of pre-trends, and conduct an extensive set of robustness checks to assess the reliability of

the assumption.

We find that a one-standard-deviation increase in domestic connectivity raises firms’ export

revenue by 4.2%. The gain stems from a reduction in unit prices and higher export volumes,

consistent with a reduction in the cost of accessing foreign markets. Decomposition of the export

revenue response shows that much of the gain comes from reconfiguring the destination mix—entry

into new markets and reallocation across existing ones—rather than from within-market growth.

On the extensive margin, treated firms also enter more destination countries and expand their

export product scope. We supplement the baseline analysis with a within-firm cross-destination

specification that absorbs all firm-level changes over the period and exploits variation in destination-

specific connectivity within the same firm. We find that within a given firm, HSR increases exports

to destinations for which the firm gains stronger connections to same-sector peers serving that

market.

After establishing the baseline results, the second part of the paper investigates the underlying

mechanisms. Our leading hypothesis is that improved passenger connectivity via HSR helps less

well-connected firms access export-related information concentrated in established hubs, reducing

the informational frictions that limit participation in global markets.3 To assess this hypothesis, we

proceed in three steps. First, we show that non-information channels are unlikely to fully account

for the baseline results: HSR connectivity increases export sales while leaving domestic sales, goods

shipping costs, and overall employment unaffected. This pattern is difficult to reconcile with broad

production cost reductions, cheaper freight, or labor market pooling as primary explanations.

Second, we examine patterns consistent with an information-based mechanism. Firms facing

greater informational barriers—smaller firms, those in non-core cities, those serving less-integrated

destinations, firms outside the processing trade regime, and producers of style-intensive products—
3We use “information” broadly: the empirical design does not distinguish whether knowledge flows through

unpriced externalities or market-mediated channels, a distinction we return to in Section 5.4.
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respond most strongly to the improved connectivity.

Third, we examine the dimensions of the information channel. The results point to destination-

specific learning: connected firms upgrade product quality and reallocate toward higher-quality

destinations; and their export destinations converge toward those of the new cities to which they

become connected. This convergence is sharply directional: initially low-performing firms connected

to high-performing cities show the largest adjustments, while high-performing firms linked to low-

performing cities show little response. Together with the within-firm cross-destination results,

these patterns suggest the information channel operates largely through learning about specific

markets: improved connectivity helps less established firms learn which markets to serve and how

to serve them. At the same time, we find that connectivity to cities with concentrations of upstream

suppliers is also associated with higher exports, suggesting that information about specialized inputs

plays a role.

This paper contributes to several strands of literature. First, it adds to the growing literature

that recognizes that information frictions, rather than transport costs alone, constrain firms’ access

to foreign markets. Studies highlight how search costs, limited buyer knowledge, and incomplete

contracting shape firms’ exporting decisions and performance (Koenig et al., 2010; Cai and Szeidl,

2017; Steinwender, 2018; Atkin and Khandelwal, 2020; Eaton et al., 2021; Arkolakis et al., 2023;

Bakker et al., 2024; Startz, 2024). Closest to our paper, Fernandes and Tang (2014) show that

proximity to experienced exporters in China improves the performance of new exporters, providing

evidence that information about foreign markets diffuses through local exporter networks.4 At

the same time, research on physical infrastructure emphasizes how improvements in logistics and

connectivity foster exporter growth by lowering shipping costs (Fan et al., 2023; Bonadio, 2024).

This paper bridges these two perspectives by providing evidence that high-speed passenger rail

alleviates information frictions through enhanced human mobility and face-to-face interactions.

In doing so, it also connects to recent evidence that transportation networks shape information

exchange within and across firms—Japan’s HSR effects on domestic buyer-seller linkages (Bernard

et al., 2019), direct flights within the US facilitating intra-firm communication (Giroud, 2013),

and direct air links fostering cross-regional movement of capital (Campante and Yanagizawa-Drott,

2017)—but extending these insights to export-related outcomes.

We also enrich discussion of the interactions between globalization and domestic economic geog-
4Fernandes and Tang (2014) exploit cross-sectional variation in the density of nearby experienced exporters. The

HSR expansion we study allows us to examine the same underlying mechanism—local information diffusion about
foreign markets—with plausibly exogenous variation in connectivity and to trace a richer set of export outcomes.
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raphy. While a large literature demonstrates the heterogeneous impact of trade on local economic

activities within countries (e.g., Autor et al., 2013; Kovak, 2013; Caliendo et al., 2019), we know

less about how domestic economic geography affects a country’s international trade performance.

Previous studies focus on heterogeneity in shipping costs across different locations within a country

and how this can affect exports (e.g., Fajgelbaum and Redding, 2022; Cosar and Fajgelbaum, 2016).

Our analysis adds a new dimension by focusing on how domestic integration—through improved

passenger connectivity—transmits export-relevant knowledge across space. Because China’s HSR

moves people (and their ideas) but not freight, we distinguish the role of human interactions from

the physical movement of goods.

Furthermore, this paper relates to the broader literature on transportation infrastructure and

economic development. A large body of research examines how new infrastructure affects the

location of economic activity, mobility, income, and aggregate welfare (e.g., Redding and Turner,

2015; Coşar and Demir, 2016; Lin, 2017; Qin, 2017; Donaldson, 2018; Heuermann and Schmieder,

2019; Charnoz et al., 2018; Hayakawa et al., 2021). We extend this work by providing evidence

that infrastructure can also affect firms’ export performance through informational, rather than

logistical, mechanisms.

Finally, a growing body of work examines the economic effects of China’s HSR network. At

the aggregate level, the evidence is mixed: Lin (2017) finds that HSR increases urban employment,

but Qin (2017) and Yu et al. (2019) show that non-urban counties and peripheral cities along HSR

corridors experienced declines in GDP per capita, suggesting that HSR may concentrate rather

than diffuse economic activity. Beyond aggregate outcomes, HSR appears to facilitate knowledge

flows: Dong et al. (2020) document increased academic collaboration and Hanley et al. (2022)

find that HSR connections raise cross-city patent collaboration. Recent work points to broader

consequences, including reduced air pollution exposure (Barwick et al., 2022) and improved electric

vehicle adoption (Fang et al., 2025). Our paper adds to this literature by providing evidence that

HSR connectivity improves firm-level export performance through an information-based channel,

complementing the aggregate-level evidence and offering a firm-level mechanism through which

HSR shapes economic activity.

The rest of the paper proceeds as follows. Section 2 presents a stylized model to fix ideas. Section

3 describes the institutional background, data, and identification strategy. Section 4 reports the

main empirical findings and robustness checks. Section 5 investigates the underlying mechanisms,

and Section 6 concludes.
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2 Theoretical Framing

To build intuition, we present a stylized two-country model that identifies the channels through

which improved domestic connectivity could affect firm-level export performance. The two coun-

tries, Home and Foreign, can be interpreted as China and the rest of the world for simplicity, and

we focus our analysis exclusively on the empirically relevant Chinese firms. The economy comprises

a set of sectors indexed by s ∈ S. Within each sector, as in Melitz (2003), a continuum of heteroge-

neous firms compete monopolistically. Each firm, indexed by z, produces a unique variety in sector

s with an exogenously given marginal production cost cz. Firm entry closely follows the standard

setup: exporting involves both a fixed export entry cost, fxz , and an iceberg shipping cost τs > 1.

We extend this model by introducing a new parameter, φx
z , which captures firms’ export ca-

pacity. This parameter represents a firm’s ability to overcome frictions uniquely associated with

accessing foreign markets. Such frictions may include search and contracting problems in consumer

goods (Startz, 2024), lack of information about foreign market prices (Steinwender, 2018), difficul-

ties in establishing distribution networks (Ahn et al., 2011), advertising and marketing expenses

to attract new customers (Arkolakis, 2010), compliance with differing product standards (Mei and

Xu, 2024), and difficulties in identifying and accessing specialized input suppliers (Bernard et al.,

2019). In Appendix B.3, we also provide a microfoundation for the export capacity by presenting

a model in which export-specific frictions can be reduced by more effective knowledge diffusion or

exchange among the exporters. Here, however, we keep this export-specific capacity in a reduced-

form manner and as multiplicatively improving firm productivity. Under this specification, firm z’s

log export revenue under CES demand is:

rxs (z) = const+ logEx
s + (σ − 1) logP x

s + (1− σ) log τs + (1− σ) log cz + (σ − 1) logφx
z , (1)

where Ex
s and P x

s represent the aggregate foreign expenditure and price index for sector s, respec-

tively, σ > 1 is the elasticity of substitution across firms, τs is the iceberg trade cost for sector s, cz

is firm z’s marginal production cost, and φx
z is firm z’s export-specific capacity.5 Moreover, firms

will export if the profit net of the fixed export cost is positive, i.e.,

πxs (z;φ
x
z ) = κEx

s

(P x
s φ

x
z

cz τs

)σ−1
− fxz > 0, (2)

5Further model details and derivation of all results can be found in Appendix B.1.
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where κ = 1
σ

(
σ

σ−1

)1−σ
and fxz is firm z’s fixed cost of exporting.

The central question of this paper is to empirically examine whether and why improvements in

domestic connectivity enhance firm-level export performance. Improved connectivity can facilitate

the flow of export-relevant information between firms. Our simple framework identifies three specific

channels through which such information could positively affect exports: (i) by reducing firm-level

marginal production cost (cz), for example if firms learn about better input suppliers or production

techniques from connected peers; (ii) by reducing fixed export costs (fxz ), if knowledge about

regulatory requirements or distribution networks lowers the barriers to enter a new foreign market;

and (iii) by increasing export-specific productivity (φx
z )—the capacity to overcome the search,

contracting, and compliance frictions described above—if connectivity facilitates the diffusion of

the relevant knowledge.6

In the empirical exercise, we first estimate the reduced-form impact of improved connectivity

using the HSR roll-out as a quasi-natural experiment, before turning to an investigation of the

underlying mechanisms in later sections. Specifically, our empirical analysis tests the following

predictions derived from our simple model:

Prediction 1. Improved domestic connectivity leads to increased export revenues among continuing

exporters.

Prediction 2. Improved domestic connectivity increases firms’ likelihood of exporting.

Proof. See Appendix B.1.2.

For simplicity, the initial theoretical discussion focuses on a two-country framework (home versus

the rest of the world). However, Prediction 2 naturally extends to a more complex multi-destination

context, i.e., improved domestic connectivity allows firms to reach more foreign destinations.7

The extended model accommodating multiple destinations is presented in Appendix B.2, and our

empirical analysis explicitly accounts for distinct export destinations.8

6Domestic connectivity can, in principle, raise exports by lowering the domestic component of iceberg trade costs
τs, which is a mechanism emphasized by Fajgelbaum and Redding (2022) and Fan et al. (2023). However, this channel
is less relevant in our context: Chinas HSR network is passenger only and does not directly affect goods shipping
costs. In Section 5, we also show that concurrent developments affecting freight costs are unlikely to account for the
results. Therefore, we abstract from this channel in our discussion.

7Because our data cover only firms that export at least once, we test this margin as entry into new destinations
and products among observed exporters, rather than as export participation among the universe of firms.

8In Appendix B.2, we have also considered another extension to allow firms to export multiple products.
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3 Empirical Strategy

In this section, we begin with background on China’s HSR network, then describe the data,

define the exporter connectivity measure, and present the estimating equations together with the

identification strategy.

3.1 HSR in China

China operates the world’s largest HSR network, totaling over 37,000 kilometers by 2020—

roughly two-thirds of global HSR mileage. Development began in the early 2000s under the State

Councils Mid- to Long-Term Railway Development Plan, which laid out a “four vertical and four

horizontal” grid connecting major regions, with a stated budget of around 4,000 billion RMB (∼ 570

billion USD). Expansion accelerated after 2008 as part of a large-scale fiscal stimulus, rapidly linking

cities nationwide, as shown in Figure 1. Appendix C.1 provides a more detailed history.

Four features of the HSR system are particularly relevant for our setting:

1. Passenger-only infrastructure. China’s HSR is dedicated exclusively to passenger transport

and does not carry freight. It substantially improves intercity passenger mobility without

directly affecting goods shipping costs.9 This distinction is key to interpreting HSR exposure

as a shock to interpersonal connectivity rather than trade logistics.

2. Large reductions in travel time. HSR trains travel at 250-350 km/h, compared to 120-160

km/h on conventional rail. Travel times between connected cities fell by 40-60%; for example,

the Beijing-Shanghai trip dropped from 13 to under 5 hours. National HSR ridership rose from

300 million in 2010 to 830 million in 2014, with business travelers comprising a substantial

share (Lawrence et al., 2019).

3. Lower information frictions. By making long-distance day trips feasible, HSR lowers the cost

of face-to-face interaction across cities, which may facilitate the exchange of market informa-

tion (Lin, 2017; Dong et al., 2020). While direct evidence on firms remains limited, anecdotal

accounts suggest that improved connectivity enhances access to market information. For

example, as reported by the New York Times in 2013, a garment export manager in Chang-

sha increased his trips to Guangzhou from twice a year to once a month after HSR service
9Nonetheless, one may still be concerned that the HSR could affect goods shipping indirectly, for example by

freeing conventional-rail capacity for freight. Section 5.1.2 shows no association between HSR expansion and goods
shipping times.
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Figure 1: Expansion of the HSR Network

(a) 2008 (b) 2009

(c) 2010 (d) 2011

(e) 2012 (f) 2013

Notes: This figure shows the rapid expansion of HSR lines during 2008 and 2013. As a result, more and more city
pairs were connected by the HSRs, which significantly reduced the travel time between them.
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launched, attributing a 50% increase in orders to quicker adaptation to fashion trends.10

4. Endogeneity concerns in route planning. The criteria for HSR station placement are not

publicly available. Zheng and Kahn (2013) suggest both economic and equity considerations

may have influenced planning.11 They find no significant pre-HSR differences in GDP growth,

wages, or proximity to megacities between connected and unconnected cities, aside from

slightly higher population growth in the latter. However, it is still possible that HSR expansion

may have been targeted toward cities with relatively weaker expected growth prospects. We

address this concern through a sector-specific triple-difference design described in Section 3.4,

which absorbs city-level shocks common to all firms.

3.2 Data

Our main data source is the 2000–2013 customs records of China’s General Administration of

Customs, which cover all export transactions by Chinese firms, regardless of firm size. Each record

captures the exporting firm, the 8-digit Harmonized System (HS) product code, the destination

country, and the value and quantity of the shipment (General Administration of Customs of the

People’s Republic of China, 2000–2013). We aggregate these transaction-level records to the firm-

HS8-destination-year level. Our central analysis focuses on 338,863 exporting firms that exported

at least once before their city became connected to the HSR network, or, for firms in cities never

connected during the sample period, at least once in the pre-HSR window (2000–2007). We also

observe firm characteristics, including ownership status (foreign-owned or state-owned), sector, and

prefecture location. We define sectors at the HS 2-digit level (97 sectors).12 Mainland China is

divided into 333 prefectures.13

Our main outcome variable is log export revenue at the firm-year level. We also examine

several additional outcomes, including the number of export destinations (extensive margin of
10New York Times, Sept 24 2013 (https://www.nytimes.com/2013/09/24/business/global/

high-speed-train-system-is-huge-success-for-china.html).
11Zheng and Kahn (2013) propose two possibilities. One possible criterion is to maximize ridership by connecting

megacities and cities that are expected to boom. Another possible criterion is associated with motives opposite to
the first one, i.e., by connecting smaller and weaker cities to enhance growth potential and reduce spatial growth
inequalities.

12Finer classifications such as HS 4-digit are subject to frequent product churn—the addition or deletion of product
codes that reflects inventory adjustments rather than a change in the firm’s core production process. Using a finer
classification would introduce spurious within-firm sector switching and reduce the stability of the sector assignment
on which our identification relies. The HS 2-digit level also aligns with the domestic industry classification used in
the ASIF, facilitating the linkage needed for our mechanism analysis.

13We use prefectures and cities interchangeably in the paper. Table A.1 reports summary statistics on the number
of prefectures, sectors, and prefecture-sector pairs with positive exports for each year.
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market entry), the number of exported products, export volumes, and unit prices. One limitation

of the export data is that the data cover only firms that exported at least once, so we cannot

observe export entry directly. However, the rich destination and product information in the data

provides alternative ways to study extensive-margin decisions, including entry into new markets

and expansion of product mix.

HSR network data, including opening dates and HSR station locations, come from the China

Railway Statistical Yearbook and ChinaMap (Li et al., 2016). We consider both direct trains and

one-stop transfers when defining HSR connectivity between city pairs. For robustness, we also use

train schedule data from the Chinese National Railway Administration to calculate travel times

between city pairs via regular and high-speed rail.

For the mechanism analysis, we supplement the customs data with the Annual Survey of Indus-

trial Firms (ASIF), which covers all manufacturing firms with annual sales above 5 million RMB

or ∼770,000 USD (National Bureau of Statistics of China, 2000–2013a). The crosswalk follows

Yu (2015), and nearly 40% of export firms in the customs data can be matched to ASIF records.

The matched sample allows us to examine domestic sales revenue and employment as additional

outcomes. These provide indirect evidence on whether improved connectivity improves firm per-

formance broadly or specifically in export markets. More details on the supplementary datasets

and the merging processes can be found in Appendix C.2.

3.3 Measuring Exporter Connectivity

To quantify a firm’s exposure to same-sector exporters in HSR-connected cities, we construct

the following measure of an exporter’s connectivity:

xcst ≡
∑
c′ ̸=c

Rx
c′st0 × I(HSRcc′t), (3)

where Rx
c′st0

≡
∑

z′∈Zst0 (c
′)R

x
st0(z

′) is the total pre-treatment export revenue for sector s in city c′

and I(HSRcc′t) is an indicator equal to 1 if cities c and c′ are connected by the HSR in year t, and

0 otherwise.14 We exclude the firm’s own city to avoid mechanical correlation with the outcome,

and use pre-HSR export data (2000-2007 average) to mitigate reverse causality concerns. Figure

A.1 illustrates the geographic variation of xcst across Chinese cities.15

14This city-level weighting also has a firm-level microfoundation, as detailed in Appendix B.3.
15Section 4.3 shows that our main results are robust to alternative ways of constructing xcst, including using

continuous measures of travel time and different weighting schemes.
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Our measure is sector-specific by construction: it weights each connected city by its pre-

treatment export activity in the same sector as the firm.16 The rationale is that firms in the

same sector tend to overlap in the products they export, the destinations they serve, and the reg-

ulatory and logistical requirements they face. A textile exporter in Changsha possibly gains more

from connection to Guangzhou, China’s leading apparel hub, than from a connection to Ningbo,

which specializes in machinery and electronics. Connectivity to cities with concentrated same-sector

export activity is therefore more likely to proxy access to relevant contacts and market knowledge

than connectivity to exporters in unrelated sectors. We remain at this stage agnostic about the

specific channels—which may include learning about foreign buyers and market requirements, ac-

cess to specialized suppliers, or other forms of sector-specific exchange—and return to the question

of mechanisms in Section 5.17

3.4 Econometric Specification

We use two complementary specifications to estimate the effect of domestic connectivity on firm

export outcomes. The first exploits cross-sector variation within a city-year; the second exploits

cross-destination variation within a firm-year.

3.4.1 Baseline Specification

Our baseline estimating equation is:

yzt = αz + αs(z)t + αc(z)t + βxc(z)s(z)t + ιzt, (4)

where yzt denotes the outcome of interest for firm z in year t, αz is a firm fixed effect, αs(z)t is a

sector-year fixed effect, αc(z)t is a city-year fixed effect, xc(z)s(z)t measures domestic connectivity

for firm z defined in (3), and ιzt is an error term capturing unobserved shocks to export outcomes,

such as fluctuations in productivity, demand conditions, and trade costs.

Our coefficient of interest is β. We normalize xcst by the standard deviation of its change from

2007 to 2013 across firms, so that β is the effect of a one-standard-deviation increase in connectivity.
16This approach draws on Redding and Venables (2004), which show that proximity to suppliers constitutes a

form of “supplier access” that enhances productivity.
17The sector specificity of this measure also plays a key role in identification: because different sectors concentrate

their export activity in different cities, the same HSR link generates different connectivity shocks across sectors
within a city. This within-city cross-sector variation is the basis for our triple-difference design, as detailed in the
next subsection.
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Each set of fixed effects addresses a distinct concern in identifying β:

• Firm fixed effects (αz) absorb all time-invariant firm characteristics, such as baseline pro-

ductivity, location, sector, and ownership type. Since firms’ location and sector classification

are fixed throughout our sample period, these simultaneously function as city-sector fixed

effects, controlling for any time-invariant differences across city-sector pairs.

• Sector-year fixed effects (αst) absorb sector-wide demand and supply shocks that affect all

firms in the same sector equally in a given year, such as commodity price shocks, destination-

country demand fluctuations, and sector-specific trade policy changes.

• City-year fixed effects (αct) are central to our identification strategy. The location and

timing of HSR station openings may correlate with city-level shocks or trends that affect

export performance. Adding city-year fixed effects absorbs any time-varying shock common

to all firms in a city—including the direct effect of receiving an HSR station, local demand

shocks, city-level policy changes, and any city-wide anticipation effects of impending HSR

construction. As a result, the remaining identifying variation is across sectors within the

same city-year.

Two features of the data are worth noting. First, including firm-year fixed effects—which

would absorb all time-varying firm-level shocks—is not feasible because the vast majority of firms

concentrate exports in a single HS 2-digit sector (99.2% of export value for the median firm comes

from its largest HS 2-digit sector), leaving too little within-firm variation across sectors for precise

estimates. Second, the strategy requires that firms in different sectors concentrate in different

regions, so that the same HSR link generates different shocks across sectors within a city. Figure

A.2 confirms substantial spatial variation in the sectoral composition of export activity across

Chinese cities.

Identification Assumptions The regression equation (4) implements a triple-difference design.

HSR expansion is expected to bring higher export performance gains for an exporter connected

with more same-sector exporters compared with an exporter connected with fewer peers. Because

the city-year fixed effects absorb any level comparison between connected and unconnected cities,

β is not identified by the raw with-versus-without-HSR contrast; the identifying variation is the

sector-specific connectivity that differs across sectors within a city-year.18

18Our triple-difference identification strategy is inspired by Bernard et al. (2019), though it differs in implementa-
tion. While their approach exploits variation in industry input intensity and proximity to new stations, we instead
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The validity of the triple difference estimates depends on a parallel trends assumption: absent

HSR connection, export performance would have evolved similarly across sectors within the same

city. This assumption could be violated if sectors gaining more connectivity were subject to differ-

ential trends due to sector-city-specific shocks not captured by the fixed effects. We address this

concern through four complementary exercises:

1. Differential pre-trends. We estimate an event study in Section 4.1 to check that the

pre-treatment coefficients are flat and not distinguishable from zero.

2. Simultaneous policies and infrastructure. We conduct a series of robustness checks

in Section 4.3.1, which directly control for concurrent policies—such as the national Hukou

system, minimum wage adjustments, national college expansion, industrial parks, export VAT

rebates, and broadband rollout—that may generate sector-specific effects within cities that

are correlated with the HSR rollout.

3. Confounding city-sector trends. We conduct a placebo test in Section 4.3.2 that regresses

pre-treatment export changes on future connectivity changes, testing whether the estimated

effects are a byproduct of persistent city-sector trends that are correlated with the HSR

rollout.

4. Unobserved firm-level shocks. We supplement the main specification (4) with a within-

firm cross-destination specification that addresses the concern that unobserved firm-specific

shocks correlated with HSR connectivity could drive the results. We elaborate on this speci-

fication below.

3.4.2 Within-firm Cross-destination Specification

Our baseline specification (4) estimates the aggregate effect of sector-level connectivity on firm-

level exports—the central object of interest. We complement it with a specification that exploits

variation across destinations within the same firm, asking whether, among a given firm’s export

markets, destinations with stronger same-sector connectivity gains show larger export improve-

ments.19 The within-firm specification complements the baseline firm-level analysis in two ways.

First, it tests whether connectivity generates destination-specific benefits—that is, whether gains

leverage within-city, cross-sector variation in firms’ exposure to other exporters, using a bilateral connectivity measure
that captures integration with sectoral peers across all cities.

19While firms typically concentrate in a single sector, their export activity is spread across multiple destinations:
the median firm sends 76% of exports to its largest destination and 12% to the second-largest.
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accrue specifically from linking to exporters serving particular foreign markets. Second, it allows us

to control for any unobserved firm-level shock that might correlate with connectivity and thereby

strengthen the causal interpretation.

To do so, we first construct a destination-specific connectivity measure:

xcsnt ≡
∑
c′ ̸=c

Rx
c′snt0 × I(HSRcc′t), (5)

where Rx
c′snt0

is the total pre-treatment export revenue in city c′ for sector s to destination n. This

extends xcst, defined in (3), by adding a destination dimension: it captures how well connected a

firm in city c, sector s is to same-sector exporters in other cities who serve the specific destination

n.

The extended model with multiple destinations (Appendix B.2.1) implies a destination-level

estimating equation. Writing rxznt for the log exports of firm z to destination n,

rxznt = αzt + αsnt + β xznt + ιsnzt, (6)

where αzt absorbs firm-time determinants of exports, αsnt absorbs sector-destination determinants

(foreign expenditure, the destination price index, and trade costs), and connectivity enters through

xznt. Taking the long difference between 2007 and 2013 gives our within-firm cross-destination

specification,

∆t yzn = αz + αs(z)n + β∆t xc(z)s(z)n + ιzn, (7)

where the firm-time term differences to a firm fixed effect αz and the sector-destination term

differences to a sector-by-destination fixed effect αs(z)n. Here ∆t yzn is the change in firm z’s exports

to destination n between 2007 and 2013, and ∆t xcsn is the corresponding change in destination-

specific connectivity.20

The firm fixed effect absorbs any firm-level change over the period, playing the role of firm-year

fixed effects in a panel. The sector-by-destination fixed effect absorbs sector-specific destination

shocks, such as changes in demand, tariffs, or product standards in a destination that affect a

particular sector. We also report a coarser specification that replaces αs(z)n with a destination fixed
20We adopt a long-difference specification (2007–2013) primarily because estimating the extensive margin—

whether a firm exports to a given destination—is computationally infeasible with the full panel, which would involve
nearly 500 million observations since each firm has 227 potential destinations per year. For the intensive margin,
specifications using all years yield very similar results and are available upon request.
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effect αn, which absorbs only destination-wide changes common to all exporters serving a market.

Under the sector-by-destination structure, β is identified from variation across cities within a sector-

destination: among firms in the same sector serving the same destination, those in cities more

connected via HSR to same-sector exporters elsewhere show larger export gains. The identifying

assumption is that, absent the HSR connection, export growth across these cells would have been

parallel.

4 Results

This section presents the main estimation results. We first show that HSR-induced improve-

ments in domestic connectivity increase firms export activity along both intensive and extensive

margins. We then discuss robustness checks addressing potential threats to identification.

4.1 Event Study

As discussed earlier, the causal interpretation of our estimates from (4) relies on the validity of

the parallel trends assumption. To assess this, we examine pre-trends and dynamic adjustment in

a triple-difference event study framework.

Our treatment variable xcst is continuous and evolves over time as new HSR connections are

added. Because interacting a time-varying continuous measure directly with event-time indicators

confounds treatment intensity with duration, we follow the recent literature on continuous treat-

ments in event-study designs (e.g., Callaway et al., 2024) and instead compare units with high

versus low exposure potential.

Concretely, we partition sectors into high- and low-exposure groups according to the median

growth in exporter connectivity between 2008 and 2013.21

We then estimate the following regression specification:

yzt =
∑

k=...,−3,−2,0,1,2,...

βk I(HSRk
ct)× I(HighSectors) + αs(z)t + αz + αc(z)t + ιzt,

where I(HSRk
ct) equals 1 if, for city c in year t, the HSR station was opened k periods away,

and I(HighSectors) equals 1 for high-exposure sector as defined above. The coefficients βk are
21For each HS 2-digit sector, we calculate the average improvement in exporter connectivity between 2008 and

2013 across all firms in that sector using (3). We classify sectors to be High if this average improvement is above the
median. Firms whose main sector belongs to the High group have their I(HighSectors) variable set to 1.
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interpreted as group-time differences in outcomes for firms in high versus low-exposure sectors at

each event time k. Because the national high/low exposure grouping does not track the within-city

cross-sector variation that identifies β in (4), we use this specification only as a diagnostic tool—to

check for pre-trends and to visualize the dynamic response of high-exposure sectors relative to low-

exposure sectors—and estimate the treatment effect itself in (4), as described in the subsequent

subsection.

As shown in Figure 2, estimated coefficients in the pre-treatment period are stable and statis-

tically indistinguishable from zero, indicating no evidence of differential pre-trends between high-

and low-exposure sectors prior to HSR station openings. Following treatment, export revenues rise

shortly thereafter and remain at an elevated level through the post-treatment horizon. We discuss

the economic interpretation of this dynamic pattern in Section 5.4.

Figure 2: Event Study

Notes: This figure shows that the coefficients are stable and statistically indistinguishable from zero in the pre-
treatment period, indicating no differential pre-trends, while export revenues rise following the improvement in
exporter connectivity and stabilize at an elevated level thereafter. In particular, we estimate the following regression
specification: yzt =

∑
k=...,−3,−2,0,1,2,... β

k I(HSRk
ct) × I(HighSectors) + αs(z)t + αz + αc(z)t + ιzt, where I(HSRk

ct)
equals 1 if, for city c in year t, the HSR station was opened k periods away, and I(HighSectors) equals 1 if sector s
experienced above-median growth in connectivity between 2008 and 2013.

4.2 Baseline Results

We present the baseline estimates in two parts: firm-level results exploiting cross-sector variation

within cities, followed by within-firm cross-destination results that absorb all firm-level changes over
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the period.

4.2.1 Firm-level Results

We first present our results from estimating our main specification in (4), examining how domes-

tic connectivity affects firm export performance along both the intensive and extensive margins.22

Table 1 reports the estimation results. Column 1 shows that a one-standard-deviation increase

in domestic connectivity raises firm-level export revenue by 4.2%, confirming Prediction 1. Column

2 shows that firms enter 0.20 additional foreign destinations on average, indicating expansion along

the extensive margin as well.

We next examine whether the observed increase in export revenue is driven by changes in export

volumes or prices. As reported in Columns 3 and 4 of Table 1, the growth in export revenue is driven

by higher volumes, with unit prices falling. Specifically, a one-standard-deviation improvement in

exporter connectivity increases export volume by 8.7%, while unit prices fall by 4.5%. Linking

this to our theoretical framework in Section 2, the reduction in unit prices combined with higher

volumes is consistent with lower variable costs of serving foreign markets—whether through broad

production cost reductions or export-specific capacity improvements. The extensive margin results

further suggest a possible reduction in the fixed costs of market entry. We examine these channels

more carefully in Section 5.

Thus far, the main outcome variable is a firm’s total export revenue, aggregated across all des-

tinations. To investigate how firms adjust their export revenue, we split the change in log export

revenue into four margins that sum exactly to the total adjustment. The intensive-within mar-

gin captures the average growth in revenue within destinations the firm continues to serve; the

intensive-across margin measures how sales are re-allocated among those continuing destinations;

the entry margin records gains from newly entered markets; and the exit margin reflects revenue lost

when destinations are dropped. As shown in Appendix C.3, firms respond mainly by broadening

and reshuffling their destination mix. Entry into new markets explains 35.2% of the overall change,

while reduced revenue losses from market exits account for 25.9%; for existing markets, realloca-

tion across markets contributes 31.5%, and pure within-market growth adds only 7.4%. Hence,

improved connectivity leads firms to reconfigure their export portfolios—entering new markets and
22Our analysis focuses on continuing exporters. Our main dataset covers the universe of exporters but not the

universe of firms in China, making it difficult to reliably identify true entry or exit into exporting. For instance,
a firm that appears in the data for the first time during our sample period may be a new exporter or a re-entrant
after a temporary exit. Appendix C.5.4 shows the baseline results are robust to restricting to a balanced panel of
continuing exporters.
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Table 1: Impact of Domestic Connectivity on Firm Export Outcomes
(1) (2) (3) (4)

Baseline Decompose rxzt
Dep. variables rxzt Nx

zt qxzt pxzt

xcst 0.042*** 0.202*** 0.087*** -0.045***
(0.007) (0.038) (0.011) (0.007)

Observations 2,032,156 2,032,156 2,028,602 2,028,602
R-squared 0.738 0.805 0.798 0.852

This table shows that HSR-driven improvements in exporter connectivity increase firms export activities. The
dependent variable in Column 1 is export revenue (log), and in Column 2 it is the number of foreign destinations.
Columns 3 and 4 decompose export revenue into log quantity and log price, respectively. Firm-level quantity is
summed across products, so Column 4 is an aggregate unit value and the split reflects both within-product and
composition changes. All columns follow the regression specification in Equation (4), controlling for firm fixed effects,
city-by-year effects, and sector-by-year effects. The independent variable, xcst, is defined in (3) and normalized by
its standard deviation, so coefficients can be interpreted as the change in the outcome variable associated with a
one-standard deviation increase in the independent variable. Robust standard errors, clustered at the city level, are
reported in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

reallocating across existing ones—rather than simply deepening sales in established destinations.23

In Appendix C.4, we also study another dimension of the extensive margin: export product

variety. For multi-product firms, with each product defined at the HS 8-digit level, we find that

improved connectivity leads to a 4% increase in product scope. Moreover, firms update their export

product portfolios more frequently by adding and dropping more product categories per period.

Taken together, these results indicate that HSR-driven connectivity raises firms’ export revenue

primarily through market entry and reallocation across destinations and products, rather than

through deeper sales within existing markets.

4.2.2 Within-Firm Cross-Destination Results

We now turn to the within-firm cross-destination specification (7), introduced in Section 3.4.2.

This analysis exploits the fact that firms export to multiple destinations, allowing us to include

firm fixed effects that absorb any firm-level change over the period and isolate destination-specific

variation in connectivity.

Columns 1 and 2 of Table 2 show that firms increase their exports to a destination when they

become more connected to same-sector exporters in other cities that serve that destination. That is,
23We present the full algebraic details and results of the decomposition exercise in Appendix C.3.
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even within a firm, HSR connectivity to same-sector exporters serving destination A raises exports

more to A than to B. A one-standard-deviation increase in the sector-destination connectivity raises

a firm’s exports to that destination by 2.1–3.0% relative to the firm’s other destinations.24 Although

not directly comparable to the baseline estimates, these within-firm, cross-destination results align

with the decomposition in Section 4.2, which shows that about one-third of total export growth

arises from adjustments across existing destinations.

On the extensive margin, as we show using a linear probability model, firms are more likely to

enter a destination on net when they become more connected to same-sector peers that also sell to

that destination (Columns 3 and 4 of Table 2). This result suggests that the benefits of improved

connectivity are at least partly destination-specific: firms are more likely to enter markets in which

their sector peers—now reachable via HSR—are already active.25

4.3 Robustness

We briefly discuss robustness checks addressing potential threats to identification, with full

details provided in Appendix C.5.

4.3.1 Simultaneous Policies and Infrastructure

We begin by addressing the concern that concurrent policies or infrastructure developments may

confound the estimated effects of HSR on firm-level export outcomes. While the inclusion of city-

year fixed effects in our baseline specification accounts for shocks common to all firms within a city,

sector-level heterogeneity in policy exposure within cities could still pose a threat to identification,

if they are correlated with the HSR rollout.

To mitigate this concern, we compile an extensive list of major national and sub-national policies

and developments implemented during our study period that could plausibly generate differential

effects across sectors within a city: the national Hukou system, adjustments to the minimum wage,

national college expansion, establishment of industrial parks, export VAT rebate policy, and the

expansion of broadband internet. For each, the challenge is to construct a control that varies at
24Note that results from Tables 1 and 2 are not directly comparable. The baseline specification relates changes in a

firm’s total exports to changes in city-sector connectivity relative to other city-sector pairs, while the firm-destination
specification relates changes in a firms exports to a given destination to changes in connectivity with sectoral peers
serving that destination, relative to the firm’s exports to its other destinations.

25These findings are consistent with Gereffi (1999), Bair and Gereffi (2001), Artopoulos et al. (2013), Gereffi (2019),
and González et al. (2025). This literature emphasizes that export frictions often have country-specific characteristics.
For example, Artopoulos et al. (2013) documents that product adaptation to local preferences and compliance with
country-specific commercial standards—such as logistics and packaging—are major sources of frictions.
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Table 2: Within-Firm Cross-Destination Comparison
(1) (2) (3) (4)

Dep. variables ∆t r
x
z,n (Intensive Margin) ∆t Iz,n (Extensive Margin)

∆txcsn 0.030*** 0.021*** 0.005*** 0.003***
(0.006) (0.006) (0.001) (0.001)

Firm FE Yes Yes Yes Yes
Destination FE Yes Yes
Destination × Sector FE Yes Yes

Observations 492,591 492,591 22,322,216 22,322,216
R-squared 0.258 0.280 0.045 0.049

This table reports estimates of Equation (7). Columns 1 and 2 report the intensive margin, the
change in log exports to destination n between 2007 and 2013. These are estimated on the firm-
destination pairs a firm actually serves. Columns 3 and 4 report the extensive margin, the change
in the firm’s participation in n over the same period. These are estimated on all potential firm-
destination cells over the study period. All columns include firm fixed effects: Columns 1 and 3
add a destination fixed effect, and Columns 2 and 4 a sector-by-destination fixed effect, the structure
implied by the extended model (Section 3.4.2 and Appendix B.2.1). The independent variable, defined
in Equation (5), is normalized by its standard deviation, so coefficients can be interpreted as the
change in the outcome variable associated with a one-standard-deviation increase in the independent
variable. Robust standard errors, clustered at the city level, are reported in parentheses. *** p < 0.01,
** p < 0.05, * p < 0.1.

the city-sector-year level, since any measure that is time-invariant within a firm or varies only at

the city or sector level is absorbed by our fixed effects. Appendix C.5.1 details how each control

is constructed and the economic reasoning behind the specification. As reported in Table C.3, the

baseline estimates remain stable across all specifications, suggesting that coincident policy shocks

are unlikely to account for the results.

4.3.2 Parallel Trends Assumption

The parallel trends assumption requires that, absent treatment, export performance would have

evolved similarly across differentially exposed sectors within the same city. That is, the city-year

fixed effects absorb all city-level differences, including the timing of a city’s HSR connection. A key

concern is that the estimated effects could reflect persistent city-sector trends correlated with the

HSR rollout rather than the effects of connectivity itself. To examine this, we conduct a placebo

test by re-estimating a variant of (4) in time differences:

∆t−1 yz = β∆t xc(z)s(z) + αc(z) + αs(z) + ιz, (8)

20



where ∆t−1 yz is the change in export revenue (or the number of export destinations) in the pre-

treatment period, ∆t xcs is the change in connectivity for a firm in city c and sector s from the year

preceding the city’s HSR opening through 2013, and αc and αs are city and sector fixed effects,

respectively.

This test regresses changes in outcomes during the years before the HSR rollout on the treatment

variable. If persistent city-sector trends were driving our estimates, future connectivity changes

would spuriously predict past export performance. These exercises, presented in Columns 1 and

2 of Table A.2, reveal no statistically significant relationship between future connectivity changes

and past export growth, providing no evidence that persistent city-sector trends drive the baseline

results. As a further check on the endogeneity of HSR placement, we exclude firms belonging to the

largest sector within each city, as those sectors are most likely to have influenced local infrastructure

decisions. As shown in Columns 3 and 4 of Table A.2, we find consistent results with our baseline

estimates.

4.3.3 Additional Robustness Checks

We conduct several additional tests, with full details reported in Appendix C.5. First, the

baseline results are robust to alternative definitions of the connectivity measure—including a con-

tinuous travel-time-based measure, inverse hyperbolic sine transformations, and alternative weight-

ing schemes based on export revenue shares or the number of exporting firms (Appendix C.5.2).

Second, we address concerns about staggered treatment timing by implementing the estimators of

Borusyak et al. (2022) and Sun and Abraham (2021) on a discretized version of the treatment (Ap-

pendix C.5.3). Third, sample composition does not drive the results: estimates remain stable when

restricting to a balanced panel, excluding cities that never received HSR, or dropping state-owned

enterprises (Appendix C.5.4). Finally, our inference is robust to alternative clustering (at the city-

sector-year level) and to a permutation test in which we randomly reassign HSR connections across

200 simulations; none produce coefficients as large as the actual estimate (Appendix C.5.5).

5 Mechanisms

The empirical results in Section 4 show that HSR-driven connectivity raises firms’ export perfor-

mance. This section explores why. Our leading hypothesis is that improved passenger connectivity

reduces the cost of acquiring export-relevant information, which may include practical knowledge
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about foreign markets, buyers, product standards, and input sources. We first assess whether

non-information channels can account for the baseline results (Section 5.1), then turn to evidence

that the effects are concentrated among firms facing greater information barriers (Section 5.2) and

that connectivity changes firm behavior along margins most sensitive to export-relevant knowledge

(Section 5.3).

5.1 Assessing Alternative Mechanisms

We first examine whether the observed export gains can be accounted for by standard non-

informational channels. Specifically, we consider reductions in broad production costs and goods

shipping costs, and labor market pooling (including access to specialized skills).

5.1.1 Firm-level Production Cost

A key question is whether the observed gains reflect broad reductions in production costs or

something specific to export activity. If HSR simply reduces broad production costs, we would

expect both domestic and foreign sales to grow. By contrast, if the mechanism is export-specific,

the effects should be concentrated in foreign markets.

Our within-firm cross-destination results in Table 2 already point in this direction: HSR raises

exports to specific destinations even after absorbing all firm-level changes over the period, including

broad cost reductions. To test this more directly, we leverage additional data from the ASIF,

which covers large Chinese manufacturing firms, and merge it with the export data.26 As shown

in Columns 1 and 2 of Table 3, connectivity improvements raise exports (Column 1) but leave

domestic sales unaffected (Column 2). Together, these findings suggest that the export gains reflect

mechanisms specific to accessing foreign markets rather than being driven by uniform reductions

in production costs alone.27

26Further details on the data merge process are available in Appendix C.2.
27Under standard demand assumptions, a reduction in marginal cost would raise total firm revenue. While we

cannot rule out a knife-edge offset between price and quantity changes that produces a zero net effect on domestic
sales, the more parsimonious interpretation of the full set of results is that large, uniform cost reductions are unlikely
to be the primary driver. In terms of the model in Section 2, this pattern is difficult to reconcile with broad-based
production cost shocks (cz) as the primary channel and points instead to export-specific mechanisms (φx

z or fx
z ).

Appendix B.1.2 derives this result formally.
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Table 3: Changes in Domestic Sales, Transportation Costs, and Employment
(1) (2) (3) (4) (5) (6) (7) (8)

Dep. variables rxzt rdzt
Shipping Costs ln(Workers) rxzt Nx

ztOutputs Inputs (IO) Inputs (PDS)

xcst 0.034*** 0.004 0.001 -0.001 0.001 0.008 0.039*** 0.192***
(0.012) (0.010) (0.002) (0.002) (0.002) (0.007) (0.007) (0.037)

Skilled labor 0.043*** 0.162**
(0.012) (0.074)

Observations 270,250 270,250 1,948,896 2,018,687 1,366,904 567,815 2,014,593 2,014,593
R-squared 0.836 0.849 0.895 0.998 0.838 0.860 0.737 0.804
This table shows that HSR-driven improvements in exporter connectivity do not affect firms’ domestic sales or

employment, nor are they associated with changes in shipping costs. Moreover, while improved access to skilled
workers contributes to export gains through a distinct channel, the estimated effect of HSR-driven improvements
in exporter connectivity remains close to the baseline after controlling for skill intensity. All columns follow the
regression specification in Equation (4), controlling for firm fixed effects, city-by-year effects, and sector-by-year
effects. The key independent variable, xcst, is defined in (3). The dependent variable in Column 1 is the log of export
revenue, constructed from Customs data, whereas Column 2 reports the log of domestic sales, derived from ASIF.
Column 3 reports the log of shipping times to the export ports utilized by each firm in that year, drawing on data
from Ma and Tang (2024). Similarly, Columns 4 and 5 report shipping times to the firm’s approximated potential
suppliers in the corresponding year. Column 6 reports the log of the number of employees, while Columns 7 and 8
report the log of export revenue and the number of destinations, controlling for HSR-induced access to skilled labor.
Robust standard errors, clustered at the city level, are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

5.1.2 Goods Shipping Costs

We next consider whether changes in goods shipping costs can account for the export gains.

Although the HSR system carries only passengers, related developments could reduce freight trans-

port costs. We therefore test two distinct possibilities: effects on outputs (shipping finished goods

to ports) and inputs (shipping material supplies to firms).

We begin with outputs. If HSR expansion was associated with a reduction in the cost of

shipping outputs from firms to ports, it could improve firms’ capacity to serve foreign markets.

Using detailed data on shipping times to export ports from Ma and Tang (2024), we regress these

costs on our connectivity measure.28 Column 3 of Table 3 shows no significant effect: HSR-induced

connectivity does not reduce the cost of shipping outputs.

For inputs, HSR could in principle reduce the cost of shipping intermediate inputs from suppli-

ers to firms. Investigating this channel is less straightforward, however, because we do not observe

firms’ domestic trade flows and therefore cannot identify the specific suppliers with whom exporters

transact. To address this, we approximate each exporter’s potential supplier set using two comple-
28Specifically, we define the outcome variable as the log of the shipping time to the port utilized by each firm in a

given year. For firms that use multiple ports within the same year, the measure is constructed as the export-share-
weighted log of shipping time.
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mentary measures and construct an outcome variable equal to the weighted average shipping time

to these potential suppliers.

The first measure weights each connected city by the importance of its sectors as upstream

suppliers, using coefficients from the national input-output table to capture sectoral linkages.29

The second measure, following Kee et al. (2024), defines a firm’s potential domestic suppliers

(PDS) as all firms that export the same HS6 products it imports, thereby capturing firm-specific

input structures.30 We then test whether HSR reduces these weighted supplier shipping times. As

shown in Columns 4 and 5 of Table 3, we find no significant effects.

To summarize, these results suggest that the classic trade-cost channel plays a limited role in

explaining our findings: HSR does not lower the cost of moving goods, whether through outputs

shipped to ports or inputs sourced from suppliers. This is consistent with the limited correlation

between HSR expansion and changes in freight shipping times: at the origin-destination pair level,

HSR connection is associated with only a 4% change in shipping time, and the simple correlation

between the two is 0.09. We next examine other potential channels associated specifically with

passenger mobility, focusing on labor market pooling and access to skills.

5.1.3 Labor Market Pooling

An immediate candidate mechanism is labor market pooling. If HSR expanded firms’ access

to workers, we would expect overall employment to rise. To test this, we merge ASIF data with

our export panel and use firms’ total employment as the outcome. Column 6 of Table 3 shows no

significant effect of connectivity on total employment, which rules out a broad-based expansion in

headcount as a primary driver.

We next consider whether HSR improves access to specialized skills. Building on Yu et al. (2019),

which show that HSR disproportionately attracts high-skilled workers to core cities, we construct

an interaction between sectoral skill intensity and HSR openings in core cities.31 Columns 7 and 8

of Table 3 indicate that skill-intensive firms in newly connected core cities experience significantly

larger export gains. This pattern suggests that HSR helps firms tap into more skilled labor, even

without increasing total employment, though we cannot fully distinguish this from the possibility
29Source: OECD Input-Output Tables, OECD Data Explorer (2007). https://stats.oecd.org/. The weight

assigned to city c is defined as
∑

s′ ϕ
s
s′ws′ct, ϕs

s′ is the input share from supplier sector s′ used by firm z’s sector s,
and ws′ct represents the share of sector s′’s output produced in city c in year t, computed using the ASIF.

30The second measure is available only for firms with observed import records, resulting in a smaller sample. See
Appendix C.6 for more details.

31Specifically, we use the 2004 ASIF, the only year that reports employment by skill level (proxied by college
attainment), to measure each sector’s skill intensity, allowing it to vary across provinces.
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that skill-intensive sectors simply face greater information frictions in export markets.

While these results point to a role for improved access to skills in explaining export gains, the

effect of connectivity remains robust and quantitatively stable after controlling for skill intensity.

This indicates that labor market pooling may contribute but cannot account for the full impact,

suggesting that additional channels—which we examine next—are at work.

5.2 Heterogeneous Effects by Information Barriers

Section 5.1 suggests that broad production cost reductions, lower freight costs, and labor market

pooling cannot fully account for the HSR-driven export gains documented in Section 4. We now

examine whether the data are consistent with an information-based mechanism, whereby improved

connectivity eases the acquisition of export-relevant knowledge across firms.

A key implication of the information-based mechanism is that firms facing greater informational

frictions should benefit more from improved connectivity. If HSR reduces such frictions, its effects

should be larger for firms for which export-relevant knowledge is harder to acquire or transmit, such

as firms producing more differentiated goods or those with more limited prior export experience.32

We test this prediction by estimating heterogeneous effects using the following specification:

yzt = αs(z)t + αz + αc(z)t + βxc(z)s(z)t + γxc(z)s(z)t × I(Firm Type) + I(Firm Type)× αt + ιzt, (9)

where I(Firm Type) is the firm characteristic along which the connectivity effect may vary, which

is binary for some types and continuous for others. Accordingly, γ is the group difference or a slope

in that heterogeneous response, and I(Firm Type) × αt is included to allow for differential time

trends across firm types.

Our first test is motivated by Lovely et al. (2005), which show that exporting to well-integrated

markets requires less market-specific knowledge. We construct a pre-treatment index that captures

each firms export exposure to highly integrated destinations.33 As shown in Column 1 of Table

4, firms with lower initial exposure to integrated destinations, i.e., those trading with less acces-

sible and more information-intensive markets, respond more strongly to HSR-driven connectivity.
32We provide a model-based derivation of this prediction in Proposition 5 of Appendix B.3.
33Following Lovely et al. (2005), we classify a destination country as integrated if it has above-average trade per

dollar of GDP after controlling for the size of the country and proximity to economic activity outside of the country.
A firm’s Destination-Integration Index is then defined as

∑
d∈D0(z) w

0
d(z)1Integrated,d, where w0

d(z) is firm z’s export
share to destination d before the HSR connection and 1Integrated,d turns to 1 if destination country d is an integrated
economy.
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This pattern is consistent with improved connectivity disproportionately benefiting firms that face

greater informational frictions in destination markets.34

Second, we examine heterogeneity across geography. As shown in Column 2 of Table 4, firms

located in core Chinese cities are less responsive to improvements in exporter connectivity than firms

in peripheral cities.35 This is consistent with the view that centrally located firms already benefit

from the dense concentration of exporters locally and therefore face fewer information barriers.

Third, we consider product characteristics. Startz (2024) shows that firms producing style-

sensitive goods (e.g., apparel, electronics) depend more heavily on up-to-date information to remain

competitive. We construct a “Startz index” reflecting a firms reliance on timely information.36

Column 3 of Table 4 shows that firms with higher index values experience stronger export gains

following improved connectivity.

Fourth, we differentiate between ordinary exporters and firms engaged primarily in processing

trade. The latter typically operate under pre-arranged contracts with foreign buyers, reducing

the need to acquire market-specific information. As confirmed in Column 4 of Table 4, ordinary

exporters respond more strongly to improved domestic connectivity.37

Fifth, we explore variation by firm size. Smaller firms may lack internal capabilities to acquire

market information and rely more on learning from peers. In line with this, we find, as shown in

Table 4, Column 5, smaller firms benefit more from improved connectivity.38

Across these five tests, the effects of improved connectivity are consistently stronger for firms

facing greater information barriers. This pattern supports the view that HSR matters, at least in

part, by easing firms’ access to practical knowledge about foreign markets.
34Koenig et al. (2010) also find similar results using French export data.
35Following Yu et al. (2019), we define the following cities as the core cities and the rest as peripheral cities:

Beijing, Shanghai, Tianjin, Chongqing, Shenzhen, Qingdao, Dalian, Suzhou, Xiamen, and Ningbo.
36We first create a product-level index of reliance on recent styles based on the relative importance of learning

recent styles for the five product categories surveyed in Startz (2024). In particular, we assign an index of 2 to
apparel, which has the highest score of importance of having recent style information, and an index of -2 to hardware,
which has the lowest score of importance of having recent style information. Next, firms’ Startz index, which reflects
a firm’s reliance on recent style information, is defined based on the information reliance index of the products they
exported before the HSR opening. We restrict the analysis to firms with more than 50% of exported value from these
five product categories. This sample restriction leaves us with 43% of firms from the baseline sample. The majority
of firms are from apparel (45%), electronics (30%), or homeware (15%), with 10% from beauty or hardware.

37The large negative coefficient in Column 4 of Table 4 reflects the highly skewed distribution of the interaction
term (mean = 0.04; only 0.3% of firms take the value of 1), which makes OLS estimates sensitive to a few outliers.
For 95% of firms, the estimated effect is positive; the negative tail is driven by extreme values where model fit is
poor.

38The result that larger firms tend to benefit less is also consistent with the presence of fixed cost of export-specific
capacity improvement, highlighted by Bustos (2011) and Lileeva and Trefler (2010). If domestic connectivity reduces
the fixed cost, it will disproportionately benefit smaller firms than larger firms.
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Table 4: Heterogeneous Responses to Exporter Connectivity
(1) (2) (3) (4) (5)

Dep. variable: rxzt

xcst 0.082*** 0.053*** 0.026** 0.047*** 0.016*
(0.012) (0.010) (0.011) (0.007) (0.009)

xcst×Destination Openness -0.068***
(0.013)

xcst×Core City -0.026*
(0.014)

xcst×Startz Index 0.020**
(0.008)

xcst×Process -0.399***
(0.116)

xcst×Small 0.060**
(0.024)

Observations 1,974,606 2,032,156 867,514 2,032,156 2,032,156
R-squared 0.735 0.738 0.727 0.739 0.740

This table shows estimation results for (9). The key independent variable, xcst, is defined in (3).
Column 1 further interacts xcst with the Destination-Integration Index, which classifies a country as
integrated if it has above-average trade per dollar of GDP after controlling for country size and external
proximity (Lovely et al., 2005). Column 2 compares core cities (Beijing, Shanghai, Tianjin, Chongqing,
Shenzhen, Qingdao, Dalian, Suzhou, Xiamen, Ningbo) to peripheral ones (Yu et al., 2019). Column
3 interacts xcst with the Startz Index (normalized to have mean 0 and standard deviation 1), which
measures reliance on recent style information (e.g., apparel, electronics). Column 4 interacts xcst with
Process, defined as the pre-HSR share of export revenue from processing with assembly. Column 5
defines a firm as small if its pre-HSR export value was below the median. Robust standard errors
clustered by city are in parentheses: *** p < 0.01, ** p < 0.05, * p < 0.1.

5.3 Dimensions of Information Acquisition

We now examine along which dimensions connectivity changes firms’ export behavior. If HSR

reduces information frictions, we should observe effects on margins that are particularly sensi-

tive to export-relevant knowledge. We consider product quality upgrading, convergence in export

destinations toward those of connected hubs, and access to specialized inputs and buyers.

5.3.1 Quality Upgrading

Product quality is a natural margin to examine. If improved connectivity helps firms learn

about foreign markets and standards, connected firms may upgrade the goods they export and

shift activity toward destinations where such upgrading is more valuable. We therefore examine

whether HSR connection is associated with patterns consistent with quality upgrading.

We measure quality following Khandelwal et al. (2013), inferring it from price-quantity data
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and aggregating to the firm-product level (details in Appendix C.7). Column 1 of Table 5 shows

that firms in HSR-connected cities see an increase in the average quality of their exported products

by 0.058 log points relative to controls. We further decompose the change. As shown in Columns

2–4, about two-thirds of the overall effect comes from quality improvements within continuing

destinations (intensive margin), driven primarily by within-destination upgrading rather than real-

location across them. Columns 5–7 show that the remaining one-third reflects the extensive margin

reallocation, with firms entering higher-quality destinations and exiting from lower-quality ones.

Table 5: Change in Quality and Decomposition of Margins
(1) (2) (3) (4) (5) (6) (7)

Dep. variables Overall Intensive Within Across Extensive Entry Exit

∆xcs 0.058*** 0.042*** 0.037*** 0.005 0.016* 0.009* -0.007*
(0.016) (0.010) (0.009) (0.004) (0.008) (0.005) (0.004)

Observations 137,856 137,856 137,856 137,856 137,856 137,856 137,856
R-squared 0.023 0.024 0.023 0.004 0.011 0.009 0.010

The table shows that improved connectivity is associated with higher quality of products exported to existing des-
tinations and with reallocation toward higher-quality destinations. Details on the decomposition exercise, including
regression specification and independent variable construction, are available in Appendix C.7. Robust standard errors
clustered by city are in parentheses: *** p<0.01, ** p<0.05, and * p<0.1.

These results indicate that improved connectivity leads to meaningful upgrading in firms’ ex-

port quality. Most of the effect comes from quality improvements within continuing destinations,

with the remainder reflecting reallocation toward higher-quality export markets. This pattern is

consistent with better access to export-relevant knowledge affecting both how firms serve existing

markets and where they expand.

5.3.2 Export-Mix Convergence

A further implication of reduced information frictions is that firms may become more similar

to the exporter networks to which they gain access. If improved connectivity helps firms learn

from same-sector exporters in newly linked cities, we would expect their export destinations to

converge toward those of the connected peers.39 This implication is consistent with the within-firm

cross-destination results in Table 2, which already suggest a destination-specific component.
39Related work in management and strategy shows that access to peer information can lead firms to adopt similar

practices and strategic choices. For example, Kim (2025) provides experimental evidence that firms align their pricing
and quality decisions when given information about their peers’ choices. See also Lieberman and Asaba (2006) on
industry imitation, and Bloom and Van Reenen (2007) and McKenzie and Woodruff (2017) on the diffusion of
management practices.
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To test this implication, we compare changes in each firm’s destination-level export distribution

with corresponding changes in same-sector exporters in cities to which the firm becomes connected

between 2007 and 2013. Similarity is measured using dot product, cosine similarity, and covari-

ance, which capture both directional and magnitude-based convergence. Appendix C.8 details the

construction of the similarity measures and the regression specifications. The results in Panel A

of Table 6 show that, controlling for sector-specific shocks, the destination-level export changes of

HSR-connected firms co-move more strongly with those of same-sector exporters in the cities to

which they become connected.

To further examine the direction of this convergence, we classify both firms and connected cities

as high- or low-performing based on whether their baseline export activity falls above or below the

sector average. We then group firm-city pairs into three categories: low-performing firms connected

to high-performing cities, high-performing firms connected to low-performing cities, and pairs at

the same performance level (high-to-high or low-to-low; see Appendix C.8 for the specification).

Estimating separate convergence effects for each group allows us to distinguish whether convergence

is driven by weaker firms adjusting toward stronger locations—as an information-based mechanism

would predict—or by symmetric co-movement across all firm-city pairs, which would raise the

reflection concern of Manski (1993).

Panel B of Table 6 reports the results. The convergence effects split sharply across the three

groups. Initially low-performing firms connected to high-performing destination cities show the

largest increases in destination similarity, with coefficients several times larger than those for either

the high-to-low or same-level pairs. High-performing firms connected to low-performing destination

cities show much smaller responses, and same-level pairs show comparably modest effects. This

pattern indicates that convergence operates directionally—it is the initially weaker firms connecting

to stronger peers whose export destinations converge, not a symmetric realignment. The muted

response of high-performing firms linked to low-performing cities also rules out the concern that

connectivity causes strong exporters to regress toward weaker locations.40

Together with the within-firm cross-destination evidence from Table 2, these results point to a

destination-specific component of the information channel: improved connectivity appears to help

firms learn about which foreign markets to enter and how to serve them, with the adjustment

concentrated among initially weaker firms rather than reflecting broad co-movement.
40We also examine convergence in product composition (HS-8 products). These results, available upon request,

are positive and significant, but the heterogeneity patterns are less sharp. We therefore focus the discussion on
destination convergence.
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Table 6: Convergence in Export Destinations: Baseline and Heterogeneity by Firm-City Type
(1) (2) (3)

Dep. variables Dot Product Cosine Covariance

Panel A. Baseline Convergence
I(HSR) 0.393*** 2.303*** 0.530***

(0.041) (0.295) (0.036)

Observations 9,048,059 9,048,059 9,048,059
R-squared 0.008 0.008 0.003

Panel B. Heterogeneity by Firm–City Type
I(HSR)× I(Low-firm to High-city) 1.706*** 17.183*** 0.738***

(0.061) (1.348) (0.071)
I(HSR)× I(High-firm to Low-city) 0.221*** -0.742* 0.293***

(0.060) (0.445) (0.053)
I(HSR)× I(Same Level) 0.277*** 2.683*** 0.474***

(0.055) (0.357) (0.049)

Observations 9,048,059 9,048,059 9,048,059
R-squared 0.009 0.009 0.004

This table reports pairwise evidence on convergence in firms’ destination-country export distributions following
HSR connection. Similarity is measured using three complementary metrics—dot product, cosine similarity, and
covariance—applied to changes in destination-level export distributions. Panel A reports the baseline specification,
where the key regressor is I(HSR). Panel B reports heterogeneity by firm-city type, distinguishing low-performing
firms connected to high-performing cities, high-performing firms connected to low-performing cities, and pairs with
similar performance levels. Outcomes are normalized relative to the sample mean, so coefficients are multiples of the
average pairwise similarity across firm-city pairs rather than raw similarity units. Appendix C.8 provides details on
measure construction and regression specifications as well as robustness checks. Robust standard errors, clustered at
the origin-destination city-pair level, are reported in parentheses: *** p < 0.01, ** p < 0.05, * p < 0.1.

5.3.3 Input-Related Information

The preceding results point most clearly to destination-related information. However, improved

connectivity may also reduce frictions on the input side, especially by helping firms identify spe-

cialized suppliers (Bernard et al., 2019). If so, firms gaining HSR connections to supplier-rich cities

should see improved export outcomes even after controlling for same-sector exporter connectivity.

We therefore examine whether the data also point to a role for this input-related channel.

To capture this channel, we use the same IO-based and PDS-based weights introduced in Section

5.1.2, but here we combine them with HSR links to construct measures of HSR-enhanced supplier

access. Specifically, we define:

xSupplier
cst =

∑
s′

ϕ
s(z)
s′

∑
c′ ̸=c

Qs′t0(c
′)I(HSRc(z)c′t),
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where ϕss′ is the input share from supplier sector s′ used by firm z’s sector s and Qs′t0(c
′) is total

pre-treatment production output in sector s′ in city c′. The measure increases when HSR links a

firm’s city to supplier-rich locations. As an alternative, we construct a PDS-based version, which

identifies potential suppliers as firms exporting the same HS6 products a given firm imports, thereby

capturing firm-specific input structures.

Table 7 presents the results. The IO-based measures in Columns 1 and 2 yield limited effects,

likely because sector-level input shares are too coarse to capture firm-specific supplier relationships.

The PDS-based measures in Columns 3 and 4, which identify potential suppliers at the product level,

are positive and statistically significant: HSR connectivity to supplier-intensive cities is associated

with higher export revenue and broader destination scope. Additionally, the baseline connectivity

measure remains large and statistically significant when the supplier variable is included, suggesting

that while supplier access contributes to the observed export gains, it does not fully account for

them.

Table 7: Access to Material Inputs
(1) (2) (3) (4)

IO-Based Weights PDS-Based Weights

Dep. variables rxzt Nx
zt rxzt Nx

zt

xcst 0.044*** 0.188*** 0.051*** 0.294***
(0.009) (0.040) (0.010) (0.048)

xSupplier
cst (IO) -0.013 0.053

(0.015) (0.081)
xSupplier
cst (PDS) 0.022*** 0.080**

(0.007) (0.036)

Observations 2,018,687 2,018,687 1,367,003 1,367,003
R-squared 0.737 0.805 0.741 0.822

All columns follow the specification in Equation (4) with firm fixed effects,
city-by-year effects, and sector-by-year effects, while xcst is defined in (3).
The dependent variable is export revenue (log) in Columns 1 and 3, and
the number of export destinations in Columns 2 and 4. Robust standard
errors, clustered at the city level, are reported in parentheses. *** p<0.01,
** p<0.05, * p<0.1.
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5.3.4 Buyer-Related Information

Another possible source of export-relevant knowledge is greater exposure to foreign buyers

and intermediaries. Although our baseline connectivity measure is based on links to same-sector

exporters in other cities, those links may also improve firms’ access to locations where buyers and

trading firms are concentrated. We therefore test whether the effects of connectivity are stronger

for links to trade-fair cities or to trading firms.

We begin with trade fairs, which provide venues for firms to meet buyers, showcase products,

and gather information about demand.41 To assess this channel, we decompose the baseline con-

nectivity measure into connections to cities that host trade fairs and connections to all other cities.

Columns 1 and 2 of Table A.3 show that excluding trade-fair cities leaves the baseline coefficients

essentially unchanged. Connections to fair-hosting cities have imprecisely estimated effects, while

the extensive-margin response is driven primarily by connections to non-fair-hosting cities. These

patterns suggest that buyer exposure through fairs may contribute, but it does not appear to be a

primary driver of the export gains.

We next consider domestic trading firms, which often serve as intermediaries for Chinese pro-

ducers (Ahn et al., 2011). If HSR mainly improved firms’ access to buyers through intermediaries,

we would expect stronger gains from links to trading firms. Instead, Columns 3 and 4 of Table A.3

show that the gains are concentrated in links to regular exporters rather than trading firms. This

result suggests that the observed export gains are unlikely to be driven by buyer-side intermediation

alone.42

5.4 Summary and Discussion

Taken together, the evidence presented in this section points consistently toward an information-

based mechanism. Firms facing greater information barriers respond more strongly to improved

connectivity; connected firms upgrade product quality and reallocate toward higher-quality desti-

nations; and initially weaker firms’ export destinations converge toward those of stronger newly
41We collected data on trade fairs in China by web-scraping from onezh.com, a website that provides an almost

complete listing of such events. For each fair, we recorded the industry classification and its location.
42A related question is whether HSR facilitates a shift from indirect exporting (via trading firms, where the

transaction appears as a domestic sale) to direct exporting. We cannot test this directly because we do not observe
whether a given domestic sale is destined for a trading firm that subsequently re-exports it. The large but imprecise
negative coefficient on exposure to trading firms (Columns 3 and 4 of Table A.3) is consistent with such reallocation,
but it is not statistically distinguishable from zero. Even if this channel contributes, it is itself plausibly driven
by improved information: firms that learn enough about destination-specific standards, buyers, or logistics may no
longer need an intermediary.
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connected peers, while stronger firms show little adjustment. These patterns are difficult to recon-

cile with broad cost reductions, lower freight costs, or labor market pooling. They are, however,

consistent with firms acquiring knowledge about foreign demand, quality standards, and how to

serve specific markets. We also find a complementary role for input-related information: connec-

tivity to supplier-intensive cities is associated with higher exports through product-level linkages,

suggesting that access to specialized suppliers contributes to the export gains as well.43

The timing of the response provides additional perspective. The event study in Figure 2 shows

that the difference in export performance between high- and low-exposure sectors emerges in the

first year after a city’s HSR station opens and remains stable through the post-treatment horizon,

with no evidence of further divergence. This pattern resembles a level shift rather than gradual

accumulation. Unlike physical capital, which requires sustained investment, a piece of market

intelligence—the identity of a foreign buyer, a compliance requirement, a supplier meeting export-

grade specifications—can be acquired in a single trip and applied immediately. The extensive-

margin results are also consistent with this reading: firms near the threshold for entering a new

destination or product line may need only a modest reduction in information costs to cross it.

We note that these results do not pin down the exact form of information transmission. The

knowledge flows documented here may operate through unpriced externalities such as informal

peer exchange, through market-mediated interactions such as hiring trade consultants or attending

trade fairs, or through a combination of the two. This distinction matters for policy. If the

flows are primarily market-mediated, the case for subsidizing passenger infrastructure rests on

whether the travel-cost reduction itself is welfare-improving, not on an externality rationale. If they

involve unpriced spillovers, the case for intervention is stronger but requires different instruments.

Our results indicate that passenger connectivity reduces information frictions with measurable

consequences for exports, but they do not by themselves identify which sub-channel dominates,

and policy conclusions should be drawn accordingly. We view this as a productive direction for

future research.

6 Conclusion

Breaking into foreign markets requires firms to acquire information about foreign demand, stan-

dards, and distribution channels. One way to overcome these frictions is to learn from established
43Information frictions may additionally affect firms’ access to capital (e.g., Campante and Yanagizawa-Drott,

2017). Our data do not include firm-level credit measures, and we therefore cannot assess this channel directly.
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exporters in other cities that have already developed such capabilities.

Using a comprehensive dataset of Chinese exporters, we provide causal evidence that improved

passenger connectivity among exporter cities raises firm-level export performance. Leveraging the

planning and staggered rollout of China’s HSR network, we obtain plausibly exogenous variation in

connectivity between exporter cities. Our triple-difference estimates show that improved domestic

connectivity raises export revenue, with the effect robust across specifications and samples. The

gains extend along both the intensive and the extensive margins, including the number of destination

countries served and the range of product categories exported.

The pattern of results is most consistent with a reduction in information frictions rather than

lower goods-shipping costs or broad production-cost shocks. The gains are specific to exports,

while domestic sales and shipping costs are unaffected. We find limited evidence that labor market

pooling is the primary driver, though the stronger effects in skill-intensive sectors are consistent

with either improved access to skilled workers or greater information frictions in those sectors.

Firms facing greater informational barriers benefit more from improved connectivity; connected

firms upgrade product quality; and initially weaker firms’ export destinations converge toward

those of stronger newly connected peers. Together with the within-firm cross-destination results,

these patterns point most clearly to improved access to information about export markets, with

supplier-related information playing a complementary role.

Together, these findings suggest that passenger transport infrastructure can reduce informa-

tional barriers to trade by making export-relevant knowledge easier to acquire, with measurable

effects on both the level and composition of exports. This conclusion holds whether the underlying

knowledge flows operate through unpriced externalities or market-mediated channels. In that sense,

transport infrastructure can facilitate trade not only by moving goods more efficiently, but also by

enabling the movement of people and knowledge across space.
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A Additional Figures and Tables

Figure A.1: Spatial Distribution of Changes in Exporters’ Domestic Connectivity

Notes: This figure plots HSR-driven improvement in exporter’s domestic connectivity across cities in China, defined
in (3) and normalized by the standard deviation of their respective change from 2007 to 2013 across firms. We
calculate the increase in the measure of exporter connectivity from 2007 to 2013 across firms and take the average at
city level.
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Figure A.2: Spatial Distribution of Export Revenue Share

(a) Electrical equipment, 22.5% (b) Machinery, 18.1%

(c) Apparel (not knitted), 4.9% (d) Apparel (knitted), 4.7%

(e) Iron steel articles, 2.6% (f) Vehicles, 2.2%

This figure shows that there were rich variations in the spatial concentration of export activities across the major
export sectors in China before rollout of the HSR network. We aggregate export revenue from 2000 to 2007 by HS
2-digit sector and city. We display the spatial distribution of export revenue share for the top six export sectors in
China during this period.
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Table A.1: The Number of Sectors and Prefectures with Exports
Year Num. of Prefecture-Sectors Num. of Prefectures Num. of Sectors

2000 13984 302 97
2001 14234 304 97
2002 14744 306 97
2003 15384 306 97
2004 15974 311 97
2005 16346 311 97
2006 16687 313 97
2007 16719 313 97
2008 16695 313 97
2009 17239 313 97
2010 17542 313 97
2011 17474 313 97
2012 18741 313 97
2013 19621 313 97

This table reports the number of prefectures, sectors at the HS 2-digit level, and prefecture-
sector pairs with positive exports for each year.

Table A.2: Robustness Checks on Parallel Trend Assumption
Placebo Test Drop Largest Sector

(1) (2) (3) (4)
Dep. variables ∆t−1 r

x
s ∆t−1N

x rxzt Nx
zt

∆txcs 0.002 0.011
(0.009) (0.043)

xcst 0.048*** 0.182***
(0.008) (0.040)

Observations 209,411 209,411 1,740,255 1,740,255
R-squared 0.058 0.050 0.734 0.802

Columns 1–2 present a placebo test assessing whether confounding city–sector trends generate spurious correlations.
We regress pre-HSR changes in export outcomes on future connectivity changes, following Equation (8). The two
most recent years prior to HSR opening are used to measure pre-opening trends. Columns 3–4 report a robustness
check in which firms in the largest sector within each city are excluded. In Columns 3–4, the independent variable
is defined in (3). Controls include city and sector fixed effects in Columns 1–2, and firm fixed effects, city-by-year
effects, and sector-by-year effects in Columns 3–4. Robust standard errors, clustered at the city level, are reported
in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.
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Table A.3: Connecting to Potential International Buyers and Domestic Trading Firms
(1) (2) (3) (4)

Dep. variables rxzt Nx
zt rxzt Nx

zt

xNo trade fair
cst 0.052*** 0.309***

(0.020) (0.059)
xTrade fair
cst 0.028 0.040

(0.028) (0.077)
xRegular exporters
cst 0.057*** 0.236***

(0.013) (0.070)
xTrading firms
cst -0.185 -0.343

(0.137) (0.825)

Observations 2,032,156 2,032,156 2,032,156 2,032,156
R-squared 0.738 0.805 0.738 0.805

This table decomposes the baseline connectivity measure along two dimen-
sions. Columns 1 and 2 distinguish connections to cities that host trade fairs
from connections to all other cities. Columns 3 and 4 distinguish connections
to regular exporters from connections to domestic trading firms. All columns
follow the specification in Equation (4), controlling for firm fixed effects, city-
by-year effects, and sector-by-year effects. Robust standard errors, clustered
at the city level, are reported in parentheses. *** p < 0.01, ** p < 0.05, *
p < 0.1.
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B Theoretical Appendix

In Appendix B, we provide details of the model and derivations of theoretical results presented in

Section 2.

B.1 Additional Results for Stylized Model

B.1.1 Model Details

Preferences Recall that we consider an open economy with two countries, Home (China) and For-

eign (rest of the world). In the home country, consumers have identical Cobb-Douglas preferences—

that is, given income, a representative consumer decides how to allocate consumption over local

final goods from all sectors, indexed by s ∈ {1, . . . , S}, with a Cobb-Douglas aggregator:

U =

S∏
s=1

Qαs
s , (B.1)

where αs > 0 is the expenditure share for each sector s, with
∑S

s=1 αs = 1. Within each sector,

differentiated varieties are aggregated in a CES manner,

Qs =

(∑
z∈Zs

q(z)
σ−1
σ

) σ
σ−1

, (B.2)

where Zs is the set of available varieties within sector s in the country, and σ > 1 is the elasticity

of substitution across varieties. The corresponding sectoral price index in each country (k = d, x)

is given by

P k
s =

∑
z∈Zk

s

pks(z)
1−σ

 1
1−σ

,

where Zk
s is the set of firms selling in country k and pks(z) denotes the corresponding price.

Firm Revenues For derivations below, it is useful to define the inverse of the marginal cost

term, i.e., φz = 1/cz. One can interpret φz as firm’s baseline productivity. Given our assumptions

on consumer preferences and market structure, the price is a constant markup over marginal cost.

A firm with marginal cost cz or 1/φz in the domestic market charges

pds(z) =
σ

σ − 1
cz =

σ

σ − 1

1

φz
.
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To access the foreign markets, firms are subject to the standard fixed cost of export fxz and a

bilateral iceberg trade cost τs, as well as export capacity φx
z . Therefore, the export price for firm

z is given by

pxs (z) =
σ

σ − 1

τs
φzφx

z

. (B.3)

From here, we can derive the firm revenue in the domestic market:

Rd
s(z) = Ed

s

(
pds(z)

P d
s

)1−σ

=

(
σ

σ − 1

)1−σ

Ed
s

(
P d
s

)σ−1
(

1

φz

)1−σ

, (B.4)

where Ed
s and P d

s are the expenditure and price index in sector s within the domestic market.

Similarly, we obtain the export revenue in the foreign market:

Rx
s (z) = Ex

s

(
pxs (z)

P x
s

)1−σ

=

(
σ

σ − 1

)1−σ

Ex
s (P

x
s )

σ−1

(
τs

φzφx
z

)1−σ

, (B.5)

where Ex
s and P x

s are the foreign expenditure and price index in sector s. Taking natural log of the

equation above, we obtain (1).

Productivity Cutoffs The entry costs—f e to draw from the production cost distribution and

fxz to export, which becomes sunk once the firms receives export-specific capacity draws—and

the revenue conditions in (B.4) and (B.5) give us the cutoff conditions for participating in the

domestic and the export markets, as in Melitz (2003). In particular, the first cutoff defines the

least productive firm that is active, which is the firm selling in the domestic market only and exactly

offsetting the fixed costs of production with its operating profits: πd =
Rd

s(φ
d
s
)

σ − fd = 0, where fd

is the fixed cost to enter domestic market and φd
s

is the first cutoff. Firms with production cost

higher than 1/φd
s

exit the market.

The second cutoff also depends on the firm’s export-specific productivity φx
z and is given by:

πxs (z;φ
x
z ) = κEx

s

(P x
s φz φ

x
z

τs

)σ−1
− fxs ,

where we assume further that the fixed cost of exporting is common across firms in the same

sector, i.e., fxz = fxs , ∀z ∈ Zs. The marginal exporting firm is just indifferent between exporting

to a foreign market and not. Thus, the lowest export-specific productivity, φx
z
, required in sector s

46



to export for a given value of φz is pinned down by the following equation:

κEx
sP

xσ−1
s τ1−σ

s

[
φzφ

x
z

]σ−1
− fxs = 0, (B.6)

where κ = 1
σ

(
σ

σ−1

)1−σ
.

Aggregation From (B.6), the share of firms with production draw φz that export to the foreign

country is

zs(φz) =
∞∑

y=φx(φz)

p(y),

where p(·) is the probability mass function (pmf) of firm export-specific productivity and φx(φz) is

the export-capacity cutoff defined by (B.6) for a firm with production draw φz. Further, aggregating

over firms’ raw production cost draws, the total share of firms that export is

Zs(as) =
∞∑

j=as

gφs (j)zs(j), (B.7)

where gφs (·) is the empirical pmf of φz and as is the lowest production draw among active firms in

sector s; the inner export-capacity cutoff φx(j) is the solution of (B.6) evaluated at φz = j and

therefore varies across the outer sum.

B.1.2 Derivation of Predictions

Proof. We study how improved domestic connectivity can induce changes in various firm-level

outcomes, through a positive shock to φx
z , i.e., export-specific capacity, a negative shock to fxz , the

fixed cost of export, or to cz, i.e., the firm’s marginal production cost. For the discussion, it is

useful to define an additional variable µ that denotes the extent of domestic connectivity.

Prediction 1 (Intensive margin on conditional export revenue) Consider an exogenous shock to

µ:

∂rxs (z;µ)

∂µ
= (1− σ)

c′z(µ)

cz(µ)
+ (σ − 1)

φx ′
z (µ)

φx
z (µ)

.

If domestic connectivity µ raises φx
z or lowers cz (i.e., φx ′

z (µ) > 0 or c′z(µ) < 0), the derivative

is positive. Hence, conditional on exporting, export revenue increases with domestic connectivity
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through the variable-cost and export capacity channels (cz and φx
z ). The fixed export cost fxz does

not enter (1) and shifts the participation cutoff rather than conditional sales.

Prediction 2 (Extensive margin) From (2), the cutoff condition πxs (z;µ) = 0 implies:

κEx
s

(P x
s φ

x
z (µ)

cz(µ) τs

)σ−1
= fxz (µ).

Totally differentiating,

(1− σ)
dcz(µ)

cz
+ (σ − 1)

dφx
z (µ)

φx
z

=
dfxz (µ)

fxz

As µ goes up, more firms satisfy the cut-off condition if improved connectivity increases φx
z

(dφx
z (µ) > 0), or decreases fxz (dfxz (µ) < 0) or cz (dcz(µ) < 0).

Turning to multiple export destinations, (B.12) is the cutoff condition for each export destina-

tion. Let N be the set of potential destinations. Define

D(czn;µ) =
∑
n∈N

Pr
[
czn ≤ c∗zn(µ)

]
=
∑
n∈N

G(c∗zn(µ));

D(φx
zn;µ) =

∑
n∈N

Pr
[
φx
zn ≥ φx∗

zn(µ)
]
=
∑
n∈N

[
1−G(φx∗

zn(µ))
]
;

D(fxzn;µ) =
∑
n∈N

Pr
[
fxzn ≤ fx∗zn(µ)

]
=
∑
n∈N

G(fx∗zn(µ)).

If improved connectivity increases φx
zn, or decreases fxzn or czn, then the number of export

destinations would increase. More formally, differentiating with respect to µ:

dD(czn;µ)

dµ
=
∑
n∈N

g
(
c∗zn
) dc∗zn
dµ

> 0,

dD(φx
zn;µ)

dµ
= −

∑
n∈N

g
(
φx∗
zn

) dφx∗
zn

dµ
> 0,

dD(fxzn;µ)

dµ
=
∑
n∈N

g
(
fx∗zn
) dfx∗zn
dµ

> 0,

since g(c∗zn) > 0, g(φx∗
zn) > 0, g(fx∗zn) > 0 and dc∗zn/dµ > 0, dφx∗

zn/dµ < 0, dfx∗zn/dµ > 0. Thus an

increase in µ raises the number of export destinations.

Domestic margin: From (B.4), logRd
s(z) does not depend on φx

z or fxz . Domestic revenue will

only increase if µ affects φz (i.e., cz). In other words, if µ is an export specific shock, domestic sales
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are invariant to the shock, i.e.,
∂ logRd

s(z)

∂µ
= 0.

B.2 Model Extensions

In this subsection, we extend the baseline model in Section 2 to allow firms to export to multiple

destinations and supply multiple products.

B.2.1 Exporting to Multiple Destinations

We now augment the baseline model to distinguish between different export destinations. In-

stead of aggregating all foreign markets into one location, we now consider an open economy with N

countries, indexed by n ∈ N . While the results pertaining to the domestic market stay unchanged,

the export price in market n for firm z with base productivity φz and export-specific capacity φx
zn,

which can potentially vary across destinations, is given by

psn(z) =
σ

σ − 1

τsn
φzφx

zn

. (B.8)

The export revenue in foreign market n is:

Rx
sn(z) =

(
σ

σ − 1

)1−σ

EsnP
σ−1
sn

(
τsn

φzφx
zn

)1−σ

, (B.9)

where Esn and Psn are the expenditure and price index in sector s in n. Taking logs, we obtain for

rxzn ≡ log(Rx
sn(z)):

rxzn = const+ logEsn + (σ − 1) logPsn − (σ − 1) log τsn + (σ − 1) logφz + (σ − 1) logφx
zn.

The equation above provides a useful context to study within-firm, across destination variation.

If the HSR connection induces export capacity to certain destinations more within a firm, we can

investigate its impact on export revenue using the following specification:

rxznt = αzt + αsnt + β xznt + ιsnzt. (B.10)

49



Taking the long difference of this equation between 2007 and 2013 yields a firm fixed effect and

a sector-by-destination fixed effect, the specification estimated in Section 4.2.2 (Equation (7)).

This analysis also verifies that domestic connectivity affects export-specific outcomes beyond a

uniform firm-level improvement. Summing revenues across destinations recovers total firm exports.

Define the sector-destination market-access term Msn ≡ EsnP
σ−1
sn τ1−σ

sn , the sector aggregator Φs ≡∑
nMsn, and the composite export capacity

(φ̄x
s (z))

σ−1 ≡
∑
n∈Nz

Msn

Φs
(φx

zn)
σ−1 ,

where Nz ⊆ N is the set of destinations firm z serves. Total log export revenue is then const +

logΦs + (σ − 1) logφz + (σ − 1) log φ̄x
s (z), which takes the same form as (1) with Φs absorbed by

sector-time fixed effects, so the main specification remains consistent with the extended model.

We can also extend the extensive analysis. The destination-specific profit function becomes:

πxsn(z) = κEsnP
σ−1
sn τ1−σ

sn [φzφ
x
zn]

σ−1 − fxsn. (B.11)

The lowest export-specific productivity, φx
zn

, required in sector s to export to destination n for a

given value of φz is pinned down by the following equation:

κEsnP
σ−1
sn τ1−σ

sn

[
φzφ

x
zn

]σ−1
= fxsn. (B.12)

B.2.2 Multi-Product Firms

We now further extend the model to allow firms to supply multiple products. Following Bernard

et al. (2011), we assume that in addition to productivity φ and export-specific capacity φx, there

is an additional component of product characteristics, which is captured by χ. Accordingly, once

the sunk entry cost has been incurred, firm z also observes its product attribute for product k,

χz,k, which is drawn from a continuous distribution with CDF G(χ). We assume further that the

production cost, export capacity, and product attribute distributions are independent across firms

and of one another, and that product attribute distributions are independent across products.

Upon observing φz, φx
zn and χz,k, the firm decides whether to enter and what products and

countries to supply. In addition to the market-specific fixed cost of exporting, firms also face fixed

costs of supplying each product to a foreign country—i.e. fxnk. As more products are supplied to a
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market, total fixed costs rise but average fixed costs fall.

Since the demand structure stays the same, we can easily derive the equilibrium revenue received

by a firm in its home country exporting a product to country n:

Rx
sn(z, k) =

(
σ

σ − 1

)1−σ

EsnP
σ−1
sn

(
τksn

φzφx
znχz,k

)1−σ

, (B.13)

which closely resembles the export revenue equation (B.9), except for the new term χz,k.

We now turn to the extensive margin. Since firms need to pay for a fixed cost for each product

they export, there is a productivity cutoff for each product-destination given by

κEsnP
σ−1
sn

(
τksn

)1−σ [
φzφ

x
znk

χz,k

]σ−1
= fxnk. (B.14)

B.3 Microfounding Information Frictions Reduction

In this section, we extend our baseline model in the simplest way possible to introduce infor-

mation frictions in accessing export markets in a more explicit manner. The objective is to provide

one microfoundation for how improved domestic connectivity can affect firm export outcomes and

also to motivate our constructed empirical measure of domestic connectivity.

Two-stage information gathering process Recall that in contrast to the standard Melitz

model, we explicitly incorporate information barriers to enter the export market. Assume fur-

ther that to overcome these frictions, firms need to acquire export-specific knowledge, which is

endogenously determined through a two-step process, inspired by Buera and Oberfield (2020).

At the beginning of each period, every firm z receives an independently distributed export-

specific insight ωz. These insights can include, but may not be restricted to, knowledge about

demand in the destination market, distribution channels, and marketing strategies. Firms invest

to build their information collection capacity, denoted as λz, which increases firms’ insight draws

on average. To improve λz, a firm of sector s incurs a unit cost of ψs. A greater value of ψs implies

that the costs a firm incurs in collecting export related information on its own are higher.

In the second step, firms’ self-collected insights are diffused as a process that involves interactions

among all exporters of the same sector or selling to the same destination in the country.44 An

exporter z can choose to adopt another exporter’s insight, ωz′ , from all z′ ∈ Zs\z, subject to a
44Implicitly, we are assuming that knowledge flows across sectors (across destinations) are of second-order impor-

tance relative to flows within sectors (destinations).
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discount of f(dzz′) < 1, ∀z ̸= z′, where f(dzz′) captures the geographic frictions that discount the

quality of interactions. Specifically, dzz′ , with f ′(·) < 0, is the bilateral effective distance between

firms z and z′ and is determined by both the geographic distance and the connectivity between

the two locations. This reflects the idea that better integrated regions facilitate acquisition of

knowledge remotely. At the end of the period, given the vector of insights, exporters adopt one

insight to maximize the profit:

φx
s (z) = max{ωz, max

z′∈Zs\z
{ωzz′}} = max{ωz, max

z′∈Zs\z
{f(dzz′)ωz′}}. (B.15)

Timing within each period is as follows: First, potential exporters pay a sunk cost to discover

their production cost cz (or base productivity φz). Based on expected returns, they decide whether

to enter domestic and export markets and pay the corresponding fixed entry costs. After entry,

firms pay ψs and choose their information collection capacity λz and draw their own export-specific

insight ωz. They may also adopt insights from other exporters in the same sector or selling to the

same destination, discounted by the effective distance dzz′ . Finally, production and export sales

occur based on the best available export-specific insight φx
s (z).

Parametric Assumption and Export Outcomes To build intuition and derive analytical

results, we assume that all insight draws follow a Fréchet distribution with a cumulative distribution

function (CDF) given by F (ω) = e−λzω−θ
, where θ > σ − 1 is the dispersion parameter and the

scale parameter λz > 0 is the endogenously determined investment in insight collection capacity.

The restriction θ > σ − 1 guarantees a finite price index and finite expected export revenue.

Since multivariate Fréchet draws with the same dispersion parameter are max-stable, φx
s (z) in

(B.15) also follows a Fréchet distribution with dispersion parameter θ and scale parameter given

by λ̃s(z) ≡ λz +
∑

z′∈Zs\z λz′ [f(dzz′)]
θ .

Firms in the export market acquire export-specific insights φx
s (z), which are drawn randomly

from the endogenously determined distribution described earlier. Given φx
s (z), export revenue from

destination n is:

Rx
sn(z) =

(
σ

σ − 1

)1−σ

EsnP
σ−1
sn

(
τsn

φzφx
s (z)

)1−σ

.

Summing up across all export destinations, we obtain the following equation for the total export

revenue:

Rx
s (z) =

(
σ

σ − 1

)1−σ
(∑

n∈Nz

EsnP
σ−1
sn τ1−σ

sn

)
[φzφ

x
s (z)]

σ−1 , (B.16)
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where Nz is the set of export markets that firm z engages in and Esn and Psn are, respectively, the

sectoral aggregate expenditure and price index in export market n. Given the Fréchet assumption

of the export-specific insight draws, the expected value of export revenue is given by

E(Rx
s (z)) = κ1

(∑
n∈Nz

EsnP
σ−1
sn τ1−σ

sn

)[
φz

(
λ̃s(z)

) 1
θ

]σ−1

, (B.17)

where κ1 =
(

σ
σ−1

)1−σ
Γ
(
1− σ−1

θ

)
and Γ(·) is the gamma function, finite because θ > σ − 1.

Recall that potential exporters pay a unit cost of ψs to improve their insight collection capacity

λz. Given the CES preferences and the Fréchet assumption, the total expected export profit is

E(πxs (z)) = κ2

(∑
n∈Nz

EsnP
σ−1
sn τ1−σ

sn

)[
φz

(
λ̃s(z)

) 1
θ

]σ−1

− ψsλz −
∑
n∈Nz

fxn , (B.18)

where κ2 = 1
σ

(
σ

σ−1

)1−σ
Γ
(
1− σ−1

θ

)
and Nz is the set of countries z exports to. We therefore have

λ∗s(z) ≡ argmaxλz E(π
x
s (z)) pinned down by the first-order condition of the expected export profit

of a firm with respect to λz, the firm’s investment in own export information collection capacity.

In particular, we have the following results.

Lemma 3. λ∗s(z) is an increasing function of φ(z) and a decreasing function of ψs, i.e.,

∂λ∗s(z)

∂φ(z)
> 0,

∂λ∗s(z)

∂ψs
< 0.

Proof. λ∗s(z) ≡ argmaxλz E(π
x
s (z)) is pinned down by the first-order condition of the expected

export profit of a firm with respect to λz:

h(λ∗z) = κ2
σ − 1

θ

(∑
n∈Nz

EsnP
σ−1
sn τ1−σ

sn

)
φσ−1
z

λ∗z + ∑
z′∈Zs\z

λz′ [f(dzz′)]
θ

σ−1
θ

−1

− ψs = 0.

Applying implicit function theorem, we obtain

∂λ∗z
∂φz

= −∂h(λ
∗
z)

∂φz
/
∂h(λ∗z)

∂λ∗z
> 0;

and
∂λ∗z
∂ψs

= −∂h(λ
∗
z)

∂ψs
/
∂h(λ∗z)

∂λ∗z
< 0.
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There is complementarity between a firm’s own production cost and the export-specific produc-

tivity. Therefore, the marginal benefits of investing to build up knowledge collection capacity λz

are greater for more productive firms. These firms will therefore invest more in their own capacity

in acquiring export-specific information. On the other hand, certain firm types would incur greater

costs of building their own information collection capacity. Firms of these types would invest less in

their own capacity in knowledge acquisition due to the higher marginal costs. In equilibrium, firms

with greater φ and lower ψs tend to receive a greater knowledge draw φx
z on average, and thereby

rely more on self-collected information rather than knowledge sharing with other exporters.

Finally, firms will enter the export market if the expected profit in (B.18) is non-negative.

Given our assumptions on consumer preferences and market structure, as well as production and

export costs, we can show that firms sort not only according to their production cost, as is in

Melitz (2003), but also according to λ̃s(z), the parameter that captures the extent of geographic

integration among exporters. Formally, the productivity cutoff is given by

φsn(λ̃s(z)) =
τsn

Psn

(
λ̃s(z)

) 1
θ

[
fxn

κ2Esn

] 1
σ−1

, (B.19)

where φsn(λ̃s(z)) is the productivity cutoff in sector s to export to country n for a given value of

λ̃s(z); firms whose productivity exceeds this cutoff—equivalently, whose production cost lies below

its reciprocal—export to n.

Relative to the results yielded by the standard Melitz model, our framework highlights the role

of geographic integration in a firm’s export decisions. This is reflected in (B.17) and (B.19), in

which both the intensive and extensive margins of export are a function of geographic integration—

i.e., λ̃s(z), a decreasing function of firm’s effective distance with other exporters dzz′ . We formalize

this result in the following proposition.

Proposition 4. In response to an exogenous reduction in dzz′, all else equal, (i) firms already

exporting increase their volume of export on average; and (ii) the share of exporting firms, denoted

by Zsn, increases. Formally, we have

∂ E(Rx
s (z))

∂dzz′
< 0;

∂Zsn

∂dzz′
< 0.
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Proof. Differentiating (B.17) with respect to dzz′ , we obtain

∂ E(Rx
s (z))

∂dzz′
=
∂ E(Rx

s (z))

∂f(dzz′)

∂f(dzz′)

∂dzz′
< 0.

This comparative static holds each firm’s own information investment λ∗z fixed with respect to dzz′ ,

isolating the diffusion channel that operates through the effective distance; Proposition 5 likewise

holds λ∗z fixed with respect to dzz′ , while using how λ∗z varies across firms with φz and ψs (Lemma

3).

A reduction in dzz′ raises λ̃s(z) and hence lowers the productivity cutoff φsn(λ̃s(z)) in (B.19);

equivalently, in (B.7) it lowers the inner export-capacity cutoff φx(j) for every j. Since the share

of exporters falls as either cutoff rises, ∂Zsn/∂dzz′ < 0.

Furthermore, not all exporters benefit equally from reduced geographic frictions. In the model,

this reflects differences in firms’ optimal information capacity, λs(z). More productive firms and

those in sectors with lower information costs invest more in self-acquired knowledge and rely less

on external spillovers—analogous to the EK insight that more productive locations tend to source

from themselves (Eaton and Kortum, 2002). As a result, these firms gain less from reductions in

dzz′ . This leads to the following result:

Proposition 5. In response to an exogenous reduction in dzz′, holding each firm’s own information

investment λ∗z fixed, (i) within a sector, less productive exporters will increase their export revenue

proportionally more; (ii) across sectors, exporters in sectors with greater ψs will increase their

export revenue proportionally more. Formally, we have

∂2 lnE(Rx
s (z))

∂dzz′∂φz
> 0;

∂2 lnE(Rx
s (z))

∂dzz′∂ψs
< 0.

Proof. From (B.17), lnE(Rx
s (z)) = const + (σ − 1) lnφz + σ−1

θ ln λ̃s(z), where λ̃s(z) = λ∗z +∑
z′′ ̸=z λz′′ [f(dzz′′)]

θ. Holding λ∗z fixed with respect to dzz′ ,

∂ lnE(Rx
s (z))

∂dzz′
=
σ − 1

θ

1

λ̃s(z)

∂λ̃s(z)

∂dzz′
< 0,

since ∂λ̃s(z)/∂dzz′ = θλz′ [f(dzz′)]
θ−1f ′(dzz′) < 0. In logs, taking other firms’ capacities λz′′ as
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given, φz and ψs affect this derivative only through λ∗z, so

∂2 lnE(Rx
s (z))

∂dzz′∂φz
= −σ − 1

θ

∂λ̃s(z)

∂dzz′

1

λ̃s(z)2
∂λ∗z
∂φz

> 0,
∂2 lnE(Rx

s (z))

∂dzz′∂ψs
= −σ − 1

θ

∂λ̃s(z)

∂dzz′

1

λ̃s(z)2
∂λ∗z
∂ψs

< 0,

using ∂λ∗z/∂φz > 0 and ∂λ∗z/∂ψs < 0 from Lemma 3.

Propositions 4 and 5 provide testable predictions in the setting of transportation infrastruc-

ture improvement. First, improvement in infrastructure reduces geographic frictions and hence

strengthens the integration of firms in locations that receive the new infrastructure. In particular,

conditional on exporting, a firm would increase its export revenue. Firms would also increase their

export activities along the extensive margin by entering into more export markets. Moreover, firms

may be differentially sensitive to the reduction in dzz′ . The heterogeneity is determined by firm’s

own production cost and information acquisition costs. These predictions align closely with our

empirical findings in Sections 3 through 5.

Empirical measure for domestic connectivity Our empirical measure for exporters’ domestic

connectivity

xcst ≡
∑
c′ ̸=c

 ∑
z′∈Zst0 (c

′)

Rx
st0(z

′)

× I(HSRcc′t)

can be motivated by the model-based expression

λ̃s(z) ≡
∑
z′∈Zs

λz′ [f(dzz′)]
θ ,

which captures the information capacity a firm receives from other exporters in the same sector. In

the empirical counterpart, we proxy λz′—the insight capacity of firm z′—using its export revenue,

based on the model’s prediction that firms choosing greater information capacity tend to achieve

higher export revenues on average.45 The HSR indicator I(HSRcc′t) captures the presence of a rail

link between cities c and c′ in year t, serving as a discrete proxy for geographic frictions f(dzz′) in

the model.

45More precisely, the expected export revenue depends on both the firm’s exogenously given productivity φz and
the endogenously determined insight collection capacity λz. However, as we show in Lemma 3, λz is an increasing
function of φz, which implies a direct positive association between a firm’s expected export revenue and its insight
capacity.
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C Empirical Appendix

C.1 HSR Background

The idea of building HSR can be traced back to 1978, when Deng Xiaoping visited Japan

and was deeply impressed by Japan’s high-speed rail, Shinkansen. The planning proposal was

completed in 1990 and a feasibility study was conducted in 1994. The attitude toward building

an HSR network in China was ambivalent at the time, as there were doubts about whether this

very costly infrastructure would generate enough benefits to justify the upfront investment. The

economic boom during the 2000s rekindled interest in building HSR in China, and the first official

HSR line was opened in 2008, which runs between Beijing and Tianjin. Expansion of the HSR

network during our study period is illustrated in Figure 1. The HSR network reached an important

milestone in 2016 with completion of the so-called “four plus four network,” which consists of four

horizontal lines and four vertical lines. The Chinese government plans to extend the HSR network

to eight horizontal lines and eight vertical lines and complete the construction by 2030.

C.2 Additional Data Source: Annual Survey of Industrial Firms

We follow Yu (2015) to merge the Annual Survey of Industrial Firms (ASIF) with customs

database. First, we match the two databases using firm name and year. Given that some firm

names are missing, we further match using postal code and telephone information available in both

databases. Specifically, we use the firm’s postal code, the last seven digits of its phone number,

and the year for matching. 40% export firms are merged with their ASIF counterpart. In addition,

total sales are missing for 2004 and 2010, which prevents the computation of domestic sales (defined

as total sales minus export revenue) for these two years. Appendix C.5.4 shows that the estimated

effects of access to exporters on firms’ export revenue and number of destination countries remain

robust when (i) restricting the sample to firms merged with their ASIF counterpart, and (ii) further

excluding data from 2004 and 2010. Appendix C.5.4 also provides a series of additional sanity checks

to validate the quality of the ASIF data and to ensure that the results are not sensitive to subsample

definitions.

C.3 Decomposition Exercise

We provide more details to the decomposition exercise discussed in Section 4.2. To quantify

the relative importance of different margins in export revenue adjustments, we decompose the log
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of export revenue into several terms. Recall that the log of firm z’s export revenue is given by

rzt = log
(∑

n∈Nz
Rznt

)
, where Rznt is the value of export by firm z to destination country n in

year t. The log-change over time can be re-written as:

∆rzt ≡ rz,t+1 − rzt = log
( ∑
n∈Nz,t+1

Rzn,t+1

)
− log

( ∑
n∈Nz,t

Rzn,t

)
=
[
log
( ∑
n∈Cz,t

Rzn,t+1

)
− log

( ∑
n∈Cz,t

Rzn,t

)]
︸ ︷︷ ︸

Intensive Margin

+

[
log
( ∑
n∈Nz,t+1

Rzn,t+1

)
− log

( ∑
n∈Cz,t

Rzn,t+1

)]
︸ ︷︷ ︸

Extensive Margin: Market Entry

+

[
log
( ∑
n∈Cz,t

Rzn,t

)
− log

( ∑
n∈Nz,t

Rzn,t

)]
︸ ︷︷ ︸

Extensive Margin: Market Exit

,

(C.1)

where Cz,t ≡ Nz,t ∩Nz,t+1 is the common set of export destinations between the two periods.

The intensive margin can be further decomposed into a term that represents the common growth

within each continuing export destination and differential growth across different destinations.

Denoted by szn,t =
Rzn,t∑

m∈Cz,t
Rzm,t

, the initial export shares among continuing export destinations,

we write:

log
( ∑
n∈Cz,t

Rzn,t+1

)
− log

( ∑
n∈Cz,t

Rzn,t

)
=

∑
n∈Cz,t

szn,t
[
log(Rzn,t+1)− log(Rzn,t)

]
︸ ︷︷ ︸

Within (common) growth

+

ln

( ∑
n∈Cz,t

szn,t exp
([

log(Rzn,t+1)− log(Rzn,t)
]
−

∑
k∈Cz,t

szk,t
[
log(Rzk,t+1)− log(Rzk,t)

]))
︸ ︷︷ ︸

Across (dispersion) component

.

(C.2)

Altogether, the four margins capture the following channels: (i) intensive: within, captures the

average growth in revenue within continuing export destinations—that is, the extent to which firms

are selling more or less in markets they consistently serve; (ii) intensive: across, which reflects shifts
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in the composition of revenue across these continuing destinations, capturing faster expansion of

some destinations relative to others; (iii) extensive: entry, which measures the contribution of newly

added export destinations to overall revenue growth; and (iv) extensive: exit, which captures the

loss in revenue associated with dropping previously served destinations. Because this component

enters negatively, a positive treatment effect on it means a smaller revenue loss from exits—fewer

or less costly destination drops—not revenue generated by exiting.

With the total response and decomposition, we use each as the outcome variable and estimate

a slight variant of (4) by taking time differences of the relevant variables:

∆t yz = θ∆t xc(z)s(z) + αc(z) + αs(z) + ιz,

where ∆t yz denotes either the total change in export revenue or the change in a particular margin

from 2007 until 2013, ∆t xcs is the change in exporter’s domestic connectivity measure for a firm

in city c and sector s over the same period, and αc and αs are city and sector fixed effects,

correspondingly. The regression results are reported in Panel B of Table C.1. To assess the relative

contribution of each margin, we compute its share of the total effect as the ratio of its coefficient

to the estimated total response reported in Panel B, Column 1, and present the results in Panel A

of Table C.1.

Table C.1: Impact of Exporter’s Domestic Connectivity on Export Growth and Decomposition
(1) (2) (3) (4) (5)

Dep. variables Total (∆tr
x
s ) Intensive, within Intensive, cross Extensive, entry Extensive, exit

Panel A. Decomposition of the Total Effect by Margin
Contribution 100% 7.4% 31.5% 35.2% 25.9%

Panel B. Regression Results
∆txcs 0.054*** 0.004 0.017*** 0.019*** 0.014***

(0.012) (0.011) (0.005) (0.006) (0.005)

Observations 92,117 92,117 92,117 92,117 92,117
R-squared 0.029 0.019 0.037 0.023 0.025

This table quantifies the relative importance of different margins in export revenue adjustments. The key independent
variable, ∆txcs, is defined in (3) and is measured as the difference between 2007 and 2013. All specifications include
city and sector fixed effects. Robust standard errors, clustered at the city level, are reported in parentheses. ***
p<0.01, ** p<0.05, * p<0.1.
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C.4 Extensive Margin: Products

In addition to the number of export destinations examined in Section 4.2, we study another

aspect of the extensive margin, the export product variety. To conduct the analysis, we define each

HS 8-digit category as one product variety, then sum up the number of product types a firm exports

every year as well as the number of product categories the firm adds or drops in that year compared

with the previous year’s exports. As shown in Table C.2, improved connectivity causes a firm to

update its product set more frequently by adding and dropping more product categories per period

(Columns 1-3). On average, firms tend to expand their exported product categories (Column 4):

A one-standard-deviation increase in the domestic connectivity of exporters leads to an increase

in export product variety by 4%. Our findings suggest that strengthened domestic connectivity

among exporters may allow firms to acquire better information about foreign demand and respond

accordingly by adjusting their production lines. Therefore, when information frictions are reduced,

exporters can adjust even more quickly to capture the market growth.

Table C.2: Adjustment of Exported Products
(1) (2) (3) (4)

Dep. variables NAdded
it +NDropped

it

N̄HS-8
i

NAdded
it

N̄HS-8
i

NDropped
it

N̄HS-8
i

lnNHS-8
it

xcst 0.044*** 0.027*** 0.016*** 0.036***
(0.008) (0.005) (0.004) (0.007)

Observations 1,638,608 1,638,608 1,638,608 2,032,156
R-squared 0.401 0.260 0.264 0.806

Notes: This table shows that exporter connectivity leads firms to adjust their product mix (Column 1)—by both
adding and dropping product categories (Columns 2 and 3)—resulting in a net increase in the total number of
products exported (Column 4). We define each HS-8 category as one type of product. We then count the number of
products a firm exports every year and the number of products a firm adds and drops compared with the previous
export year. All the columns follow the regression specification in Equation (4), controlling for firm fixed effects, city
time-varying effects, and sector time-varying effects; the key independent variable, xcst, is defined in Equation (3).
Robust standard errors clustered by city are in parentheses: *** p<0.01, ** p<0.05, and * p<0.1.

C.5 Robustness Checks Details

In this subsection, we present details on the robustness checks discussed in Section 4.3.
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C.5.1 Additional Details: Simultaneous Policies and Developments

We provide details on the policy controls discussed in Section 4.3.1. A common challenge in

constructing these controls is that our baseline specification includes firm, city-year, and sector-year

fixed effects. Any policy measure that is time-invariant within a firm, or that varies only at the city-

year or sector-year level, would be absorbed. The controls below are therefore constructed to exploit

within-city, cross-sector, and time-varying variation in policy exposurematching the variation our

treatment measure exploits. Specifically, we consider the national Hukou system, adjustments to

minimum wage, national college expansion, establishment of industrial parks, export VAT rebate

policy, and expansion of broadband internet.

National Hukou System China’s Hukou system has long served as an institutional barrier to

labor mobility. It prevents migrant workers—particularly low-skilled workers—from obtaining local

Hukou status, thereby limiting their access to public services in the cities where they work (Song,

2014). This friction reduces incentives to migrate and restricts the efficient reallocation of labor

across regions. Since 1997, small and medium-sized cities (with populations under 500,000) have

eased restrictions on Hukou conversion.46 Although the Hukou policy remained stable throughout

our study period, it may still affect exporters in a time-varying manner. While any city-level

impact that remains constant over time is captured by firm fixed effects, a potential concern is that

exporters may respond differently to global demand shocks depending on their location’s Hukou

restrictiveness. Specifically, the lower Hukou restrictiveness in small-to-medium cities relative to

large cities produces a more elastic labor supply, so firms there—particularly those reliant on low-

skilled labor—may find it easier to expand their workforce and production when foreign demand

rises, compared to their counterparts in larger, more restrictive cities.

To account for this specific mechanism, we include a triple interaction term: we interact a city’s

Hukou restrictiveness with a firm’s low-skilled labor intensity and the sectoral export demand shock

during the study period.47 The inclusion of the export demand shock is crucial as it provides the

necessary time variation; without it, the control would be time-invariant at the firm level and

absorbed by the firm fixed effects. By interacting these three components, we have within-city,
46Further nationwide reforms were introduced in 2014 (Song, 2014), which is after the end of our study period.
47We classify cities as having low or high Hukou conversion barriers based on Song (2014), with low conversion

barriers specified as 1. To measure a firm’s low-skilled labor intensity, we construct a province-sector-level measure
of low-skilled labor intensity, defined as the share of workers without a college degree for each province-sector pair
using the 2004 ASIF survey. Finally, we measure sectoral export demand shocks as the annual growth rate of total
export revenue in sector s in year t.
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cross-sector, and year-level variation. Columns 1 and 2 of Table C.3 report the results when

including the resulting interaction term in our main regression specification.48 Controlling for this

factor leaves the estimated effect of access to other exporters on firm export revenue essentially

unchanged, indicating that this particular channel is unlikely to confound our baseline results.49

Table C.3: Control for Effects of Concurrent Policies
Policy Hukou Minimum Wage College Expansion Industrial Parks VAT Rebate

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Dep. variables rxzt Nx

zt rxzt Nx
zt rxzt Nx

zt rxzt Nx
zt rxzt Nx

zt

xcst 0.040*** 0.200*** 0.041*** 0.200*** 0.035*** 0.185*** 0.042*** 0.202*** 0.054*** 0.280***
(0.007) (0.038) (0.007) (0.038) (0.007) (0.038) (0.007) (0.038) (0.016) (0.098)

Policy Control 0.130 2.807* 0.000 0.000 0.003*** 0.008*** 0.004 0.105 0.065 0.357
(0.400) (1.478) (0.000) (0.002) (0.000) (0.002) (0.034) (0.154) (0.061) (0.254)

Observations 2,018,623 2,017,195 2,014,498 2,032,156 1,096,699
This table reports results after sequentially controlling for a range of alternative policies: the Hukou system (Columns
1-2), minimum wage exposure (Columns 3-4), college expansion (Columns 5-6), industrial park sectoral stimulation
(Columns 7-8), and the export VAT rebate rate faced by firms (Columns 9-10). All regressions follow the specification
in Equation (4), including firm fixed effects, city-by-year effects, and sector-by-year effects. The key independent
variable, xcst, is defined in (3). Robust standard errors clustered at the city level are reported in parentheses. ***
p<0.01, ** p<0.05, * p<0.1.

Minimum Wage Change In March 2004, the Ministry of Labor and Social Security in China

introduced a reform to promote more uniform implementation of minimum wage policies. Since

then, minimum wages have been strictly enforced, adjusted periodically, and varied across regions,

with potentially larger effects on firms employing a high share of low-wage workers. To control for

possible confounding effects from contemporaneous changes in minimum wages, we first adopt the

firm-level exposure measure defined by Hau et al. (2020):

IFict =

(
wic,t

wmin
c,t

)−(k+1)

,

where wic,t denotes firm i’s average wage per employee in baseline year t ∈ [2000, 2003], and wmin
c,t is

the minimum wage in prefecture c in the same year.50 The intuition is straightforward: the closer
48Agriculture sector firms are excluded from this regression, because the share of low-skilled workers is only

available for non-agricultural firms in the ASIF.
49While the Hukou interaction term is insignificant for the intensive margin (export revenue), it shows a modest

positive effect on the extensive margin (the number of export destinations), consistent with the notion that greater
labor mobility may facilitate firms’ entry into new markets.

50The wage data are drawn from the ASIF, while the statutory minimum wage data are obtained from cnOpenData.
Because minimum wage regulations were not strictly enforced before 2004, information on minimum wages is missing
for most cities between 2000 and 2003. Therefore, we proxy wmin

c,t using the statutory minimum wage in prefecture
c in 2004—the first year in which minimum wage regulations were strictly enforced and when most cities first made
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firms wage payments are to (or below) the minimum wage in the baseline years, the greater the

expected impact. Next, k is estimated in Hau et al. (2020), which calibrate it as 0.313 for firms

with fewer than 200 employees, 0.426 for medium size firms between 200 and 1,000 employees and

0.426 for larger firms more than 1,000 employees, respectively.

We average this measure across firms from 2000 to 2003 to construct a province-sector level

exposure index. Denoted as IFls, this index reflects the extent to which firms in sector s within

province l employ low-wage workers and are therefore more likely to be affected by the minimum

wage policy introduced in 2004. Finally, we interact IFls with the annual change in the prefecture’s

minimum wage, d lnwmin
c,t , to derive the firm-specific shock measure:

MinWageShockisct = IFl(c)s × d lnwmin
c,t × Post2004,

where Post2004 turns to 1 after 2004, reflecting the fact that minimum wage enforcement became

strict only from 2004 onward. To address the concern that d lnwmin
c,t may be endogenously influenced

by firms in prefecture c, we replace it with the average growth rate of minimum wages across all

other prefectures in the same province and year.

Columns 3 and 4 in Table C.3 report results from adding MinWageShockisct to the baseline

specification. The estimated coefficients on the baseline treatment variable are essentially un-

changed, and the minimum wage shock is statistically insignificant for all outcomes. We therefore

conclude that contemporaneous changes in minimum wages do not account for the estimated HSR

effects.

National College Expansion China’s large-scale college expansion, initiated in 1999, led to

a sharp rise in the number of college graduates from 2003 onward and continued through the

2010s (Ma, 2024). The policy operated mainly by expanding university enrollment capacity, with

provinces ability to scale up depending on their pre-existing enrollment levels. Consequently, the

reform generated province-level labor supply shocks in the market for college-educated workers.

To account for this potential confounder, we follow Ma (2024) and construct a measure of

province-level labor supply shocks:

xlt =
enrolll,1982∑
l′ enrolll′,1982

×H−l,t.

their minimum wage criteria publicly available.
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where enrolll,1982 denotes the number of college students in province l recorded in the 1982 Census,

which serves as a proxy for historical university enrollment capacity. H−l,t denotes the logarithm

of the number of college graduates in year t excluding province l. A firm’s exposure to this shock

is then defined as SIl,sxlt, where SIl,s is the share of college-educated workers in province l, sector

s, measured in 2004.51

We include this variable as a control in our baseline regression to test whether changes in the

supply of college-educated labor may bias our estimated effects of HSR-induced connectivity. As

reported in Table C.3, Columns 5 and 6, controlling for college expansion has little impact on the

estimated coefficients on HSR access, which remain significant and quantitatively stable.

Interestingly, the college shock variable itself shows a significant positive effect on both export

revenues and the number of export destinations, consistent with the idea that greater availability

of skilled labor enhances export capacity. Importantly, controlling for the college expansion shock

does not attenuate our main results, confirming that the estimated HSR effects are not driven by

this policy.

Industrial Parks Development Over the past four decades, the Chinese central government

has established more than 1,400 industrial parks, which have played an important role in shaping

both national economic development and the growth trajectories of their host cities (Lu et al.,

2019). These parks typically target specific industries and offer preferential tax policies and other

incentives, creating localized production stimuli that vary across both cities and sectors.

To account for potential confounding effects from the establishment of industrial parks, we

construct a firm-level measure of exposure equal to one if, in a given year, there exists an industrial

park in the same city as the firm that targets the sector in which the firm operates.52 This variable is

added to the baseline regression to control for localized industrial policy shocks that might influence

export performance independently of HSR access.

Columns 7 and 8 of Table C.3 report the results. The coefficient on the baseline treatment

variable remains virtually unchanged when the industrial park control is included, and the industrial

park variable itself is statistically insignificant for all outcomes. These findings suggest that the

baseline HSR estimates are not driven by contemporaneous industrial park developments.
51Specifically, we calculate the share of workers with a college degree for each province-sector pair using the 2004

ASIF survey. 2004 is the only year for which employment breakdown by education is available.
52The complete list of industrial parks and their sectoral targets is published on the

Chinese Government Official Web Portal (URL: https://www.gov.cn/zhengce/zhengceku/2018-
12/31/5434045/files/6eea5e4b78a645c1a27c231b152792ef.pdf ).
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Export VAT Rebate Existing literature has shown that export VAT rebate rates have a signif-

icantly positive effect on firm exports (Chandra and Long, 2013). Given that export VAT rebates

vary by industry, region, and over time, they may act as a confounding factor in our analysis.

To address this, we follow Chandra and Long (2013) and construct export VAT rebate rates at

the province-sector level, which we include as a control in our regression model. Specifically, we

compute firm i’s export VAT rebate rate in year t as

VATislt = (0.17× Total Revenueislt − VATthroughputislt − VATpayableislt)/Export Revenueislt

We then aggregate this measure to the province-sector-year level to obtain the average VAT rebate

rate faced by firms in sector s of province l in year t.53

Columns 9 and 10 of Table C.3 report the results. The coefficient on the baseline treatment

variable remains positive and significant when the export VAT rebate is included, and the export

VAT rebate variable itself has positive but imprecisely estimated effect on exports, broadly consis-

tent with Chandra and Long (2013). These findings suggest that the baseline HSR estimates are

not driven by contemporaneous changes in export VAT rebate rates.

Broadband Internet Development Another potential concern is that the rapid growth of in-

ternet penetration in China may be confounded with the expansion of HSR. Improved internet

access facilitates long-distance collaboration and could independently enhance firms’ export per-

formance. However, based on available evidence, China’s national fiber-optic backbone was largely

built well before the period of our study. Construction began in 1990, with a planned “8 horizontal

Œ 8 vertical” grid spanning 70,000 km of fiber routes; by 2002, China Telecom’s backbone reached

173,000 km, with more than 1 million km of total fiber cable nationwide (Wei et al., 2014). Public

records also show that most of the major backbone networks were launched during the 1990s.54 We

find no evidence of a systematic nationwide program to expand backbone coverage in tandem with

HSR construction in the 2000s-2010s. While some localized upgrades may have occurred, these

were not part of a coordinated policy linked to HSR.

Consistent with this, Table C.4 shows that internet penetration is not correlated with HSR

connection. Hence, the observed export effects cannot be attributed to improvements in internet

connectivity.
53All variables used to construct a firm’s export VAT rebate rate are drawn from the ASIF. We lose data for 2004,

2008, 2009, and 2013 due to missing information on VATthroughput in those years.
54Source: https://www.cnblogs.com/polin/p/17180347.html.
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Table C.4: HSR and Internet Connectivity
(1) (2)

Dep. variables Internet use log(Internet use)

HSR connection 1.176 -0.041
(4.849) (0.036)

Observations 2,271 2,271
R-squared 0.437 0.993

This table shows that internet penetration is not positively
associated with HSR connection, indicating that our results
cannot be attributed to improvements in internet service. We
measure internet penetration at the city-year level using inter-
net use, defined as the number of subscribers to internet ser-
vice, as reported in the China City Statistical Yearbook from
2006 to 2013 (National Bureau of Statistics of China, 2006–
2013b). We control for city fixed effects and year fixed effects,
and robust standard errors clustered by city are in parenthe-
ses: *** p<0.01, ** p<0.05, and * p<0.1.

C.5.2 Results Using Alternative Connectivity Measures

This subsection extends the discussion in Section 4.3.3 by demonstrating that the results are

robust to a wide range of alternative measures of domestic connectivity.

Continuous Travel-Time-Based Measure: The baseline measure in (3) captures whether

two cities are directly connected by HSR or via a single intermediate stop. This approach provides

a clean and non-parametric proxy for meaningful geographic connectivity. For robustness, we

construct an alternative measure based on travel times to allow for broader spillovers of the HSR-

induced connectivity:

xcst ≡
∑
c′ ̸=c

rxc′st0/T(Traincc′t), (C.3)

where T(Traincc′t) denotes the shortest train travel time between cities c and c′, based on HSR or

regular rail where HSR is not available.55 As shown in Columns 1 and 2 of Table C.5, the empirical

results are robust to the alternative treatment measure defined above, in Equation (C.3).56

55Following Lin (2017) and Kuang et al. (2021), we use commuting time via regular trains to measure commuting
time between cities not served by HSR. We do not consider highway commuting because, as demonstrated by Lin
(2017), the opening of an HSR station does not lead to any decrease in highway ridership. We also do not consider
air travel because (a) the market share of air travel up to 2007 is relatively low (less than 1%) and (b) HSR passenger
poaching effects on air travel are mild (Lin, 2017).

56All results presented in the main text are robust to the alternative treatment measure defined in (C.3). The
results are available upon request.
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Other Alternative Measures: We also assess robustness to alternative functional forms of the

connectivity measure, finding consistent results when applying the inverse hyperbolic sine trans-

formation of the baseline connectivity measure xcst (Columns 3 and 4 of Table C.5). Additionally,

the baseline measure weights connectivity by sectoral export revenue in connected cities. Specifica-

tions using alternative weights—export revenue shares and the number of exporting firms— yield

similarly robust result (Columns 5–8 of Table C.5). Finally, to address concerns about delayed

firm responses, we reclassify HSR status using the previous year’s connectivity, and the estimates

closely match our baseline results (Columns 9 and 10 of Table C.5).

C.5.3 Staggered Treatment

We provide more details to discussions in Section 4.3.3. Our identification strategy leverages

the staggered rollout of HSR network across cities. A growing literature has highlighted potential

interpretational challenges in such designs, particularly when early-treated units serve as controls

for later-treated ones, leading to potentially biased comparisons (e.g., Sun and Abraham, 2021;

Borusyak et al., 2022). Our baseline differs from the standard two-way fixed effects (TWFE) settings

in this literature in two ways: (i) we adopt a triple difference estimator; and (ii) the treatment is

continuous. To assess robustness in this context, we discretize the continuous connectivity variable

by constructing a binary treatment indicator:

x̃cst = I(PostHSRct)× I(HighSectors), (C.4)

where I(PostHSRct) equals 1 if city c has an HSR station in operation by year t, and I(HighSectors)

equals 1 if sector s experienced above-median growth in connectivity between 2008 and 2013. With

x̃cst in hand, we estimate the following triple difference specification:

yzt = αs(z)t + αz + αc(z)t + βx̃c(z)s(z)t + ιzt. (C.5)

Table C.6 compares results from this specification with two alternative estimators in Borusyak et

al. (2022) and Sun and Abraham (2021). Across all estimators, we find consistent and statistically

significant effects on both intensive and extensive margins.
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Table C.6: Results using Alternative Rollout Estimators
(1) (2) (3) (4) (5) (6)

Dep. variables rxzt Nx
zt

x̃cst 0.054*** 0.231*** 0.050** 0.239*** 0.982*** 0.276***
(0.020) (0.026) (0.021) (0.075) (0.128) (0.091)

Observations 2,032,156 2,032,179 2,032,156 2,032,156 2,032,179 2,032,156
This table reports the estimates for our discretized specification in (C.5) but using alternative roll-out estimators.
Columns 1 and 4 show estimates using the standard staggered DDD, Columns 2 and 5 show the estimates using the
estimator proposed in Borusyak et al. (2022), and Columns 3 and 6 show the estimates using the estimator proposed
in Sun and Abraham (2021). Robust standard errors clustered by city are in parentheses: *** p<0.01, ** p<0.05,
and * p<0.1.

C.5.4 Sample Composition

This subsection extends the discussion in Section 4.3.3. Specifically, we document a series of

robustness checks that confirm our results are not driven by sample composition.

First, we restrict the sample to a balanced panel of firms that export in both 2007 and 2013,

excluding firms that exit exporting by the end of the study period. The estimates remain stable

(Columns 11 and 12 of Table C.5). Second, we drop firms located in cities that never received

HSR service by 2016, to ensure that untreated cities represent plausible counterfactuals. Again,

results are practically unchanged (Columns 13 and 14 of Table C.5). Third, we exclude state-owned

enterprises and find that the baseline results hold robustly (Columns 15 and 16 of Table C.5). These

tests collectively confirm that our findings are not sensitive to alternative sample definitions.

Furthermore, analyses presented in Section 5.1.1 make use of an additional dataset—ASIF—

which can be matched to a subset of the customs data. Table C.7 reports a comparison of the

baseline results (from estimating Equation (4)) between the full sample and the subsample matched

with ASIF. Because sales data are missing for 2004 and 2010, the sample used for the domestic sales

regression is smaller than that for the employment regression. Therefore, we first show in Column 1

that restricting the ASIF sample to firms used in the domestic sales analysis and re-estimating the

employment response yields the same null effect. Column 2 shows that exports reported in ASIF

respond similarly to the treatment as those recorded in the customs data (Column 3, identical to

Column 1 of Table 3), providing a useful validity check and reassurance that the results are not

driven by the sample restriction. Columns 3 and 4 estimate firms’ export revenue and number of

destinations using the subsample of firms included in the domestic sales estimation, while Columns
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5 and 6 perform the same exercise for the subsample used in the employment estimation. In both

cases, the estimated effects remain close to the full-sample main results, confirming that the results

are not driven by the sample restriction.

Table C.7: Subsample Comparison
(1) (2) (3) (4) (5) (6)

Dep variables ln(Worker) rxzt (ASIF) rxzt Nx
zt rxzt Nx

zt

xcst 0.007 0.032*** 0.034*** 0.237*** 0.032*** 0.207***
(0.007) (0.012) (0.012) (0.054) (0.010) (0.042)

Observations 268,983 270,250 270,250 270,250 567,815 567,815
R-squared 0.883 0.826 0.836 0.874 0.811 0.854

Column 1 restricts the sample to firms with non-missing domestic sales and re-estimate the employment response to
the treatment. Column 2 shows that exports reported in ASIF respond similarly to the treatment as those recorded
in the customs data (Column 3, identical to Column 1 of Table 3). Columns 3 and 4 estimate firms’ export revenue
and number of destinations using the subsample of firms included in the domestic sales estimation, while Columns 5
and 6 perform the same exercise for the subsample used in the employment estimation. The key independent variable,
xcst, is defined in (3). All the columns control for firm fixed effects, city-by-year effects, and sector-by-year effects.
Robust standard errors, clustered at the city level, are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

C.5.5 Inferences

This subsection extends the discussion in Section 4.3.3. Specifically, we address inference-related

concerns through two exercises. First, we verify that clustering standard errors at the city-sector-

year level yields results nearly identical to our baseline clustering by city (Columns 17 and 18

in Table C.5). In addition, we conduct a permutation test to assess the likelihood of obtaining

our estimates by chance. For each year from 2008 to 2013, we randomly assign city pairs as

counterfactual HSR connections, preserving the actual number of treated pairs in each year. We

then reconstruct the exporter connectivity measure from (3) using these artificial assignments and

re-estimate the main regression. As shown in Figure C.1, no placebo estimate exceeds the actual

coefficient across the 200 simulations. This gives an empirical p-value below 1/200 = 0.005. Our

estimate lies well outside their range.
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Figure C.1: Permutation Test

For each year from 2008 to 2013, we randomly assign city pairs as counterfactual HSR connections while preserving
the actual number of treated pairs in each year. Using these artificial assignments, we reconstruct the exporter
connectivity measure from (3) and re-estimate the main regression. Across 200 simulations, none of the placebo
estimates exceed the actual coefficient, yielding a p-value below 1/200 ≈ 0.005.

C.6 Additional Details: Alternative Measure on Firm Input Access

We provide additional details regarding the construction of the alternative measure for access

to material inputs, discussed in Sections 5.1.2 and 5.3.3. Following the approach of Kee et al.

(2024), we develop a firm-level measure of access to potential domestic suppliers. The idea is

to link importing firms to upstream exporters based on HS6 product codes. For example, if an

apparel firm imports cotton fabric under HS6 code 520819, then all textile firms that export cotton

fabric under the same code are treated as potential suppliers. The term “potential” reflects that

direct transactions are not observed; the assumption is that goods under the same HS6 code are

technologically substitutable. We follow these steps to construct the measure:

1. For each HS6 product j, count the number of exporting firms in city c′ in the baseline year 0:

Njc′0 = Number of producers exporting product j in city c′

2. For each importer i, define Mji0 as the share of product j in firm is imports.

71



3. Compute importer-product matches:

Cjic′0 =Mji0 ×Njc′0

4. Aggregate to the firm level:

Ci =
∑
c′ ̸=c

∑
j

Cjic′0I(HSRc(i)c′t)

An advantage of this approach is that it eliminates reliance on the more coarse national sector-

level IO tables, which may pose significant data limitations. However, the tradeoff is that the

PDS approach excludes non-exporting domestic suppliers and assumes substitutability within HS6

codes. Therefore, we view the two approaches as complementary in measuring access to material

inputs. Note finally that roughly 30% of firms do not import in the baseline year, and hence their

supplier access measure cannot be properly defined, resulting in the smaller sample size.

C.7 Additional Details: Improvement in Quality

We provide more details regarding the discussions in Section 5.3.1.

Step 1. Estimating Quality We follow Khandelwal et al. (2013) and infer product quality

from the residuals of the demand system:

ln qznkt + σs ln pznkt = αnkt + εznkt, (C.6)

where qznkt and pznkt are the quantities and prices of product variety k sold by firm z to destination

country n and year t, respectively; αnkt is fixed effects at product-destination-year level; and σs

is the product category-specific elasticity of substitution across varieties indexed by z, the values

of which are from Broda et al. (2006). The quality measure for each firm-product-country-year,

denoted as λ̂znkt, can be inferred by

ln λ̂znkt =
ε̂znkt
σs − 1

.57

57Quality, denoted by λ, enters the utility function multiplicatively, with U =∏S
s=1

(∫
ζ∈Zns

(λn(ζ)qn(ζ))
(σs−1)/σs dζ

)αsσs/(σs−1)

,
∑

s αs = 1, where σs > 1 is the product category-
specific elasticity of substitution across varieties indexed by ζ. This implies that the demand is given by
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Step 2. Firm-Product Quality We aggregate to the firm-product level using destination

quantity shares:

λ̄zkt =
∑
n

θznkt ln λ̂znkt,

where θznkt = qznkt/
∑

n qznkt is destination n’s share of firm-product (z, k)’s quantity and sums

to one across destinations. We then compute the long difference of the quality measure for each

firm-product pair:

∆λ̄zkt = λ̄zkt − λ̄zkt−1.

Step 3. Regression Specification We study changes in product qualities using a specification

that follows directly from our baseline regression in (8):

∆λ̄zk = β∆xcs + αc + αs +∆ιzk, (C.7)

where ∆xcs is the change in exporter connectivity measure for a firm in city c and sector s, and αc

and αs are city and sector fixed effects, correspondingly.

Step 4. Decomposition We decompose ∆λ̄zk into four components:

∆λ̄zk =
∑

n∈Nt∩Nt−1

θ̄znk (lnλznkt − lnλznkt−1)︸ ︷︷ ︸
Intensive Margin: Within

+
∑

n∈Nt∩Nt−1

(θznkt − θznkt−1)
(
λ̄znk − λ̄zk

)
︸ ︷︷ ︸

Intensive Margin: Across

+

∑
n∈Nt\Nt−1

θznkt
(
lnλznkt − λ̄zk

)
︸ ︷︷ ︸

Extensive Margin: Market Entry

−
∑

n∈Nt−1\Nt

θznkt−1

(
lnλznkt−1 − λ̄zk

)
︸ ︷︷ ︸

Extensive Margin: Market Exit

,

where λ̄zk = 1
2

(
λ̄zkt + λ̄zkt−1

)
is the firm-product across-year mean quality; θ̄znk is the average

export share to destination n in zk across years—i.e., θ̄znk = (θ̄znkt + θ̄znkt−1)/2; and λ̄znk =

1
2

(
λ̄znkt + λ̄znkt−1

)
is the across-year average quality to destination n in firm-product zk. The four

components are levels that sum exactly to ∆λ̄zk; the decomposition is expressed in levels rather

than proportionally.

We regress each component against the change in exporter’s domestic connectivity following

regression specification (C.7). Results are shown in Table 5.

qn(ζ) = λn(ζ)
σs−1pn(ζ)

−σsPσs−1
ns αsEn. The demand residual ε̂znkt from the OLS regression in Equation (C.6)

recovers quality through ln λ̂znkt = ε̂znkt/(σs − 1). Finally, σs is defined at HS3 level and the values are obtained
from Broda et al. (2006).
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C.8 Additional Details: Similarity Analysis

We provide more details for the discussion in Section 5.3.2. The goal is to test whether HSR

connectivity increases alignment between a firms export dynamics and those of the cities it becomes

newly connected to.

Step 1. Export Change Vectors For each firm f , compute the log change in export values

across destinations between 2007 and 2013:

∆Ri = (∆ri1, . . . ,∆riN ).

For each city c′ firm i becomes connected to, compute the corresponding vector at the city level

within the firm’s HS 2-digit sector:

∆Rc′s(i) = (∆rc′s(i)1, . . . ,∆rc′s(i)N ).

Step 2. Similarity Metrics We calculate three standard similarity metrics:

1. Dot Product Similarity: measures joint magnitude and directional changes.

DotProductic′ = ∆Ri ·∆Rc′s(i) =

N∑
n=1

∆rin∆rc′s(i)n

2. Cosine Similarity: measures the angle between export change vectors, abstracting from

scale.

CosSimic′ =
∆Ri ·∆Rc′s(i)

∥∆Ri∥ · ∥∆Rc′s(i)∥
=

∑N
n=1∆rin∆rc′s(i)n√∑N

n=1∆r
2
in ·
√∑N

n=1∆r
2
c′s(i)n

3. Covariance Similarity: measures co-movement in deviations from average changes

CovSimic′ =
1

N − 1

N∑
n=1

(
∆rin −∆ri

) (
∆rc′s(i)n −∆rc′s(i)

)
where ∆ri and ∆rc′s(i) are the average changes in export values across destinations for the

firm and city, respectively.
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Step 3. Estimation We estimate:

Similarityic = β∆tI(HSRic) + γs + ϵic,

where I(HSRic) indicates whether firm i’s city and city c became directly connected by HSR. The

sector fixed effects γs absorb sector-wide trends in export similarity. Standard errors are clustered

at the origindestination city-pair level.

Both HSR links and regional shocks are spatially patterned, raising the concern that connected

firms and their peers co-move because they are nearby. Such spatial confounding operates through

distance and is largely silent on which side is stronger. The convergence we find, however, is

organized mainly along that second dimension: it is concentrated among initially weaker firms

connected to stronger-city peers, while stronger firms linked to weaker cities show little adjustment

(Panel B of Table 6). A distance-driven confounder is unlikely to generate an asymmetry keyed

to the firm–peer performance gap, suggesting that the pattern is more consistent with directional

learning from stronger peers than with common regional shocks.

In addition to the baseline results, we examine similarity along the extensive margin by coding

changes as +1,−1, 0 for entry, exit, and continuation. As shown in Table C.8, the patterns remain

very similar to the baseline.

Table C.8: Pairwise Changes in Export Destinations: Robustness
(1) (2) (3)

Dep. variables Dot Product Cosine Covariance

I(HSR) 0.433*** 2.123*** 0.667***
(0.074) (0.310) (0.055)

Observations 9,048,059 9,048,059 9,048,059
R-squared 0.006 0.005 0.001

This table shows that HSR connection enhances the alignment between a firm’s export dynamics and those of the
cities to which it becomes newly connected. Robust standard errors, clustered at the origindestination city-pair level,
are reported in parentheses: *** p < 0.01, ** p < 0.05, * p < 0.1.

Step 4. Heterogeneity by FirmCity Type To examine the direction of convergence, we

extend the baseline specification by interacting the HSR indicator with group indicators:

Similarityicg = ∆tI(HSRic)× βg + γs + FEg + ϵic,
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where g indexes the group to which each firmcity pair (ic) belongs. Pairs are classified into three

groups based on whether the firm and the connected city are each above or below the sector

average in baseline export activity: low-performing firms connected to high-performing cities, high-

performing firms connected to low-performing cities, and pairs at the same performance level (high-

to-high or low-to-low).

76


	Introduction
	Theoretical Framing
	Empirical Strategy
	HSR in China
	Data
	Measuring Exporter Connectivity
	Econometric Specification
	Baseline Specification
	Within-firm Cross-destination Specification


	Results
	Event Study
	Baseline Results
	Firm-level Results
	Within-Firm Cross-Destination Results

	Robustness
	Simultaneous Policies and Infrastructure
	Parallel Trends Assumption
	Additional Robustness Checks


	Mechanisms
	Assessing Alternative Mechanisms
	Firm-level Production Cost
	Goods Shipping Costs
	Labor Market Pooling

	Heterogeneous Effects by Information Barriers
	Dimensions of Information Acquisition
	Quality Upgrading
	Export-Mix Convergence
	Input-Related Information
	Buyer-Related Information

	Summary and Discussion

	Conclusion
	Additional Figures and Tables
	Theoretical Appendix
	Additional Results for Stylized Model
	Model Details
	Derivation of Predictions

	Model Extensions
	Exporting to Multiple Destinations
	Multi-Product Firms

	Microfounding Information Frictions Reduction

	Empirical Appendix
	HSR Background
	Additional Data Source: Annual Survey of Industrial Firms
	Decomposition Exercise
	Extensive Margin: Products
	Robustness Checks Details
	Additional Details: Simultaneous Policies and Developments
	Results Using Alternative Connectivity Measures
	Staggered Treatment
	Sample Composition
	Inferences

	Additional Details: Alternative Measure on Firm Input Access
	Additional Details: Improvement in Quality
	Additional Details: Similarity Analysis


