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Abstract

We develop and estimate a quantitative spatial model to study how passenger connectivity
affects production, migration, and welfare. Firms optimally adjust destination-specific sup-
plier search intensity as travel costs change, while households value access to nonlocal leisure
amenities. Combining card-transaction-based measures of intercity business and leisure travel
with city-pair data on trade and migration, we quantify the effects of China’s high-speed rail
expansion between 2008 and 2015. Counterfactuals imply that the 2015 network raises national
average real wages by 2.19% and welfare by 3.14% relative to a no-HSR baseline. Both channels
contribute substantially to real-wage gains, whereas improved leisure accessibility accounts for
most welfare gains. Uneven accessibility improvements concentrate economic activity in large
connected cities and generate adverse spillovers on cities outside the network. Simulation for
alternative network expansions reveals that real-wage and welfare gains are concentrated in high-
volume links, while further expansion could reduce induced migration and spatial inequality in

economic outputs.
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1 Introduction

Transportation infrastructure shapes the spatial organization of economic activity by determining
how easily goods and people move across places. A large literature studies this question through
freight costs and goods-market access. Yet investments such as high-speed rail (HSR) primarily
reduce the cost of moving people rather than goods. Lower passenger travel costs affect two distinct
sets of economic decisions. Firms travel to discover and evaluate suppliers, negotiate terms, and
sustain trading relationships (Cristea, [2011}; |Startz, [2021]). Households travel to consume amenities
outside their home city, and lower passenger travel costs improve access to those amenities from
a given residence (Faber and Gaubert, |2019; |Albert and Monras, [2022). These movements are
temporary, but they can have lasting effects on production networks, migration, local prices, and
welfare.

Despite its importance, passenger mobility has not been fully incorporated into quantitative
models of the spatial economy. On the production side, standard trade models treat bilateral trade
costs and productivity distributions as primitives, leaving little role for the face-to-face interactions
through which buyers discover suppliers and improve procurement relationships. On the consump-
tion side, conventional measures of local amenities omit the value of reaching nonlocal destinations
without changing residence. Existing work has separately emphasized business travel, tourism,
migration, commuting, or the spatial reach of firms. We therefore lack a unified quantitative account
of how a passenger network propagates through firm search, leisure travel, trade, migration, and
welfare.

This paper addresses this gap by developing and estimating a quantitative spatial model in
which passenger travel costs enter both firms’ sourcing decisions and household utility. We use
the model to study China’s HSR expansion between 2008 and 2015. The framework introduces
two channels. Through a business-search channel, final-goods producers choose where and how
intensively to search for suppliers, with search costs increasing in passenger travel time. Through
a leisure-accessibility channel, residents value access to destinations outside their residence city
through short-term travel. Together, the channels provide a tractable account of how moving people
changes both the production opportunities available to firms and the consumption opportunities
available from a location.

The business-search channel embeds endogenous supplier search in a multi-sector Eaton—Kortum
environment. A buyer chooses a continuous search intensity for every potential supplier city. More
intensive search increases the number of suppliers encountered and improves the distribution of
input prices available to the buyer, but requires labor and travel. A reduction in passenger travel
time therefore induces the buyer to search more intensively in the affected destination, expand its
effective supplier network, and obtain better input prices. Because search is destination-specific, the
model generates bilateral business travel and trade shares and permits these two objects to discipline
the search technology. Endogenous search also amplifies standard trade-cost shocks: lower sourcing
costs reduce final-goods prices, which feed back into production costs, firm entry, real wages, and
the spatial allocation of labor.

The leisure-accessibility channel distinguishes short-term travel from long-term migration.



Workers choose where to live and work based on real wages, local amenities, migration costs,
and the expected value of leisure trips available from each residence. Conditional on where they
live, they choose among nonlocal destinations that differ in attractiveness and travel costs. Aggre-
gating these destination choices yields a travel-time-weighted index of nonlocal leisure accessibility.
Two cities with similar wages and local amenities can thus offer different utility when one provides
better access to surrounding destinations. Passenger connectivity affects welfare directly, by expand-
ing residents’ effective consumption opportunities, and indirectly, by changing relative residential
attractiveness and inducing migration.

China’s HSR expansion provides a useful setting in which to quantify these mechanisms. The
network produced large and heterogeneous reductions in passenger travel time across more than 300
cities. The number of directed city pairs connected by HSR increased from 293 in 2008 to 6,669
in 2015, and the connected pairs’ share of baseline national business travel rose from 16.2% to
66.7%. HSR carried passengers rather than freight, helping us distinguish travel-mediated supplier
search from changes in the physical cost of shipping goods. Moreover, the early network was
concentrated along high-volume corridors and among large eastern cities. This uneven expansion
provides variation in bilateral treatment intensity and makes the topology of the network central to
the distribution of gains.

Our analysis combines several datasets at the city-pair level. We construct annual door-to-door
passenger travel times by integrating official HSR and conventional-rail schedules with a digitized
highway network and local access times between city centers and railway stations. We measure
bilateral business and leisure trips using nationwide UnionPay credit- and debit-card transactions.
A cardholder’s most frequently used city in a rolling twelve-month window identifies residence;
weekday trips outside public holidays measure business travel, while trips during public holidays
and the extended Chinese New Year period measure leisure travel. We combine these mobility data
with bilateral migration flows from the 2010 Population Census and the 2015 one-percent Population
Sample Survey, and with city-level input-output tables that measure trade across 42 sectors in 2012
and 2015. The counterfactual analysis covers 302 cities for which all model inputs are available.

We first estimate leisure destination choice using a gravity equation. A 1% reduction in passenger
travel time raises a destination’s share of leisure trips by about 2%. The leisure accessibility recovered
from origin fixed effects then enters the residential-choice equation, where we instrument it using
geographic proximity to attractive external destinations. The estimates imply that the elasticity of
residential choice with respect to leisure accessibility is about 9.5% of the calibrated elasticity with
respect to real wages.

On the production side, business travel and trade jointly discipline the search technology. Con-
ditional on the sourcing demand implied by the model, a 1% reduction in passenger travel time
raises bilateral business travel by about 0.3%. We then estimate the trade gravity equation, and our
preferred specification implies that a 1% reduction in passenger travel time raises bilateral trade
shares by about 0.22%. Combined with the calibrated freight-cost elasticity, these estimates imply
that the trade elasticity with respect to passenger travel costs is about 12% of that with respect to

freight transport costs.



We use the estimated model to quantify the long-run effects of the historical HSR travel-time
shocks. Starting from a recovered no-HSR equilibrium, we introduce the travel-time reductions
associated with the network observed in each year while holding underlying fundamentals fixed. By
2015, the model implies that HSR lowers national average business travel time by 18.4%; its direct
effect lowers national average leisure travel time by 15.7%. These reductions are highly uneven:
among connected cities, the direct effects are substantially larger in large cities than in small cities
for both types of travel. This heterogeneity also underscores why a binary indicator for HSR access
is insufficient.

These travel-time reductions generate economically meaningful aggregate gains. Relative to the
no-HSR baseline, the 2015 network raises national average real wages by approximately 2.19% and
national average welfare by approximately 3.14%. Supplier search raises productivity by improving
access to inputs, while leisure accessibility raises utility directly and changes the allocation of
workers across cities. The direct leisure-accessibility gain accounts for the majority of the welfare
effect, while both channels contribute to the real-wage gain. Using 2015 GDP as a rough monetary
benchmark, one year of welfare-equivalent gains is strikingly close to the cumulative construction cost
of the HSR network in place by 2015: the ratio of the former to the latter ranges from approximately
0.88 to 1.31. Passenger infrastructure can therefore affect production without carrying freight and
generate welfare gains beyond those captured by conventional measures of goods-market access.

The same counterfactual also produces substantial population reallocation. This response does
not arise because HSR directly lowers migration costs, which remain fixed in the model. Instead,
uneven changes in real wages and nonlocal leisure accessibility alter cities’ relative attractiveness.
Relative to the no-HSR baseline, the simulated 2015 network increases the population of large
connected cities by approximately 6.81 million and reduces the population of cities without HSR by
approximately 6.94 million, while leaving small connected cities nearly unchanged. Most of the gain
in large connected cities comes from workers whose hukou origins are in cities outside the network
rather than in small connected cities. At the same time, the near-zero population change in small
connected cities conceals offsetting inflows and outflows. The model-implied distributional pattern
is therefore not a simple core—periphery siphoning story; it reflects the intensity and topology of
cities’ exposure to the passenger network.

Counterfactual expansions beyond the 2015 network reveal a further distinction between welfare
gains and spatial reallocation. Because migration responds to relative rather than absolute acces-
sibility, the migration response need not increase monotonically with network coverage. Broader
coverage continues to raise welfare through improved access to nonlocal amenities but can reduce
migration as accessibility gains become more evenly distributed across cities. Welfare gains from
passenger connectivity therefore need not be accompanied by greater spatial reallocation.

Our study contributes to three strands of the literature. First, we embed firms’ endogenous
choice of destination-specific search intensity in a tractable quantitative spatial model. A growing
body of research shows that information and matching frictions shape trade and the architecture of
buyer—supplier relationships (Allen, 2014; |Oberfield, 2018; Miyauchi, 2024), while some studies

link face-to-face contact and passenger connections to trade, investment, and firm organization



(Cristeal 2011} |Giroud, 2013; |Gokan et al., 2019; [Koster et al.l [2021} |Startz, [2021; |(Gumpert et al.,
2022; |Antras et al.l [2023)). More closely related, Bernard et al.[|(2019)) link passenger connectivity
to firm performance through endogenous supplier search, and Eaton et al.| (2026) and Hu and Xu
(2024) develop quantitative frameworks that incorporate frictional input sourcing and buyer—seller
matching into general equilibrium. Building on this work, firms in our model optimally adjust their
search intensity in each location in response to passenger travel costs and the returns to sourcing.
This margin provides a microfoundation for the passenger-travel component of trade costs and allows
us to quantify how search responses generate spatial general equilibrium effects.

Second, we contribute to quantitative spatial economics literature (e.g., |Allen and Arkolakis),
2014;|Ahlfeldt et al.,2015;|Caliendo and Parrol, | 2015;[Tombe and Zhu, [2019)) by separately estimating
how intercity business and leisure travel respond to passenger travel time and integrating both
channels into a unified spatial model. More closely related quantitative spatial models incorporate
travel to consume nontradable goods and services and link consumption access to location choices
(Raol,2022; Huang et al., 2025; Miyauchi et al., [2025} |Lee and Tan,, [2026). The leisure channel also
connects our framework to research on tourism and spatial development (Faber and Gaubert, 2019)
and consumption outside the place of residence and location choice (Albert and Monras| [2022).
Building on this literature, we use calendar timing in transaction data to construct measures for
bilateral business and leisure travel volumes and estimate channel-specific responses to passenger
travel time. We integrate firms’ supplier search and households’ access to nonlocal leisure amenities
in a common spatial model, allowing us to quantify how the two channels’ contributions to real
wages and welfare change as the passenger network expands.

Third, we contribute to research on transportation infrastructure and market access (e.g., Faber,
2014; Redding and Turner, 2015; Donaldson and Hornbeck, [2016}; |Donaldson, [2018};[Ma and Tang,
2024) and, more specifically, on HSR and passenger connections (Lin, 2017} |Qin| 2017} |Ahlfeldt
and Feddersen, 2018}, |(Campante and Yanagizawa-Drott, 2018} |Koster et al., 2022} [Koster and
Thisse), 2026), by quantifying how heterogeneous improvements in passenger accessibility and
spatial spillovers shape aggregate benefits and local outcomes. Complementing empirical evidence
on the local effects of HSR openings, we characterize cities’ direct exposure through bilateral travel-
time reductions and the importance of the affected destinations to local firms and residents. We
then trace how these changes propagate through trade and migration, accounting for adjustments in
connected cities and spillovers on cities outside the network.

The remainder of the paper is organized as follows. Section 2] develops the quantitative spatial
model with endogenous business search and leisure travel. Section [3|describes the construction of
our datasets and documents the evolution of China’s HSR network. Section[d]presents the calibration
and structural estimation. Section[5|quantifies the aggregate effects of HSR network construction on
travel times, the spatial allocation of labor, real wages, and welfare. Section @examines the sources
of heterogeneous effects across cities. Section [/| compares the historical network with a universal
network and with rollouts that add links in descending order of baseline travel volume. Section [§]

discusses the broader implications for infrastructure policy, and Section [9] concludes.



2 A quantitative spatial model with business and leisure travel

We develop a quantitative spatial model to analyze how the HSR network reshapes the spatial
organization of economic activity by simultaneously reducing business and leisure travel frictions.
Our framework builds upon the seminal contributions in spatial economics (Arkolakisl,2010;/Ahlfeldt
et al., 2015} |Caliendo and Parro, 2015 [Miyauchi et al. [2025) but departs from them by explicitly
embedding HSR-driven accessibility into two channels of spatial equilibrium: First, we introduce
an intercity leisure travel decision into individuals’ sequential location choices. We conceptualize
nonlocal leisure accessibility as a distinct, network-driven locational attribute that yields direct utility.
As HSR is deployed unevenly across space, it generates asymmetric improvements in this leisure
accessibility, thereby shifting the spatial distribution of labor. Second, we allow business travel
frictions to shape the effective cost of sourcing intermediate inputs across space. When passenger
travel between two cities is costly, final-goods buyers find it more expensive to evaluate suppliers,
verify quality, negotiate contracts, and sustain procurement relationships in the distant market;
these informational frictions raise the effective import prices that buyers can achieve. The HSR
network, by lowering bilateral business travel barriers, therefore compresses effective sourcing costs
on connected routes and restructures spatial trade patterns. We microfound this mechanism with
an endogenous search technology: more intensive search improves the distribution of import price
offers that buyers encounter from each origin, and firms face the trade-off between this cost reduction
and the travel-time-dependent search costs. Search thus provides a tractable way to discipline how
business travel time enters sourcing costs and equilibrium trade shares.

The spatial economy comprises N discrete locations, indexed by j,n,m € N = {1,...,N},
and K production sectors, indexed by k,s € K = {1,...,K}. The general equilibrium operates
through three interacting blocks: (i) Workers endogenously choose their residential location, supply
labor, consume goods and housing, and make intercity leisure travel decisions; (ii) Intermediate
goods firms operate under perfect competition, utilizing labor and final goods to produce sector-
specific varieties; (iii) Final goods firms operate under monopolistic competition with a fixed entry
cost. They aggregate intermediate varieties into non-tradable final goods for local consumption and
production. Crucially, their sourcing choices and thereby the import prices they can achieve are

constrained by costly search over intermediate suppliers.

2.1 Workers

We assume that an individual i, who originates from city j, resides and works in city n, and travels

to city m (m # n) for leisure purposes, obtains the following utility:

u]nm(l) =

anen (i) (cnu) )"’ (Hnm)“ﬁ (bmfma)

v
g \T=8) " am ) preN, meN\in.

jn
In this specification, a,, denotes the average residential amenity of city n, encompassing local public
goods and intra-city leisure facilities. By explicitly imposing the restriction m # n, we analytically

separate local amenities from nonlocal leisure travel, isolating the unique welfare gains derived



from accessing external locations. The term &,,(i) represents an idiosyncratic preference shock for
residing in city n, drawn independently from a Fréchet distribution with cumulative distribution
function G¢(x) = exp(—x‘gR). The parameter ¢, captures the bilateral migration frictions from
origin j to destination n.

Workers derive utility from the consumption of final goods, C, (i), and housing, H,(i). The
budget constraint is given by:

pncn(l) + }"an(l) = Wn,

where p,, is the aggregate price index for final goods, r, is the housing rent, and w,, is the nominal
wage rate in city n. The Cobb-Douglas preference implies constant expenditure shares, with
pnCn(i) = Bwy and rpHy (i) = (1 = B)wi.

Final goods consumption is structurally nested. In city 7, an endogenous number of FX final
goods firms operate in sector k, indexed by f € F¥ = {1,...,F¥}. The aggregate final goods

consumption is given by:

ER Vo
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where C,]f o () is the consumption of the final good produced by firm f in sector k of city n. Goods
within a sector are substitutable with a constant elasticity of substitution oo > 1, while sector-specific
composites are aggregated via a Cobb—Douglas function with expenditure shares pX.

Utility derived from leisure travel is determined by three components: the intrinsic destination
attractiveness b, the leisure travel friction u,,,, and an idiosyncratic destination-specific prefer-
ence shock &,,(i) drawn from a Fréchet distribution G ¢(x) = exp(—x‘gT). We model the travel
friction u,,, purely as an iceberg-style utility discount rather than a monetary cost in the budget
constraint. This microfoundation captures the time-intensive nature of travel: time spent in transit
directly crowds out the effective duration one can enjoy the destination’s leisure facilities, thereby
proportionally discounting the realized utility. Furthermore, unlike models of high-frequency
intra-metropolitan trips where individuals allocate monetary budgets across various destinations
(Miyauchi et al., [2025)), our context of HSR-driven intercity leisure travel represents a relatively
low-frequency activity. Abstracting from the monetary expenditures of leisure travel and a dedicated
tourism sector allows us to maintain analytical tractability.

Following the sequential optimization framework in Miyauchi et al.| (2025)) and |[Lee and Tan
(2026), we assume that workers make their location, travel, and consumption decisions sequentially,
with idiosyncratic preference shocks revealed in stages. The timeline of the worker’s problem unfolds
as follows{]]

Stage 1. Residential choice. Upon observing the realization of the amenity preference shocks

{€,(i) }nen, the worker selects an optimal residential and working city n. Crucially,

'Because the leisure travel and consumption decisions are independent of one another, Stages 2 and 3 can alternatively
be interpreted as simultaneous decisions.



at this stage, the destination-specific travel preference shocks {&,,, (i) } e a\ {n} remain
unobserved; hence, the residential choice is based on the expected utility of future

travel.

Stage 2. Leisure travel choice. Conditional on the chosen residential city 7, the worker observes
the travel preference shocks {&,,, (i) } me o\ {n} and selects an optimal leisure travel des-

tination m to maximize travel utility.

Stage 3. Consumption and housing allocation. Given the chosen residential city, the worker

allocates their wage income between housing and final goods.

We solve this sequential optimization problem via backward induction, starting from the final
stage. Given prices and wages in city n, individual demand for a specific final good from firm f can

be shown to be

)
Chl (i) = L pkpw, (1)
(P%)
where pﬁ’f is the firm-specific price, and
Fk =3
k=D (k) @)
f=1

is the sector-specific price index. Substituting Equation (I)) back into the utility function yields the

indirect utility conditional on residential location choices:

ujnm(i) =

an&n(i) Wn (bm'fm(l) )w

Lin P, Hnm

where the aggregate price index for final goods is p, = Hle( p’n‘)pﬁ, and P, = p/jr,ll_'g represents

the local consumer price index.

Moving backward to Stage 2, conditional on residing in city #» and upon observing the realization
of the travel preference shocks {&,,(i) } e (n}» Workers choose their optimal leisure travel desti-
nation to maximize b,,&, (1) /tnm. Integrating over the Fréchet distribution of these idiosyncratic
shocks, the ex-post leisure travel share of residents in city n who travel to city m perfectly coincides

with the ex-ante choice probability:

AT —Pr{bm‘g—mu)> , meN\{n}, 3)

. T
— {bm"fm’(l)}} — (bm//lnm)g
min Hnm T m'eN\{n} Mnm’

o

T
where @1 = 2o e N\ {n} (Do | ) .
In Stage 1, individuals do not possess information on the exact realization of {&,,(i)} when

selecting their residential location. Instead, they evaluate the expected utility of residing in city n



based on the distribution of travel shocks:

max {angn(i) Wn (bmé:m(i) )lﬂ}] _ anen(i) ﬂ)—/ (¢T) v/oT , )

Uin(i) =Lk
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wherey = T(1-y/07)isa constantE] Constructed precisely as a travel-cost-weighted sum of external
destination attractiveness, @ forms a quantitative index for the overall leisure travel accessibility of
city n. As shown in Equation (4), this network-driven accessibility acts as a fundamental locational
attribute. It enters the residential decision symmetrically to local real wages and intra-city amenities,
formally capturing the spatial premium of being well-connected to external leisure destinations.
Importantly, the composite elasticity /67 governs the relative importance of this “outside”
leisure accessibility versus the “inside” local utility. Encapsulating accessibility via this expected-
utility framework allows us to remain agnostic about individual travel frequencies and the extensive
margin of non-travelers. We do not need to explicitly model a subset of residents who never travel
or pinpoint the exact number of trips per year. If intercity leisure travel is inherently low-frequency
or weakly valued, the preference parameter ¢ will be small. Furthermore, if a substantial proportion
of residents rarely travel out, which implies that they are highly insensitive to destination-specific
idiosyncratic shocks, the Fréchet shape parameter 87 will be correspondingly large. In either
scenario, the structural term ¢ /67 naturally compresses toward zero. We defer the determination of
the leisure channel’s aggregate importance to the data via the subsequent parameter estimation.
Upon observing the residential preference shocks {&,(7)},cpn, workers optimally choose their
residence n* (i) = arg max,en U, (i). The equilibrium share of workers migrating from origin j to

destination # is thus given by:
R _ R R T
_ (anwn)g (LjnPn) 0 (¢£)0 v/o

Ajn =Pr {Uln(l) 2 ’Iq{lg-/i(/{l]m’(l)}} = 0, ) )

where ®; = ¥1¥_| (anwn)? (¢ i Py %" (@Z,)QR‘/’ /6" Therefore, the total labor supply in city n
is given by
N
Ly=) AjuL;,
j=1
where L is the exogenous initial labor endowment in origin city j.

Finally, we aggregate the individual demand for final goods. While workers allocate a share 1 -
of their wage income to housing, we assume that all housing rents are collected by local landlords,
who share the exact same preference structure as workers and spend their entire housing income on
local final goods. Consequently, the aggregate expenditure on final goods in city n precisely equals
the total local wage bill, w,L,. Aggregating the individual demand from Equation (] across all

workers and landlords, the aggregated consumption demand faced by final goods firm f in sector &

2We use I'(+) to denote the Gamma function, thus this requires /87 < 1. Our subsequent parameter estimation will
verify this quantitative assumption.



of city n is given by

k. -0
Pn f) k
W = PuWnLy. (6)

2.2 Firms
2.2.1 Intermediate goods production

In each sector k and city j, intermediate goods are produced by perfectly competitive firms. We
conceptualize the product space as a continuum of sector-specific intermediate varieties indexed by
wk € [0, 1]. For any specific variety w, there exists a pool of potential intermediate suppliers in
city j, each endowed with an idiosyncratic productivity draw zf (wh).

To produce variety wX, an intermediate firm utilizes two types of inputs: labor and final goods
(also referred to as materials) from all sectors. The production function of a firm with productivity

zf. (wk) is given by

kK ks K
Yi b
yf(wk) = zf(wk) [Lf(a)k)] I | | [q_’f’s(wk)] r ,y;_c + 2 :Yf’s _ 1
s=1

s=1

where Lf (w*) is the labor input, and q;f *(w¥) is the input of sector s’s final goods produced in city
J, defined by

o
o-1

F$
J o-1
k, k,s, o
g5 (W) = [Z g7 (@) :
f=1

where qf.’s’f (wk) is the input of sector s’s final good produced by firm f for variety w*. Note
that this formulation shares the exact same CES aggregator as final goods consumption; thus, the
aggregate input cost of sector-specific materials is equal to the sector-specific final goods price index
pj. defined previously.

Due to the homotheticity of the Cobb—Douglas production function, the unit cost of the input
bundle (prior to the productivity adjustment) is given by

k,s

Ve Y
k _ ok, /i s\’
%—%WIT@J :

s=1

—_ k —_ k,S . . . .
where )7;? = (y;?) Vi Hf: 1()/;?’8) Y is a city-sector-specific constant. Consequently, the marginal
cost for a specific intermediate firm to produce variety w* is cf./ z? (wk). Furthermore, cost min-
imization implies that the intermediate firm’s conditional demand for the final good produced by

firm f in sector s can be derived as:

i) 55

ks.fo ky_ \J J ki k

q; (w)—(YﬁWWJLJ(w )-
)
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Integrating over the continuum of varieties wX € [0, 1] and summing across all demanding sectors
k € K, the aggregate intermediate demand faced by final goods firm f in sector s of city j is given
by
-0
K ps’f) ,yk,s
s, f _ ( J J k
Q" = Z ok wiLj, 7
()

where Lf denotes the total production labor employed by intermediate firms in sector k of city j.

2.2.2 Final goods production and search frictions

In each city n and sector k, an endogenous mass of final goods firms, indexed by f € FX, operates
under monopolistic competition. Each firm f acts as an aggregator, sourcing the continuum of
intermediate varieties w* € [0, 1] across various locations to produce a distinct, non-tradable final
good. Following [Caliendo and Parro| (2015), the production function is modeled as a standard CES

aggregator:
n
1

1 n-1 -
vyl = [/ vl (@) 7 dw"} , n>1
0

The unit cost of producing the final good for firm f is the exact CES price index of the sourced

1 ., =
ok = [ / min{c’;n(wk)}l 'dwk] , ®)
| |

JEN

intermediate varieties:

where min ;¢ N{c;?n (w*)} denotes the lowest available import price of intermediate good w* encoun-
tered by the firm across all potential origin cities.

A central departure from standard trade models is that buyers do not costlessly observe the full
set of supplier price offers across space. In practice, evaluating potential suppliers, verifying quality,
negotiating contracts, and sustaining procurement relationships require intercity business travel, so
passenger frictions raise the effective import prices that final goods firms can achieve. We microfound
this procurement friction with a costly search technology: by directing search toward city j, a buyer
improves the distribution of import price offers available from that origin. Following Kortum|(1997)
and [Eaton and Kortum| (1999), we represent the underlying supplier pool with a Poisson point
process over productivities; given local factor costs and iceberg freight, a better productivity draw is
simply a lower import priceE] Specifically, for any variety w*, the number of potential intermediate
suppliers in city j with productivity higher than x follows a Poisson distribution with expectation

Tk _ 7k, —-6F.
Aj(x) —zj : o
AL(x) -
Pr {N]]-‘(x) = t} = —]ﬂ e_/l-?(x),

where the scale parameter TJ’.‘ governs the expected count of potential suppliers and the shape

3Following the original setup in [Kortum| (1997) and [Eaton and Kortum|(1999), given a time point, the total number
of ideas (or potential suppliers) arriving in a location capable of producing a given variety follows a Poisson distribution.
The production efficiency of each idea is independently drawn from a Pareto distribution. Mathematically, this setup is
equivalent to assuming that the productivity draws are generated by a Poisson point process. We show this in detail in

Appendix[A.T]
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parameter 8 inversely governs the dispersion of productivity draws.

Final goods firms do not possess perfect global information to fully access this entire distribution.
To source intermediates from city j, a final goods firm f in city n directs search efforts to randomly
encounter a fraction mflj € (0, 1) of these potential suppliersﬂ By the standard thinning property
of Poisson point processes, the number of encountered suppliers with productivity strictly greater

than x, denoted by N Jkn (x), is also Poisson distributed, but with a proportionally scaled expectation
m’;j/if (x) (see Appendix |A.2(for a proof):

t
k Yk
(mb,250)
Pr {an(x) - [} _ #e—mﬁjdﬁ(x)'

Once the search process in city j is completed, the final goods firm observes the prices of all
encountered suppliers and selects the lowest import price offer among the suppliers it has encountered
in city j. Because the local factor cost cf and freight cost are constant across firms in city j, selecting
the lowest import price is equivalent to selecting the supplier with the highest productivity draw. Let
z;?n(a)k) denote this highest productivity among the encountered intermediate firms in city j. Its
cumulative distribution function is simply the probability that exactly zero encountered firms have a

productivity greater than xﬂ

P

an(x) =Pr {zj?n(wk) < x} =Pr {Nj].‘n(x) = 0} — o Timx 9)

This distribution function summarizes the encountered technological frontier.

Note that when search frictions are assumed away (i.e., m’n‘j = lforalln, j € N), this distribution
perfectly reduces to the classical assumption of a Fréchet distribution. In an information-frictionless
economy, perfect global information ensures that buyers always match with the highest-productivity
supplier in each city. In contrast, our framework implies that a relatively low-productivity firm
may still secure orders if it happens to be the best match within the limited encountered set of a
buyer. Compared to the classical benchmark, the scale parameter in our search-frictional economy
is downscaled to T/kmﬁ i Therefore, this micro-level search friction manifests as an endogenous
leftward shift of the encountered technological frontier (or equivalently, an endogenous deterioration
in the distribution of import price offers available from city j).

Intermediate goods markets are perfectly competitive. When shipping an intermediate good from

4Strictly speaking, the search effort is an individual firm’s choice and should be denoted with a firm-specific superscript.
However, because all final goods firms within the same sector and city are symmetric, facing identical intermediate input
pools, fixed entry costs, and CES demand elasticities, they will choose the exact same optimal search effort in equilibrium.
For notational convenience, we suppress the firm superscript f for the search effort and the resulting productivity
distributions.

>To clearly see the economic intuition of this search friction, note that the probability in Equation (J) can be equivalently
derived as follows without directly invoking the thinning property:

oP

& t _pkgk -
Pr{Z_’;n(wk)Sx} =ZPr{N}((x)=t} (l—mﬁj) =e i~
t=0

This formulation explicitly illustrates how spatial frictions induce resource misallocation: a final goods firm might source
from a low-productivity supplier simply because it “missed” the 1,2, ..., strictly better suppliers.
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J to n, the supplier charges a price that covers both the marginal production cost and the standard
iceberg freight transport cost d in- In each city j, the import price offered by the encountered,
most-productive supplier is thus a:;?n (w*) = c;‘.J inl zfn (w*). Then the final goods firm selects the
minimum price across all cities. Given the distribution of { zj?n (wF)} je N the probability that city n

imports variety w* from city j is:

—gP
kj k7 kok (k7.
k C]d]n . Cj'dj’n Tj mnj (de]n)
Mjn = POy s Smin  ———— =00 = p , (10)
zjn(w ) J'e zj,n(w ) 1
where
N __er
Tk = Z T}‘,mflj, (cf,dj/n) . (11)
7=l

This probability perfectly coincides with the expenditure share (i.e., the trade share) of city n on
intermediate goods sourced from city j (Eaton and Kortum, [2002). Furthermore, applying the Law
of Large Numbers to Equation (g)), the unit cost of the final good is given by

1-n
: k k
min c; (w
jeN{ Jn( )}

where y = [[((6F + 1 —1n)/6")]/0-1) is a constantE] This equation implies that the unit cost
is decreasing in the search efforts {mﬁ ; }jen- This formalizes the mechanism wherein final goods

firms reduce unit costs by intensifying search toward origins that improve their import-price draws.

2.2.3 Endogenous search

Final goods firms make three interconnected decisions: they set prices under monopolistic compe-
tition, choose their optimal search efforts, and decide whether to enter the market.

First, combining Equations (6) and yields the total aggregate local demand for final goods
produced by firm f in sector k of city n:

kf\~7
(i)

(rk)' =7

vl =l opt = waLy, (13)

where LX = pkL,, + Zle (yfl’k/yfl)L;. Given the unit cost of the final good cX, final goods firm f

sets the price to maximize its gross profit:
max " = v,/ (p]fl’f - @'ﬁ) :
pn’

In this standard monopolistic competition setting, each individual firm sets the optimal price as a

constant markup over the unit cost: pﬁ’f = [o/(0-1)]ck. Accordingly, the maximized gross profit

®Notice that this requires 67 + 1 > . However, because our subsequent analysis does not explicitly depend on the
value of 77, we do not directly test this condition. Since this parametric restriction is standard and required for the widely
adopted |[Eaton and Kortum|(2002) framework to be well-defined, we assume it holds here.
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is given by

- k l-o
kf* ( o ) o 1 wyly, k)
IT = . 14

" o-1 U—l(pf’)]_a' (C” (14)

Because o > 1, a reduction in the unit production cost mechanically translates into a higher gross

profit. This establishes the fundamental incentive for final goods firms to undertake costly travel in
order to secure better import terms on intermediate inputs.

Second, firms optimally determine their search efforts {mfl j} jen- Suppose that to attain a
search intensity mﬁ j in destination j, a firm must employ ll};}f = %(mﬁ j)K units of local labor,
where » > 0 and « > 1 reflect the scale and convexity of search costs. Crucially, raising search
intensity in city j requires intercity business travel by the buyer, so labor costs are scaled by an
lk’f k \«
nj nj/
the model, 7,,; raises the cost of travel-mediated procurement effort that improves the import prices

iceberg passenger friction 7,;. The associated cost is therefore 7,,;w, = ATy jWn(m In
available from j; search intensity m,’i j is the endogenous object through which these efforts translate
into better procurement terms. We do not separately model each procurement activity leading to
lower achieved prices (negotiation, relationship management, etc.); instead, their combined effect
on sourcing costs is summarized by the endogenous search intensity m,’fl i The firm’s problem is to

choose {mﬁj } je & to maximize its gross profit minus total search costs:

N
k,f* K
max an — E HTpjWn (mﬁj) .

k n
{mnj JEN JZ]

This optimization formalizes the core trade-off between the procurement-cost gains from better
import-price draws and the travel-time costs of business travel The first-order condition implies

that the optimal search effort satisfies

1
- 1-o Tk o-1-0" P k=1
kK _ g 0-’)/ Ln k oP k k7 0 -1 .
Mni = (a-l)-veP%K'(p,’i)l‘“'(Tn) TH(Sdn) | vieN. (9)

Notice that this equation does not yield a closed-form solution for the optimal search effort (since 7'¥
is a function of the entire search effort vector), thus we provide the discussion about its uniqueness
and global optimality in Appendix[A.3] Yet, substituting Equation (I3) back into Equation (10) can

yield the closed-form trade share under optimal endogenous search:

7k, = — . (16)
k=1 - k=1
£ (1) ()

"To rigorously ensure a strict interior solution mﬁj € (0,1) across all bilateral pairs, we assume the search cost
scale parameter x is sufficiently large. Because » operates as a time-invariant multiplier across the optimal search
conditions, its absolute level cancels out when we focus on the relative changes of variables in the Exact Hat Algebra
framework. Therefore, this theoretical bounding assumption does not impose any empirical restrictions on our subsequent
counterfactual analysis.
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Equation (I6) highlights a fundamental mechanism of our framework: the structural decoupling
and interactive amplification of physical freight costs (d in) and informational search frictions (7).
Compared to the classical |[Eaton and Kortum| (2002)) benchmark, the elasticity of trade with respect
to physical freight costs is structurally amplified from 6% to k6% /(k — 1) > 6F. This is because,
anticipating that high physical shipping costs will erode the ex-post profitability of sourcing from
city j, final goods firms in city n rationally decrease their ex-ante search efforts. This reduced search
systematically shrinks the effective technology pool encountered, compounding the initial physical
trade barrier with an endogenous informational one.

More importantly, our framework formally separates the business travel friction 7,,; from the
physical freight cost d jn- The business travel friction enters the trade share distinctively, governed by
the convexity of search costs 1/(x — 1). When HSR connects two cities, it substantially compresses
business travel time without directly altering physical freight costs. This shock lowers the marginal
cost of travel-mediated procurement effort, leading buyers to travel more intensively toward con-
nected origins, improve the import prices they achieve there, and expand trade along the route even
when physical freight costs J jn are unchanged. HSR can therefore raise bilateral trade purely by

compressing passenger frictions in the sourcing process.

2.2.4 Firm entry and equilibrium prices

To close the firm block, we endogenize the number of final goods firms FX. Suppose that final goods
firms can enter sector  in city n by paying a fixed entry cost, denominated in ¢ units of local labor.
In a free-entry equilibrium, the optimized net profits of each active firm are entirely dissipated by
this fixed entry cost.

Because all final goods firms in the same sector of the same city are symmetric, they exert identical
optimal search efforts, face the same unit cost c¥, and set an identical price pﬁ’f = [o/(o - 1)]ck.
According to Equation (2)), the sector-specific aggregate price index simplifies to:

1

g T-o
pﬁzo__lcﬁ(F,]f)l . (17)

Substituting this symmetric pricing rule back into the gross profit function, we obtain the maximized

gross profit for each individual firm:

1 w,Lk

k,f*
I =

(18)
Additionally, utilizing the first-order condition with respect to the optimal search effort, the total
optimized search costs incurred by a firm can be shown to be (see Appendix for a detailed

derivation):
N

7 k
c\¥ o—-1w,L
E%Tnjwn (mn]) =P ;k". (19)

n

J=1

Combining Equation (I8)) and Equation (19), and equating the remaining net profits to the fixed
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k

"> we obtain the equilibrium number of ﬁrmsﬂ

entry cost w,C

kO —o + 1 LK

—. 20
ko@P  ck 20)

k,f* K -
an —Z%Tnjwn (mﬁ]) :wncﬁ = F,’,f:

J=1

This expression indicates that a larger local market size (Zﬁ) or a lower entry barrier (c'fl) sustains a
greater variety of final goods firms.
Moreover, substituting Equation (20) into Equation (T7)), we obtain the final good price index in

equilibrium:

1
oy (k0F =0 +1\T7 [ \o57 (+1\ o -1/6"
p,]i T o1 ( ko6Ff ) (cﬁ) (LI';) (T'i() : @D

This equation captures a canonical spatial agglomeration force. As more final goods firms enter the
market driven by a larger market size LX, the endogenous expansion in variety drives down the final
goods price index (since 1/(1 — o) < 0). This “love-of-variety” effect, which resonates with the
insights emphasized by|[Handbury and Weinstein|(2015]), increases the real income derived from final
goods consumption and attracts labor migration. In general equilibrium, this agglomeration force
will be counterbalanced by a dispersion force from the housing market, where population inflows
mechanically increase local housing rents.

Finally, by substituting Equations (T3] and (ZT)) into Equation (TT)), we solve for 7'¥ in equilibrium:

k=1

1 N K _KHP K

T,’f:A(c‘fL); Z(T}‘)“" N

1-k
J=1

——

k
cjdjn To; ,

where A = (o — 1)/%[%(8Fk — o + 1)] /% is a constant.

2.3 Market clearing

To close the model, we specify the market clearing conditions for housing, goods, and labor. The

interplay of these markets determines the general equilibrium of the spatial economy.

2.3.1 Housing market

Following the standard approach in the urban literature, we assume that housing H,, is supplied by
a competitive construction sector that uses a fixed area of land M,, and capital K, as inputs (Epple
et al., 2010; Ahlfeldt et al., 2015; (Combes et al.,|2019). To simplify the analysis, we assume that the

production function is Cobb—Douglas:
H,=K;M), %, 0<¢<l,

where 1 — { represents the cost share of land in construction. Let 7 denote the exogenous unit price

land
n

of capital, and p,*"® denote the endogenous local land rent. Cost minimization by construction firms

8For the equilibrium number of firms to be strictly positive, we impose the parametric restriction x6° > o — 1. Our
subsequent parameter estimation will verify this quantitative assumption.
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yields the housing rent r,, = £~ (1 — )¢ ~'7¢ (p!and)!1=¢ Given total housing demand H,,, this

housing rent can be rewritten as
-1 1=¢

= 1FM,,§; H,7 . (22)
¢
On the demand side, recall from the worker’s budget constraint that a fraction 1 — 8 of wage
income is allocated to housing. This housing expenditure is collected by local landlords and further
recycled into local final goods consumption. Consequently, the housing market clearing condition
is given by
rnHp = (1= B)wnLp. (23)

Combining Equations (22) and (23), we solve for the equilibrium housing rent as a function of local

population and nominal wage:
ra= (L= B) MY T Ly (24)

This equation captures the core dispersion force of our spatial equilibrium. Because 1 — ¢ > 0, the

inflow of population bids up local housing rents due to the constrained supply of land.

2.3.2 Goods and labor markets

Let X jk denote the total expenditure on final goods in sector k of city j. This expenditure originates
from two sources: final consumption and input demand from all local intermediate producers. The

goods market clearing condition is thus given by

K
XK= phwiLi+ > y7 RS, (25)
s=1

where R; is the total revenue of intermediate goods produced in sector s of city j.

Since final goods firms in sector s of city n set prices with a markup o /(o — 1), their total
expenditure on intermediate varieties exactly equals a fraction (o — 1) /o of their total revenue X .
Consequently, the total revenue of intermediate firms in sector s of city j is the sum of intermediate

expenditures across all cities buying from them:

o-1
RS = Z s XS (26)

jnn:
n=1

Finally, we consider the labor market clearing condition. The total local labor income w,, L,

is composed of payments from two distinct sources: intermediate goods firms and final goods

firms. Intermediate producers in sector k allocate a fraction y* of their total revenue to production

labor. Driven by the free-entry condition, final goods firms in each sector exhaust their aggregate

gross profits entirely by hiring local labor for business search and firm entry, which mathematically
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amounts to (1/ U)X,’jﬂ Summing these two components, the labor market clears as

K

1

Waln = (y’;R,’g + ;X,’f) . 27)
k=1

2.4 HSR shocks and the counterfactual equilibrium in relative changes

To quantify the general equilibrium impacts of the HSR network, we employ the Exact Hat Algebra
(EHA) approach pioneered by |Dekle et al.[(2007)). For any variable x, let x” denote its counterfactual
value and define its relative change as £ = x’/x. Focusing on the relative changes of endogenous
variables allows us to compute counterfactual outcomes using only the observed baseline data and
the relative changes in exogenous shocks.

Within this EHA framework, we introduce the HSR network as exogenous shocks that simultane-
ously reduce both leisure travel frictions u,,, and business travel frictions 7,,;. Formally, we model
these spatial frictions as constant-elasticity functions of actual travel time, given by i, = th,‘f:l and
Ty = att® ;’. We allow the elasticity parameters (! and o) to differ, reflecting the distinct time
sensitivities of residents engaging in leisure activities versus final goods firms conducting business
travel for procurement. Consequently, a reduction in travel time translates into relative changes in
spatial frictions, given by /i, = 7% and Tnj = f,‘l’;.

By quantifying the actual travel time reductions induced by HSR, we can directly feed these
exogenous travel time shocks {7}, je o into the system to solve for the full counterfactual spatial
equilibrium in relative changes. Because the EHA method has evolved into a standard method in the
literature, we provide the formal definition of the equilibrium in relative changes and the full system

of non-linear equations in Appendix

3 Data and HSR network evolution

3.1 Overview of the data construction

To calibrate the structural model and implement the counterfactual analysis, we compile a compre-
hensive set of datasets covering over 300 cities in China from 2008 to 2015/ In the main text, we
provide an overview of our primary data sources and the construction of key variables. Detailed

data processing procedures and justifications are provided in Appendix [B]

This can be formally shown as follows. First, Equation (T8) indicates that the gross profit of all final goods in sector
k of city n is given by (1/0")w, L. Second, multiplying both sides of Equation by pﬁ’f and summing over all final
goods firms f yields the total sector revenue X¥ = w, LX. Therefore, the aggregate gross profit in sector k of city n is
exactly (1/07)X¥, which is fully transferred to workers as payments for search and entry costs.

10China’s administrative hierarchy comprises 34 provincial-level regions, including 4 directly-administered municipal-
ities (provincial-level cities): Beijing, Tianjin, Shanghai, and Chongqing. The remaining provinces are further subdivided
into 333 prefecture-level administrative regions, consisting of 293 prefecture-level cities, 7 prefectures, 30 autonomous
prefectures, and 3 leagues. Throughout our analysis, the term “city” refers to either a direct-administered municipality
or a prefecture-level administrative region (thus 337 cities in total). Because our counterfactual simulations require the
integration of all datasets, we restrict the spatial coverage in the counterfactual analysis to the intersection of all available
locations, yielding a set of 302 cities.
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Demographic data.—To determine the center of each city, we utilize gridded demographic data
from the Gridded Population of the World (GPWv4) dataset, specifically Version 4.11, provided by
NASA. This dataset provides population count estimates per grid cell, based on the 2010 National
Population Census in China, at a spatial resolution of 0.0083° x 0.0083°. We use the population
count of each cell as a weight to calculate the “center of mass” for each city’s polygon, which we
subsequently designate as the city population center.

Highway network data.—To measure the evolution of road connectivity, we utilize geographic
data on China’s highway and first-rate road networks spanning 2008 to 20135, originally constructed
by|Ma and Tang (2024)@ The raw data provide a digitized, pixel-level mapping of the road network
along with pixel-specific engineering design speeds ranging from 60 km/h to 120 km/h. To calculate
city-to-city pairwise travel times, we overlay this network onto a high-resolution 0.005° x 0.005°
spatial grid and employ a grid-based least-cost path algorithm to identify the time-minimizing route
between any two city centers. This baseline highway travel time serves as the benchmark to quantify
the travel time reductions induced by the HSR network. Furthermore, to construct a corresponding
measure for road freight travel times, we impose a speed limit of 100 km/h and recompute the
minimum pairwise travel times [’

Railway schedule snapshots.—Our primary measure of railway accessibility relies on snapshots
of official train schedules for eight distinct dates spanning 2008 to 2015. The raw data provide
sequential timetables for all operational passenger trains, detailing the ordered sequence of stops
alongside precise arrival and departure times. Because the Chinese intercity railway system operates
under a rigid, centrally planned scheduling framework, a single-day snapshot reliably reflects the
stable transport connectivity during that period. We map over 4,000 unique railway stations to their
corresponding prefecture-level cities and geographic coordinates. We then convert these sequential
timetables into a bilateral station-to-station origin—destination dataset. Following standard empirical
practice, we utilize the prefix of each train number to distinguish HSR (prefixes G, D, and C)
from conventional trains. Finally, to ensure strict comparability across transportation modes, we
construct a measure of effective door-to-door travel time by combining the in-vehicle rail transit
time with the local road travel time from the respective city centers to the stations. The city-to-city
pairwise railway travel time—calculated separately for HSR and conventional trains—is defined as
the minimum door-to-door travel time across all available schedules directly connecting any given
city pair.

Migration data.—To construct the bilateral labor migration matrix and measure spatial labor
mobility, we utilize individual-level microdata from the 2010 National Population Census and the
2015 National 1% Population Sampling Survey. These datasets consistently report respondents’
current residential location and their official household registration (hukou) locationE] Consistent

with many quantitative studies about China (e.g., Tombe and Zhu, 2019} [Liang et al., |2024), we

TWe classify both highways and first-rate roads under the unified category of the highway network. For expositional
simplicity, we refer to them collectively as “highways” throughout the text.

12 According to the Implementing Regulations of the Road Traffic Safety Law of China, large motor vehicles (including
freight trucks) are strictly prohibited from exceeding 100 km/h on highways. The document is available at https:
//www.gov.cn/zwgk/2005-05/23/content_214.htm (accessed July 2026).

3For a more detailed description of the hukou system in China, see|Song (2014).
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define an individual’s origin city by their hukou location and their destination city by their current
residence. Migrants are then defined as individuals whose hukou location is different from their
current residence. By aggregating these micro-level records to the prefecture-city pair level, we
construct the directional migration shares.

Intercity, multi-sector input-output data.—To capture spatial production networks and calibrate
the structural elasticity parameters, we utilize the China City-Level Multi-Regional Input-Output
(MRIO) tables for the years 2012 and 2015, provided by [Zheng et al.| (2022). The dataset estimates
the intermediate input flows, value added, and final demands across 42 economic sectors among 313
regions. We leverage these matrices to directly construct the sector-specific bilateral trade shares
across cities and calibrate consumption shares and production elasticities.

UnionPay data.—We measure bilateral business and leisure travel using nationwide, anonymized
credit- and debit-card transactions processed through the UnionPay network from 2011 to 2015. Dur-
ing this period, UnionPay was the de facto monopoly provider of domestic interbank card-clearing
services, and its underlying records therefore covered virtually all interbank card transactions in
China. Our dataset contains complete transaction histories for a random 1% sample comprising ap-
proximately 27 million cards, providing unusually broad longitudinal coverage of intercity passenger
movements. We retain offline transactions, which record purchases made while the cardholder is
physically present at the merchant, and map merchant locations to prefecture-level cities. We assign
each card a home city based on its most frequent location of use within a rolling twelve-month
window and identify travel when the card is used outside that city. We classify trips on non-holiday
weekdays as business travel and trips during national public holidays and an extended Chinese New

Year window as leisure travel.

3.2 HSR network evolution

Before proceeding to the structural estimation, we document two stylized facts regarding the spatial
expansion and long-haul economy of China’s HSR network. These facts not only illustrate the
real-world infrastructure planning process but also provide empirical foundations for our subsequent
counterfactual simulations.

Fact #1: Volume-oriented network expansion. The deployment of the HSR network was not
geographically random; instead, it exhibited a notable volume-oriented prioritization. To illustrate
this, we utilize the 2011 UnionPay bilateral business travel volume as a time-invariant baseline
measure of intercity passenger demand. As shown in Table[I] during the initial phase of the network
in 2008, the system connected only 293 directed city pairs, yet these pairs accounted for 16% of
the total national business travel volume. As the network aggressively expanded over the years,
the mean distance between connected cities gradually increased. We graphically illustrate this
connection evolution in Appendix Figure[E.T| which demonstrates that the network initially focused
on the highly developed eastern regions before gradually penetrating into the central and western
regions. By 2015, the network had grown to cover 6,669 pairs, accompanied by a significant decline
in the average volume per connected pair. This declining average suggests that as the network

extended into less dense regions, marginal infrastructure investments likely faced an efficiency
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trade-off.

This volume-oriented expansion is further reflected in the network’s coverage of the highest-
demand corridors. In 2008, the network covered 26 of the top 0.1% (90 pairs in total) and 118 of the
top 1% (about 900 pairs in total) highest-volume routes. By 2015, these numbers had reached 82 and
601, respectively. However, the fact that nearly one-third of the top 1% routes remained unconnected
by 2015 implies that passenger volume, while crucial, was not the exclusive determinant of network
expansion. A growing body of political economy literature highlights that China’s HSR rollout was
also deeply shaped by central-local bargaining and local officials’ promotion incentives (e.g., Ma,
2022)). These strategic political maneuvers may have led to deviations from an efficiency-maximizing
network. We will contrast the actual network expansion with a strictly volume-based construction

order in our counterfactual simulations.

Table 1: The evolution of China’s HSR network from 2008 to 2015

Year  # connected Mean Total volume Volume per # top 0.1% # top 1%
pairs distance (km) share (%) pair pairs pairs
2008 293 343.27 16.19 2,285.13 26 118
2009 1,073 430.18 23.64 910.91 31 221
2010 1,461 409.86 31.45 890.09 39 310
2011 1,735 426.36 37.88 902.64 48 342
2012 2,461 474.49 46.04 773.54 56 401
2013 2,960 510.65 49.48 691.24 59 415
2014 5,231 643.35 60.37 477.17 74 525
2015 6,669 667.91 66.74 413.81 82 601

Notes: This table summarizes the evolution of China’s HSR network from 2008 to 2015. The unit of
observation is a directed city pair (337 x 336 = 113,232 in total), which accounts for rare instances where
outbound and inbound services have asymmetric intermediate stops. Columns (2) and (3) report the total
number of connected pairs and the mean distance between their city centers, respectively. To measure intercity
passenger demand, we utilize 2011 UnionPay business travel volume as a time-invariant baseline measure.
Based on this baseline, Columns (4) and (5) report the share of total travel volume captured by the HSR-
connected pairs and the average volume per pair. Columns (6) and (7) present the number of connected pairs
that rank within the top 0.1% and 1% of all directed routes in terms of baseline travel volume.

Fact #2: The long-haul economy of HSR. According to |[Koster et al.| (2022)), a transportation
technology exhibits a “long-haul economy” if travel time (or cost) increases less than proportionately
with geographical distance. To empirically quantify this feature across different transportation

modes, we estimate the following specification:
Int,j; = a; + B; In Distance,; + €1, (28)

where 1, j; is the minimum travel time between city n and city j in year ¢ by a given transportation
mode, «; is the year-specific intercept, Distance,; is the geographic distance between the centers of
city n and city j, ; is the distance elasticity in year 7, and €, ; is the error term.

Table [2] reports the estimation results for HSR, conventional trains, and highways. Consistent
with the findings in[Koster et al.|(2022), the distance elasticity of HSR travel time (8;) is consistently
and significantly less than one across all observed years (e.g., 0.781 in 2015). Economically, this

implies that a 1% increase in physical distance translates to only a 0.781% increase in HSR travel
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time. In contrast, the elasticities for conventional trains and highways are much closer to unity
(averaging approximately 0.91 and 0.97, respectively).

This structural advantage over long distances is a defining feature of the HSR network. Accurately
documenting this relationship is critical for our counterfactual analysis. Rather than assuming a naive,
uniform proportional time reduction across all city pairs, incorporating this empirically estimated
long-haul economy allows us to realistically parameterize and predict travel times for unobserved

routes when simulating a fully connected national network.

Table 2: The long-haul economy of HSR, conventional train, and highway

Dependent variable: Logarithm of travel time

High-speed rail Conventional train Highway

) (2) (3)
In(distance) x 1{¢r = 2008} 0.678"" 0.892"* 0.963""
(0.025) (0.008) (0.009)
In(distance) x 1{r = 2009} 0.769"" 0.913"* 0.968""
(0.018) (0.008) (0.009)
In(distance) x 1{r = 2010} 0.791™" 0.910™" 0.970"*
(0.021) (0.007) (0.009)
In(distance) x 1{¢r = 2011} 0.755™" 0.911™ 0.970""
(0.019) (0.007) (0.009)
In(distance) x 1{r = 2012} 0.755™" 0.910"" 0.965""
(0.019) (0.007) (0.008)
In(distance) x 1{¢r = 2013} 0.711°" 0.925""* 0.967"
(0.016) (0.007) (0.008)
In(distance) x 1{r = 2014} 0.767"" 0.920"*" 0.967""
(0.014) (0.007) (0.008)
In(distance) x 1{t = 2015} 0.781°"" 0.914™" 0.970""
(0.012) (0.007) (0.008)

Year fixed effects Yes Yes Yes
# of observations 21,883 191,551 905,856

Notes: This table reports the estimation results for Equation (28). The estimation sample comprises a panel
of bilateral travel times spanning the period 2008 to 2015; consequently, the coefficients on the interaction
terms capture the year-specific elasticities of travel time with respect to distance. Standard errors, two-way
clustered at the origin and destination city levels, are reported in parentheses.
wok sk %

p<0.01, "p<0.05 p<0.1.

4 Parameter calibration and estimation

As shown in our definition of the counterfactual equilibrium, implementing the counterfactual
analysis requires parameterizing the model. The set of required structural parameters includes
{07, 2,8,0%,4/07,0%,k,a®, 0} and a set of Cobb-Douglas shares {pﬁ,yﬁ,y’,ﬁ’s}ne,\/,k,seq(.
In this section, we first calibrate part of them based on the literature and observed data. We
then estimate the remaining elasticities sequentially, exploiting the precise network variations and

structural relationships outlined in the model.
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4.1 Calibration and external parameters

We calibrate the consumption shares (o) and the production elasticities (y* for labor and y,],f’s
for materials) directly from the 2012 China City-Level MRIO table, as detailed in Appendix
Moreover, we calibrate the expenditure share on final goods to 8 = 0.85 based on the China Statistical
Yearbook, which represents the average share across urban and rural residents.

Next, we assign values to several structural parameters well established in the literature. First,
Wu et al.| (2012) estimates that land transaction prices account for, on average, 37% of total house
values. Since 1 — £ quantifies the share of land costs in total construction costs (and housing rent
in a competitive market), we set { = 0.63. Second, following |Ma and Tang| (2024)), we set the
elasticity of substitution for firm-specific final goods aggregation to o = 6, which centers within
the commonly estimated range reported by |Anderson and van Wincoop|(2004). Third, we calibrate
the shape parameter governing the spatial dispersion of residential preference shocks to A% = 1.9,
according to the intercity migration elasticity estimated by [Fang and Huang| (2022).

Finally, we discuss the calibration of the trade elasticity. While there is a large literature on
international trade elasticities, precise estimates for intra-national trade elasticities remain scarce
(Tombe and Zhul, 2019). Unlike international trade, where asymmetric bilateral tariffs provide clear
observable variations and price data are widely available (e.g., the method proposed by Caliendo and
Parrol 2015)), precisely quantifying bilateral trade frictions between domestic cities is empirically
challenging.

We benchmark our parameters against (Che et al| (2024), who estimate 16 sector-specific,
intra-national trade elasticities using price data in China. Under their quantitative trade model
building on Caliendo and Parro (2015), the structural relationship is log-linear: ln(ﬂj?n /ﬂfj) =
-6F ln(cf d inl ck). The authors then approach the right-hand side using observed spatial price gaps.
However, by explicitly micro-founding the business search process, our spatial framework yields a

different structural relationship:

In ikn :;ln % — k6" In Cﬁjjn - ! In Inj
ak k—1 E?, k—1 ck k-1 i)

Jj

This model-implied relationship indicates that, if we estimate the identical empirical specification
as in [Che et al.[(2024)), the structural interpretation of the estimated coefficient on the relative cost
term maps to —«x@F /(k — 1) rather than —6. Consequently, for our baseline calibration, we take
the average of their 16 sector-specific estimates, which is 5.94, to calibrate the composite term
k6P /(k — 1) as a whole. We will then solve for x and #” separately in the following estimation.
Furthermore, our theoretical framework suggests that estimating the identical specification inevitably
relegates the unobserved relative search cost 7,;/7;; into the error term. Because spatial search
frictions are positively correlated with physical freight transport costs J jn, this omission could
induce a systematic upward bias in absolute magnitude.

Reassuringly, in the counterfactual equilibrium system, this calibrated value governs how changes
in suppliers’ production costs éf. reallocate trade across origins (see Appendix Equation (A.5))). By

contrast, HSR enters trade shares directly through 7,,; with elasticity a® /(1 - k), which does not

23



depend on this calibration. Therefore, we expect our results to be insensitive to a smaller value of
this calibration. In our counterfactual analysis, we explicitly explore alternative, smaller values of

this calibration as a robustness check.

4.2 [Estimation
4.2.1 Leisure travel gravity

We start by estimating the leisure travel gravity equation to identify the composite travel friction

elasticity, o’ 67. According to the structural gravity relationship implied by Equation (3), we specify

the following regression equation:
AT =exp (—aTeT 1N tyms + G + 5m) + e, meN\{n, (29)

where /1}2 ¢ 1s the share of observed intercity leisure trips from city n to city m, relative to all observed

intercity lleisure trips originating in n in year ¢, and t,,,,; is the minimum travel time between city m and
n across all transportation modes covered by our data (i.e., highway, conventional train, and HSR).
The destination—time fixed effects, ¢,,,, control for the time-varying destination attractiveness, while
the origin—year fixed effects, ¢,;, capture the time-varying leisure travel accessibility. Finally, the
observed UnionPay share may deviate from this population counterpart because it is constructed from
a finite sample of transactions. We therefore add an error term €, to reflect the mismeasurement
of the dependent variable and assume it is conditionally mean-zero.

To estimate the parameters, we employ the Poisson Pseudo-Maximum Likelihood (PPML)
estimator. This approach naturally accommodates observed zero-flow city pairs without requiring
arbitrary data transformations. Table[3|reports the estimation results. Because our UnionPay dataset
spans from 2011 to 2015, we construct the bilateral leisure travel shares and travel times for each
year and pool them in Column (1). The point estimate is statistically significant and economically
large, suggesting that a 1% increase in bilateral travel time reduces the leisure travel share by about
2%. In columns (2)—(6), the year-specific elasticity estimates range from 1.812 to 2.111 and decline
monotonically over the sample period. Nevertheless, each estimate remains close to the pooled
estimate. We then set a” 67 = 2 as our baseline value.

Because our dataset omits air travel times, relying exclusively on the minimum travel time across
the highway and railway networks may systematically overestimate the true travel friction for distant
city pairs. [Fang et al.|(2025)) find that HSR competition with airlines is strongest within the range
of approximately 1,200 km. Motivated by this benchmark, we re-estimate the leisure travel gravity
equation using restricted samples that retain only city pairs whose straight-line distances do not
exceed 600, 800, 1,000, 1,200, or 1,400 km. As shown in Appendix Table@ the estimates remain
quantitatively close to our baseline value.

Under the maintained assumption that the UnionPay destination shares are representative of the
underlying distribution of intercity leisure trips, the estimated origin and destination fixed effects
admit structural interpretations. Denoting the estimated fixed effects as 8me and 6,,;, We recover each

city’s destination attractiveness and leisure travel accessibility relative to the geometric averages.
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Table 3: The estimation of the leisure travel gravity equation

Dependent variable: A7
mln,t

All 2011 2012 2013 2014 2015
(D 2 3 4 (®)] (6)
In £z -1.981™"  —2.111™  —2.056""  -2.011""  -1.897""  -1.812""
(0.089) (0.068) (0.075) (0.094) 0.112) (0.106)
Destination FEs No Yes Yes Yes Yes Yes
Origin FEs No Yes Yes Yes Yes Yes
Destination X year FEs Yes No No No No No
Origin X year FEs Yes No No No No No
# of observations 559,450 111,890 111,890 111,890 111,890 111,890

Notes: This table presents the estimation results of Equation (29) using the PPML estimator. Column (1) uses
the panel data of all city pairs over 2011 to 2015. Columns (2)-(6) estimate the model separately for each
year. Standard errors, two-way clustered at the origin and destination city levels, are reported in parentheses.
“p<0.01,"p<0.05, p<0.1.

Specifically, by centering the estimated fixed effects, we have

T
. 1 N Bor \°
exXp (sz - W Z 5m/l —p (l;ﬂt) (30)
t m'e)\N/fleS t
and
. 1 ~ ol
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t nze/((;)ri

where N9 and N°" are the sets of cities which have estimated destination and origin fixed effects,
respectively, and b, and ®! denote the geometric averages of destination attractiveness and origin
accessibility across all available cities in year t. We employ these recovered components, denoted by

b?" /b?" and @7 /BT, in our subsequent estimation of the migration gravity equation. Additionally,

we map the spatial distributions of relative destination attractiveness and leisure travel accessibility
across cities in Appendix Figures[E.2]and [E.3]

Finally, using each city’s observed total outbound leisure travel, we apply the estimated gravity
equation to predict its total inbound volume as a destination and compare it with the observed
inbound volume in Appendix [C.3] The result shows a strong correlation between the predicted and
observed volumes, suggesting a good fit of the gravity equation estimates in explaining the leisure

travel across cities.

4.2.2 Migration gravity

Turning from leisure travel to migration, we estimate the migration gravity to identify the migration

elasticity with respect to leisure travel accessibility. According to the equilibrium migration share

25



in Equation (), we specify the following regression equation:

I A — 6% 1n 20 = gk Y1 Doty gy 1)+ 65+ 32
n jnt — 1’17— G_Tnﬁ-i-ﬂt n( lstancejn+ )+ Jt+€Jnt- ( )
t

Because our migration data cover 2010 and 2015, we pool the two cross-sections and introduce a

time dimension into the estimating equation. In this regression, we utilize the relative accessibility

term @ /®T recovered from the previous leisure travel gravity estimation Because local real
wages are jointly determined with migration in equilibrium, we do not attempt to estimate their
coefficient from the migration equation. Instead, we impose the calibrated 6% = 1.9 and move
the real wage term to the left-hand side. This transformation eliminates the need to instrument for
real wages. Moreover, we control for bilateral physical distance to capture distance-related spatial
migration costs, and include origin—year fixed effects 6 ; to fully absorb the multilateral resistance
term In® ;. Consequently, the structural error term €;,, encapsulates unobserved local amenities
any and residual migration costs.

A prominent identification challenge in this specification is that unobserved local amenities
may be systematically correlated with local transport infrastructure. Because our model defines
accessibility as @Zr = Yve M\{n} (byre/ ,unmf,)gT, the potential correlation between a,,; and s
could induce omitted-variable bias.

To isolate variation in leisure accessibility that does not arise directly from realized bilateral
transport provision, we construct an instrumental variable that replaces actual travel frictions with

distance-based frictions under a uniform and time-invariant travel speed:

@l = Z (b%/EfT)Distance,_m‘f‘,TgT, (33)
meN\{n}

where %" /b?" is the recovered relative destination attractiveness Therefore, this instrument can-
not increase mechanically because city » itself becomes more attractive or because it endogenously
receives faster transport infrastructure. Instead, the IV captures whether city n is geographically
positioned close to a more attractive portfolio of external leisure destinations. Much of the persistent
component of external destination attractiveness is rooted in natural, historical, and cultural endow-
ments outside city n’s control. These features make it plausible that the IV is orthogonal to city n’s
unobserved residential amenities and residual migration costs. We thus use In @7, as an instrument
for In (ﬂ ).

We report the regression results using the 2010 cross-section, the 2015 cross-section, and the

4Because the UnionPay data are only available starting in 2011, we utilize the recovered 2011 measures of leisure
travel accessibility and destination attractiveness as the closest available proxies for their 2010 counterparts. For 2015, we
employ the contemporaneous measures. Furthermore, because fixed effects estimation cannot identify the absolute level
of @7, we rely on its relative magnitude. Conveniently, upon logarithmic transformation, the normalizing denominator
In @7 enters additively and is perfectly absorbed by the origin—year fixed effects.

SSpecifically, assuming a uniform, time-invariant travel speed 7 between all city pairs, the travel time between two
cities n and m is Distancey,, /v. Therefore, we construct a counterfactual friction f,,, = dTDistance,‘{;\‘/‘“T and use it
to replace the actual i, in the definition of @7 . The constants &’ and # do not provide any cross-sectional or temporal

variation and therefore do not affect the IV estimation, thus we omit them from the construction of the instrument.
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pooled panel in Table il Across all specifications, the coefficients on leisure travel accessibility
are consistently positive and statistically significant. The first-stage F-statistics indicate a strong
relevance between the instrument and recovered leisure accessibility. The IV estimates are modestly
larger than their OLS counterparts, although the differences are quantitatively small.

For the subsequent counterfactual analysis, we adopt the estimated parameter A%y /67 = 0.18
from Column (6). Combined with our calibration of % = 1.9, this yields a value of 0.095
for /6T, This implies that the migration elasticity with respect to nonlocal leisure accessibility is
approximately 9.5% as large as the elasticity with respect to local real wages and intra-city amenities.
Although this relative weight is modest, large HSR-induced changes in leisure accessibility can still

make the direct leisure channel quantitatively important, as we assess in the counterfactual analysis.

Table 4: The estimation of the migration gravity equation

Dependent variable: In,,, — 6% In V;—ZZ

2010 2015 Both years
ey @) 3) “) () (6)
In(®L /D7) 0.101™  0.110™ 0.209™"  0.248" 0.151™"  0.180""
(0.049) (0.054) (0.068) (0.071) (0.055) (0.060)
In(distance) —-0.909""  -0.910""" -0.876"" -0.879""
(0.015) (0.016) (0.016) (0.017)
In(distance) x 1{¢r = 2010} -0.914™" -0.916"
(0.016) (0.017)
In(distance) x 1{¢r = 2015} —-0.872"" -0.874™"
(0.016) (0.016)
Origin fixed effects Yes Yes Yes Yes No No
Origin X year fixed effects No No No No Yes Yes
Estimator OLS v OLS v OLS v
First-stage F-statistic 1,759 1,039 1,594
# of observations 14,216 14,219 14,227 14,227 28,443 28,443

Notes: This table presents the estimation results of Equation (32)). Columns (1) and (2) use the cross-sectional
data in 2010, columns (3) and (4) use the cross-sectional data in 2015, and columns (5) and (6) use the pooled
data over both years. The OLS estimator is used in Columns (1), (3), and (5), while the IV estimator is used
in Columns (2), (4), and (6). The instrument is constructed according to Equation (33). Kleibergen—Paap
F-statistics are reported. Standard errors, two-way clustered at the origin and destination city levels, are
reported in parentheses.

“*p <0.01, "p < 0.05, “p < 0.1.

We further examine the sensitivity of our estimates to the calibration of #% in Appendix
The relevant value of the migration elasticity depends on the spatial choice margin and the definition
of location alternatives. Our baseline calibration follows |[Fang and Huang| (2022)), whose city-pair
migration setting and spatial resolution most closely match our analysis. The Appendix analytically
characterizes the relationship between A% and the estimated /67, and re-estimates the migration
gravity equation for alternative values of #R ranging from 1.5 to 3. As #R increases, the model
attributes a larger share of migration responses to real-income differences, leaving a smaller estimated
contribution of leisure accessibility. Although the confidence interval includes zero under the

conservative upper-end calibration of 8% = 3, the point estimate remains positive throughout the
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full range and is statistically significant for all reported calibrations from 1.5 through 2.5, which
encompasses the values most directly comparable to our intercity migration setting.

As an additional robustness check, Appendix [C.2] re-estimates the migration gravity equation
in first-differences between 2010 and 2015. This specification identifies 8%y /67 from within-city
changes in leisure travel accessibility. The IV estimate is 0.144, which is quantitatively close to
our pooled baseline of 0.180, although less precisely estimated because first-differencing requiring
positive migration shares in both census years substantially reduces the log-share sample and removes
much of the cross-sectional variation in accessibility. Moreover, augmenting the regression with the
change in bilateral travel time yields a coeflicient that is small and statistically insignificant, while
the accessibility estimate remains unchanged. Therefore, it provides little evidence that the home-tie
mechanism drives the estimated leisure-accessibility coefficient. E]

Finally, we assess the goodness of fit of the migration gravity estimates in Appendix|C.3] Because
Equation (32) does not estimate the complete structural migration probabilities, we reconstruct
predicted migration shares from the structural definition in Equation (3), retaining observed real
wages, recovered leisure accessibility, and the estimated distance elasticity, while shutting down
amenities and residual non-distance migration costs. Aggregating these predicted shares with each
origin’s observed hukou population yields a predicted residential population for each destination,
which we then compare with the observed population. Again, we find a strong correlation between

the predicted and observed values.

4.2.3 Business search volume

We next estimate the elasticity of business travel frictions with respect to travel time, af. This
parameter governs how reductions in passenger travel time lower the marginal cost of spatial search
and thereby reshape bilateral searching and sourcing.

Recall that a final goods firm in sector k of city n must employ llrf}f = %(mﬁ j)K units of local
labor to attain search intensity mﬁ in supplier city j, and that the corresponding search cost is
Tnj wnls}f . As shown in Appendix , the optimal search costs are allocated across destinations in

proportion to trade shares:

o—1w,LEk k
— .
ko@P Fk "

K
HTpjWn (m’;j) =
Therefore, the aggregate search labor traveling from buyer city n to supplier city j in sector k is

kkof _ =1 joap
Fnlnj = aP TinLy Ty -

Aggregating across sectors and imposing 7,,; = a’ t;l’f yields the model-implied total business

16 A related concern is that HSR may facilitate return visits from residence city n to a migrant’s origin or hukou city j,
thereby directly reducing the effective cost of choosing the j—n migration pair. Aggregate leisure flows used to recover @7
include return-home travel and therefore capture part of its average value. However, @7 is not indexed by the migrant’s
origin city and need not fully absorb this origin-specific home-tie mechanism. We therefore examine the bilateral channel
separately by adding the change in pairwise travel time to the first-difference specification.
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search volume from n to j:

K
kpkof _ 9 1 e k 7k
ZF Li = sp—p tuf >k, LE. (34)
k=1
Using the definition LX = pkL, + Z (v / vs)L? and denoting the sectoral production-labor

share by v; = L /L,, we can rewrite
L = DkL,,,

n

where D = pk + ZS LY kys /yfl We then have

K pkik.f
Zlenln] _ o-1 _QL

K k 7P Plnj
Zk:l”jnDn at ko0

Taking the logarithm and difference across years, we obtain the following regression equation:

kik.f
Fnln,

Aln —k = —aPAlnt,; + A, + A6y, (35)
PR jnD n
where fixed effects A6, = Aln L, and Ae¢,; denotes the independent error term.

However, a practical challenge remains. Although the firm block of our model can be read more
broadly as travel-mediated procurement—with search providing one disciplined microfoundation
for how passenger time enters sourcing costs—UnionPay business transactions do not identify trip
purpose. Observed volume therefore mixes procurement-related travel with residual business trips
that our sourcing block does not coverl];gl For example, reverse advertising visits (suppliers in j
traveling to buyers in n) and trips that primarily generate knowledge spillovers: the latter would shift
the technological frontier and benefit all importers, rather than exclusively improving the specific
price distribution encountered by final-good producers in buyer-city n. Moreover, residual volume
also includes comparatively time-inelastic corporate travel: recurring board or shareholder meetings,
pre-scheduled industry conferences, mandatory regulatory inspections, etc.

To make this problem explicit, decompose observed business travel V,,; into a procurement-
related component that obeys the structural relationship in Equation (33) and a residual component
Vi

K

wj =V + ZF" Ll = (1+¢n)) ) Fr,

k=1

7The MRIO table identifies only the composition of production labor across sectors, X, = L5/ ZK Ly, rather than

= L} /L, relative to total city employment (which also includes search and entry labor). We recover v, from y; using
the goods and labor market clearing conditions; the mapping is derived in Appendix

18This reinterpretation is consistent with the structural model. The critical mechanism is that lower passenger travel
time raises the intensity of procurement-related travel from buyers in n toward potential suppliers in j, thereby improving
the distribution of import prices that those buyers achieve. Search provides a tractable microfoundation for how passenger
travel time enters sourcing costs and equilibrium trade shares. In this sense, it stands in for a broader class of travel-
mediated procurement activities that improve the achieved price distribution, including supplier evaluation, quality
verification, negotiation, and relationship maintenance. Nevertheless, this reinterpretation still abstracts from non-
procurement business travel.
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where ¢, VZ. / Zle Fk ls}f is the ratio of residual to procurement-related travel. Therefore, we

have
Vj

Aln ———
ZE=1 ﬂanﬁ

= —a"Alnt,; + AS, + A€,

(36)

with Af;zj = Aln(1 + ¢,,;) + Aey;. A consistent estimate therefore requires that Aln(1 + ¢,,;) be
orthogonal to Alnz,; after conditioning on buyer-city fixed effects.

The most plausible violations of this condition attenuate rather than inflate of. First, if
procurement-related and residual volumes respond to travel time in the same proportion, ¢,; is
invariant to 7,;, so that Aln(1 + ¢, ;) does not covary with Alnt,;. Equation (36) then estimates
a® consistently. Second, if residual travel is less time-elastic than procurement-related travel, which
is plausible given residual travel contains some time-inelastic trips highlighted above, a decline in
t,j raises procurement travel by more than residual travel and attenuates the composite elasticity of
observed volume toward zero. The estimated o is therefore conservative for the structural elasticity
that governs sourcing frictions.

Because city-level trade shares are available only in 2012 and 2015, we construct the dependent
variable for these two years. We further restrict the sample to intercity pairs, because travel volumes
are inferred from UnionPay card transactions and therefore do not measure intra- and intercity travel
on a comparable scalem As reported in Table |5, we begin in Columns (1) and (2) by estimating
cross-sectional regressions for 2012 and 2015, thereby leveraging the spatial variation in bilateral
travel times. In Column (3), we estimate the first-difference specification in Equation (36). Column
(3) employs the full sample of city pairs, while Column (4) restricts the estimation sample by
excluding pairs with a straight-line distance exceeding 1,200 km. Consistent with the robustness
checks conducted for the leisure travel gravity estimation, this spatial restriction mitigates potential
biases arising from unobserved air travel substitution. Across all columns, the estimated coefficients
remain close and statistically significant. For our subsequent counterfactual simulations, we adopt

the point estimate from Column (3), setting our baseline parameter to a” = 0.3.

4.2.4 Trade gravity

Finally, we estimate the trade gravity equation to identify the convexity of search costs, k. Regarding
data availability, the city-level MRIO tables estimate the trade shares for 42 sectors in 2012 and
2015. Therefore, we take the logarithm of the trade share equation (i.e., Equation (I6)) and construct
the following first-difference specification:

P

@
Alnrk, = ——Alnt,; + AS§ + AS; + Aef,

jn,t 1 —x jn7 (37)

where At,; is the observed change in the minimal travel time from buyer city n to supplier city

J across all modes of transport (i.e., HSR, conventional train, and highway), sector-supplier-city

9For example, overnight lodging and other travel-related spending are much less likely to be recorded when a trip
remains within the same city, so intra-city volumes are systematically underestimated. Unlike the leisure-travel gravity,
where intra-city trips are excluded from the choice set by construction (m # n), the search block treats own-city procurement
as one destination among others. However, we drop these local pairs to avoid mixing incomparable measurements.
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Table 5: The estimation of the business travel volume equation

Dependent variable: ln(V,,j/ZkK=1 ﬂ']?anl) or Aln(V,,j/ZkK=l ﬂj?anl)

2012 2015 First-difference

(1) 2 ©) 4

Int,; —0.242" —-0.353""
(0.057) (0.053)
Alnt,; -0.298" -0.370""
(0.129) (0.123)

Buyer-city fixed effects Yes Yes Yes Yes
Distance restriction No No No < 1,200 km
# of observations 54,976 51,676 51,676 33,262

Notes: This table reports the estimation results for the business travel volume equation. Columns (1) and
(2) report cross-sectional estimates of Equation (36) for 2012 and 2015, respectively, where the dependent
variable is In(V,,;/ Zf:] nj?anl). Columns (3) and (4) estimate the first-differenced specification between
2012 and 2015. Column (4) restricts the estimation sample by excluding city pairs with straight-line distances
exceeding 1,200 km. Standard errors are two-way clustered by supplier and buyer city levels and reported in
parentheses.

“p <0.01, "p <0.05, "p<0.1.

fixed effects Aéf =«k/(k=1)Aln T]’.‘ - xk0F /(k-=1)Aln cf. absorbs the changes in supplier’s average
productivity and production cost, sector-buyer-city fixed effects AGX absorbs the change in the
multilateral resistance denominator, and the error term AEJ’.‘n contains the changes in freight trade
costs Alnd;,.

The main identification concern is that changes in passenger travel time need not be orthogonal to
the freight-cost component in the error term. In particular, improvements in highway infrastructure
can simultaneously reduce passenger travel time and the physical cost of shipping goods. To isolate
passenger-time variation, we instrument Alnt,; using the change in travel time purely generated
by HSR between 2012 and 2015@] The exclusion restriction is motivated by the fact that HSR
carries passengers rather than freight. HSR-induced travel-time savings directly lower the passenger
friction relevant for business search without mechanically lowering the physical cost of shipping
intermediate goods. Therefore, it rules out the most immediate correlation between the instrument
and Alnd in-

Column (1) of Table[f|reports the IV estimation results. The coefficient is statistically significant
and negative, suggesting x > 1 which is consistent with our parameter assumption in the model.
Furthermore, we exclude city pairs that were already connected by HSR in or before 2012 in
Column (2). This restriction removes pairs whose treatment predates the baseline year and makes
the identifying comparison more transparent: variation comes from HSR connection improvement
between 2013 and 2015 relative to pairs not affected during this period. The coefficient decreases in
magnitude but remains statistically significant.

A remaining concern is that the HSR instrument may reflect coordinated corridor-level infras-

0For example, denote the minimal travel time across all modes of transport in 2012 as #,,; 2012 and the travel time by
HSR in 2015 as zﬁjflgm The instrument is then defined as In t,ljjsgms —1Ints;2012. For city pairs without HSR connection
in 2015, the instrument is set to 0.
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tructure planning. China’s national transport plans organized railway and highway within common
multimodal corridors and explicitly treated direct-administered municipalities, provincial capitals,
and municipalities with independent planning status as core nodes As a result, HSR-induced
changes in passenger travel time may remain correlated with changes in residual freight costs
through simultaneous investments in highway or other freight infrastructure. To alleviate this con-
cern, we directly control for the change in freight travel time by highway in Column (3). This
variable proxies for Alnd, and therefore identifies the passenger-search channel holding measured
freight conditions constant.

As a complementary network-placement sensitivity check, Column (4) excludes city pairs where
both the origin and the destination fall into any of the following categories: direct-administered
municipalities, provincial capitals, or municipalities with independent planning status, which are
particularly exposed to the endogenous network placement. Reassuringly, both estimates in Columns
(3) and (4) remain very close to that in Column (2). Although this restriction does not claim quasi-
random assignment among the remaining pairs, the stability of the coefficient provides a robustness
check, suggesting that our estimates are likely not confounded by this source of endogeneity. For
our counterfactual simulations, we adopt the point estimate from Column (4), which suggests that
a®/(1 - k) = —0.22. Combining this with the estimate of a” = 0.3, we obtain x = 2.36. Finally,
with the calibrated 87 /(k — 1) = 5.94, we obtain ¥ = 3.42. This implies that, relative to classical
trade models without information frictions, the elasticity of trade with respect to freight transport
costs is amplified by a factor of 1.74. Additionally, passenger travel costs 7,,; enter trade shares with
elasticity 1/(k — 1) = 0.73, approximately 12% of the elasticity with respect to freight transport
costs. Although this relative magnitude is again modest, the HSR-induced reduction in passenger
travel costs is large enough to generate substantial spatial effects.

To conclude this section, we summarize all the calibrated and estimated parameters in Appendix

Table [E2L

5 Counterfactual effects of HSR network construction

We now use the estimated model to quantify the aggregate effects of HSR network construction
between 2008 and 2015. The EHA approach requires an observed equilibrium as the baseline. Due
to data availability, we construct this equilibrium from the spatial distribution of labor in 2010, leisure
travel shares in 2011, and sectoral trade shares in 2012. Taken together, we date this composite
equilibrium as 2011 and interpret it as characterizing the Chinese spatial economy at the beginning
of the 2010s.

The exogenous shock is the reduction in passenger travel time induced by the HSR network. For

2IFor instance, the Medium- and Long-Term Comprehensive Transport Network Development Plan (2007) mandates
that national multimodal transport corridors, defined as integrated networks comprising multiple transportation modes,
connect all direct-administered municipalities, provincial capitals, and municipalities with independent planning status,
alongside other major cities. The official document is available at https://www.ndrc.gov.cn/xxgk/zcfb/ghwb/
200906,/W020190905497521610436.pdf| (accessed July 2026).
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Table 6: The estimation of the trade gravity equation

; . k
Dependent variable: Aln T

ey 2 3) “)
Alnty; -0.372"" -0.223" -0.225" -0.220"
(0.125) (0.118) (0.118) (0.121)
freight, highwa ok sk
Alntnj vy -0.807 -0.814
(0.386) (0.387)
Supplier-city X sector fixed effects Yes Yes Yes Yes
Buyer-city x sector fixed effects Yes Yes Yes Yes
Excl. pairs connected in or before 2012 No Yes Yes Yes
Excl. core-to-core pairs No No No Yes
First-stage F-statistic 443,522 428,736 439,564 423,735
# of observations 3,817,884 3,708,474 3,708,474 3,673,908

Notes: This table presents the IV estimation results of Equation (37). Each observation corresponds to a
directed buyer—supplier city pair in a given sector. In all columns, Alnt,; is instrumented by the change
in bilateral passenger travel time generated solely by the HSR network construction. Column (1) uses all
intercity pairs across the 42 sectors. Column (2) excludes city pairs that were connected by HSR in or before
2012. Column (3) additionally controls for the change in highway freight travel time (see Appendix[B.2]for the
variable construction). Column (4) further excludes city pairs where both the origin and the destination fall
into any of the following categories: direct-administered municipalities, provincial capitals, or municipalities
with independent planning status. Standard errors are two-way clustered by supplier and buyer city levels and
reported in parentheses.

"p<0.01,"p<0.05 p<0.1.

each year t and city pair from n to j, define

(HSR
A _ njt
tnje = (no-HSR (38)
nj
where t};ljstR is the minimum door-to-door HSR travel time in each year and tfl‘]’.‘HSR is the minimum

travel time by highway or conventional rail in the baseline year (2011). We set 7,;; = 1 for
unconnected pairs (including local pairs) and whenever the ratio exceeds one, so that HSR never
lengthens travel timeEZI

Because some lines had already opened in the early 2010s, the observed allocations already em-
bed part of the treatment. To recover a no-HSR baseline, we apply the inverse shock {1/ fn_/,zol n,jeN
and solve the equilibrium in relative changes. The resulting allocation preserves the fundamentals
of the observed early-2010s economy while shutting down the HSR network. All subsequent coun-
terfactuals introduce actual HSR travel-time reductions relative to this no-HSR baseline. On the
production side, the counterfactuals are implemented with three sectors—primary, secondary, and
tertiary—obtained by aggregating the 42 MRIO industries, as detailed in Appendix Finally,
we compute the counterfactual equilibrium for each year from 2008 to 2015 relative to the no-HSR
baseline. Because the model is static, each of these equilibria is a long-run spatial allocation given

that year’s HSR network, holding baseline fundamentals fixed. It is not the short-run impact of the

22For a small number of door-to-door travels, highway remains faster than HSR. In these cases, we treat HSR as having
no effect on travel time.
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network in that calendar year, nor a dynamic transition between years.

5.1 Passenger travel-time reductions

We start by examining how HSR affects average travel times through both direct time reductions
and the endogenous reallocation of travel across destinations in the counterfactual equilibrium.

Specifically, define the national average travel time as

N

N N
n:Al’Z] lth nj ZZI 5njs (39)

n=1 &j= l n=1 j=

~
1l

where V,,; denotes the travel volume (either business or leisure) from city n to city j and s,
nJ/Z _ Vi is the share of total volume for pair fromnto j. LetS,; = tnjsn]/z j.vzl InjSnj

denote the correspondlng share of total travel time. The change in national average travel time is

then
N N
= § E Snjfnj§nja

n=1 j=1

D

which decomposes as

N N N N N N
F=1= 3" Suj(fj= 1)+ > SujGj = 1D+ . > 80 (Gnj = DiEaj = 1) (40)
n=1 j=1 n=1 j=1 n=1 j=1
direct time effects composition effects interaction effects

The first term is the mechanical contribution of the HSR-induced time reductions, holding travel
shares fixed at their baseline values. The second term captures shifts in the composition of travel
toward routes that were already longer or shorter in the baseline. The third term reflects the covari-
ance between time reductions and share changes. Because travelers reallocate toward destinations
whose times have fallen, this interaction is expected to be negative. We measure baseline shares
{$nj>Snjtn,jen from 2011 UnionPay volumes and evaluate all changes relative to the no-HSR
baseline. Appendix [D.T]details the construction of §,; for business and leisure travel.

The two types of travel enter the decomposition differently. For business travel, the model
delivers procurement—related volumes from the search block (Equation (34)), so all three terms in
Equation (40) are well defined at the national level. We hold the residual-to-procurement ratio ¢,,
fixed, so that differential responses of residual travel are shut down. As a result, our calculation
quantifies the change in average travel time when residual business travel scales with procurement.
For leisure travel, the model determines destination shares conditional on outbound traveling, but
not the number of intercity travelers originating in each city. National composition and interaction
effects are therefore not identified for leisure travel. Direct time effects remain well defined for both,
because they depend only on baseline time shares and the HSR time shocks.

Panel A of Table [/|reports the 2015 cumulative effects. National average business travel time
falls by 18.406%. Direct time effects account for a dominant portion of this change. The two

endogenous terms are opposite in sign: composition effects of 2.429% and interaction effects of
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—4.071%. The positive composition term means that procurement travel shifts toward routes that
were already more time-intensive. The negative interaction term, as expected, indicates that these
same routes are the ones whose times decline. The two terms largely offset. Leisure travel times fall
in parallel and the national direct time effect is —15.664%. We graphically show the year-by-year
decomposition of average business travel time in Appendix Figure [E.4]

These time reductions are unevenly distributed. Applying the city-level analogue of Equa-
tion (39), we compute the change in average travel time for each city and summarize the cross-city
distribution in Panel B of Table |/ Appendix Figures and map the 2015 city-level changes
in average business and leisure travel time. Furthermore, we classify a city as large if its population
in the no-HSR baseline lies above the median across all cities. Restricting to cities connected by
HSR in 2015, Panel A shows that large cities experience systematically larger direct time effects
than small citiesFE] Therefore, even among connected cities, the HSR shock delivers unequal direct
treatment exposure. Our subsequent analysis shows that this exposure heterogeneity is the primary

driver of the spatial redistribution.

Table 7: Percentage change in average travel time in 2015 by business and leisure travel

Business travel Leisure travel
Panel A. National average
Total effects —18.406
Direct time effects -16.763 —-15.664
Large cities with HSR —19.580 —18.423
Small cities with HSR —-11.228 —11.059
Composition effects 2.429
Interaction effects -4.071
Panel B. Effects by city
Mean -7.289 -10.701
Maximum 3.101 2.627
Minimum —-41.072 -56.909

Notes: This table reports the 2015 counterfactual percentage change in average travel time relative to the
no-HSR baseline. Panel A decomposes the national average using Equation (0). Business travel is measured
by procurement-related search volumes, with residual business travel scaled in proportion. Leisure-travel
composition, interaction, and total effects are not identified nationally, because the model does not determine
the number of intercity leisure travelers by origin. A city is classified as large if its population in the no-HSR
baseline lies above the median across all cities, and as having HSR if at least one of its directed pairs receives
a travel-time reduction in 2015. Direct time effects for large and small cities with HSR restrict that calculation
to trips originating in each group. Panel B reports the unweighted distribution of city-level percentage changes
in average travel time. Baseline shares are measured from 2011 UnionPay volumes.

5.2 Spatial reallocation of labor

We next investigate how HSR-induced travel-time reductions reshape the long-run spatial allocation

of labor. In our counterfactual simulations, workers adjust their residential locations in response

23Recall that we set 7, j+ = 1 whenever HSR does not reduce door-to-door travel time relative to highway or conventional
rail. Accordingly, throughout the counterfactual analysis, we classify city n as connected by HSR in year ¢ if 7,,;, < 1 for
at least one directed pair involving an outbound trip from city n. This model-based classification may differ slightly from
whether the city has HSR service in the actual network.
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to both the direct improvements in leisure travel accessibility facilitated by the HSR network and
the ensuing general equilibrium effects on real wages. Figure [I] plots the changes in equilibrium
migration stocks induced by the HSR network across different years. Furthermore, because HSR
alters the spatial equilibrium through two distinct mechanisms (namely, the leisure travel and business
search channels), we decompose the aggregate migration response into these two margins by muting
the relative changes in travel times for each respective channel at a timeFE]

Relative to the no-HSR baseline, the 2015 network increases the stock of intercity migrants by
6.637%. The business-search channel alone raises it by 1.742%, whereas the leisure channel alone
raises it by 4.351%. Their interaction contributes a further 0.544 percentage points. Thus, the
leisure channel generates a substantially larger migration response than the production-side search
channel. This response arises because the HSR network improves leisure accessibility unevenly
across cities. Workers’ residential choices depend on relative accessibility: an improvement shared
proportionately by all cities raises the utility from leisure travel broadly, but does little to alter their
relative attractiveness. By contrast, the historical rollout disproportionately improves accessibility
in particular cities and thereby induces workers to reallocate across space.

This distinction also explains the non-monotonic migration response near the end of the sample
period. Specifically, the leisure-only effect reaches 4.861% in 2014 but falls to 4.351% in 2015.
The decline is consistent with the further network expansion in 2015 spreading accessibility im-
provements more evenly across cities, thereby mitigating the spatial asymmetries that previously
generated strong migration incentives. Therefore, a larger HSR network does not necessarily induce
greater aggregate migration; rather, the magnitude of labor reallocation hinges on how marginal
network expansions alter relative accessibility across regions.

The unequal travel-time reductions documented in the previous subsection provide a natural lens
through which to interpret the spatial direction of this reallocation. Large cities with HSR receive
substantially larger reductions in both business and leisure travel times than small cities with HSR.
These uneven shocks translate into unequal accessibility improvements and, consequently, unequal
changes in cities’ relative attractiveness as residential locations. Consistent with this pattern, Panel
A of Table [8| shows that the resident population of large connected cities increases by 0.967%,
equivalent to approximately 6.807 million workers. In contrast, the population of small connected
cities is nearly unchanged, increasing by only 0.099%, or 0.131 million workers. Cities without
HSR lose 1.602% of their population, or approximately 6.937 million workers. Hence, almost all
of the net population drawn into connected cities accrues to large cities. We show the change in the
resident population in 2015 by city in Appendix Figure[E.7|

Panel B further presents the origin of this spatial concentration. The number of workers with
hukou in small connected cities who reside in large connected cities increases by approximately
0.489 million. The reverse allocation from large-city hukou origins to small connected cities also
increases, but by only 0.068 million. This directional asymmetry resembles the siphoning pattern

from peripheral locations toward larger urban centers documented in the HSR literature (e.g., Koster

24In our counterfactual non-linear system expressed in exact hat algebra (Deﬁnitionin Appendix [A.5), muting the
leisure travel channel corresponds to setting 7,; = 1 for all n and j in Equation (A°4)), whereas muting the business search
channel is equivalent to setting 7,,; = 1 in Equation (A.5).
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Figure 1: Change in the number of total migrants due to HSR over time

Notes: This figure reports the percentage change in the equilibrium stock of intercity migrants under each
annual HSR network relative to the no-HSR baseline. “Both channels” allows HSR-induced travel-time
reductions to affect both leisure travel and business search. The search-only and leisure-only counterfactuals
hold the other friction at its baseline level. The synergy effect is the full effect minus the two channel effects.

et al., 2022). Nevertheless, the small-to-large reallocation is not the dominant source of population
growth in large cities. Workers originating from cities without HSR account for an increase of 5.654
million, approximately 83% of the total population gain in large connected cities. The near-zero
population change of small connected cities similarly masks substantial offsetting changes. A decline
of 0.301 million in residents originating from small connected cities is offset by increases of 0.364
million from cities without HSR and 0.068 million from large connected cities. Thus, the stable
aggregate population of small connected cities conceals a considerable change in its composition.
Taken together, the actual HSR rollout induces a clear concentration of labor in large connected
cities. However, because these cities also receive substantially larger travel-time reductions, the
group-level contrast does not identify an independent effect of city size. It combines differences in
treatment exposure with any differences in responses conditional on exposure. We further separate

these two margins in the section about heterogeneity.

5.3 Aggregate effects on real wages and welfare

We now turn from the spatial reallocation of labor to the associated changes in real income and
welfare. The national average real wage aggregates local consumption wages and therefore records
the production-side consequences of HSR, including the reallocation of labor across cities. Since
labor is the only factor that generates value added in goods production, the national average real

wage can be interpreted as the change in real GDP per worker as well. Expected utility further
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Table 8: Spatial reallocation of labor in 2015

Residence city group

Large cities with ~ Small cities with Cities without
HSR HSR HSR

Panel A. Change in total resident population

Percentage change 0.967 0.099 —-1.602
Level change (million persons) 6.807 0.131 —6.937
Panel B. Level change by hukou-origin group

Large cities with HSR 0.664 0.068 -0.731
Small cities with HSR 0.489 —-0.301 —-0.189
Cities without HSR 5.654 0.364 -6.017

Notes: Panel A reports changes in total population by residence-city group. Panel B disaggregates the resident
population by hukou-origin and reports its level change in million persons. These quantities compare group-
level equilibrium stocks and should not be interpreted as longitudinal transition rates for individuals residing
in a particular group in the baseline. A city is classified as large if its population in the no-HSR baseline lies
above the median across all cities, and as having HSR if at least one of its directed pairs receives a travel-time
reduction in 2015.

incorporates leisure accessibility and residential choice.

Define the national average real wage as

2,11\;] WnLn/Pn
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With aggregate population fixed, the relative change is

N
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where ¢, = (w,L,,/Py)/ (Z,{:’:l wy L,/ Py) is a weight that measures city n’s baseline share of the
national real wage bill
Figure 2] reports the implied changes under each annual HSR network. Relative to the no-HSR
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baseline, the 2015 network raises the national average real wage by 2.185%. The business-search
and leisure channels contribute 1.092% and 0.951%, respectively, with a small synergy of 0.142
percentage points. The search-only effect rises with network expansion, consistent with a production-
side shock whose first-order effect is to lower sourcing costs as more pairs become cheaper to search.

The leisure travel channel is not a production-side shock, yet it raises the national average real
wage by nearly as much as the search channel. It does so because the historical network improves
accessibility unevenly and, as documented above, draws workers into large connected cities. Those
destinations have higher baseline real wages, so the reallocation raises w in part through composition.
The leisure-only effect peaks at 0.972% in 2014 and falls slightly to 0.951% in 2015, paralleling

the migration response previously found: once further expansion spreads accessibility gains more

2Baseline L,, is the model’s labor allocation, constructed from census migration shares, and w,, is recovered from
goods and labor market clearing. Baseline P,, does not enter clearing conditions, so it is not recovered. We use the
observed corresponding provincial price index in 2011 for the construction of ¢;,.
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evenly, the incentive to reallocate labor weakens. In this sense, a consumption amenity that is itself

orthogonal to production can still raise real GDP when the underlying travel-time shock is spatially

concentrated.
—— Both
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2.0 —-®-- Leisure travel channel

=o+¢--- Synergy effect

Percentage change in national average real wage
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Year

Figure 2: Change in the national average real wage due to HSR over time

Notes: This figure reports the percentage change in the national average real wage under each annual HSR
network relative to the no-HSR baseline. “Both channels” allows HSR-induced travel-time reductions to
affect both leisure travel and business search. The search-only and leisure-only counterfactuals hold the other
friction at its baseline level. The synergy effect is the full effect minus the two channel effects.

We measure welfare as the expected utility of workers grouped by hukou origin. For each origin
J, taking the maximum of U/, (i) in Equation (@) over residential destinations n and then integrating
over the Fréchet residential shocks yields the origin-specific expected utility proportional to G);./ 0" ,
where ©; is the denominator of the migration share in Equation (3)). Using the local share to express

0, the relative change for origin j is
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We summarize the national change by the hAukou-population-weighted geometric meanﬁ
2 N 2 L i/ L
o=[1(0)"" (43)
J=1

Taking logs and substituting Equation (@2)) decomposes the change into local real wages, leisure

20The geometric mean is used so that In U equals the hukou-weighted sum of In U 7 and therefore decomposes exactly.
When origin-specific changes are small, it is first-order equivalent to the corresponding arithmetic mean.
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accessibility, and the value of migration:
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Figure [3| presents the total welfare effects and the decomposition. In total, the HSR network in
2015 leads to a 3.14% increase in national welfare, where the accessibility component accounts for
77% of this increase. The accessibility term accounts for most of the welfare gain because HSR
generates large, uneven changes in leisure travel accessibility. Although the migration elasticity with
respect to accessibility is only about one-tenth of that with respect to real wages, these accessibility
changes are large enough to dominate In 0.

The real wage component is not the national average real wage in Equation @1)). In 2015 it is
only 0.338%, compared with a 2.185% increase in w. Two differences account for the gap. First,
the real wage component contains no reallocation term L, so it does not record workers moving
toward cities with higher real wages. Second, it averages each origin’s own-city real wage change
by hukou population. Those weights are fixed at origin endowments and therefore put more mass on
cities experiencing labor outflows than do residence weights. Conversely, the welfare improvement
through labor reallocation is captured by the migration component.

Muting each travel-time shock in turn yields the same ranking. Under the 2015 HSR network,
the leisure channel alone raises national welfare by 2.574%, and the search channel alone by 0.554%,
with negligible synergy. The two channels are therefore far more unbalanced for welfare than for
the national average real wage. The year-by-year channel decomposition is reported in Appendix
Figure[E.§]

Additionally, we graphically show each city’s changes in the real wage and hukou-residence wel-
fare under the 2015 HSR network in Appendix Figure[E.9|and will further discuss this heterogeneity
in the subsequent analysis.

To isolate the contribution of endogenous supplier search, Appendix[D.2]compares the full model
with a no-search benchmark that replaces the search block with standard Eaton—Kortum sourcing
while retaining the same baseline allocation and all other spatial-equilibrium mechanisms. Because
HSR changes passenger travel costs but not freight costs, this benchmark provides no direct channel
through which HSR affects firms’ sourcing decisions. Its remaining real-wage gain of 0.71% is
generated by leisure-induced migration and its propagation through standard Eaton—Kortum trade
adjustment. In the full model, the same leisure shock raises the national average real wage by
0.951%, because the induced changes in wages and production costs additionally feed back into
firms’ search intensity. Activating the direct business-search channel further raises the total gain to
2.185%, suggesting that endogenous supplier search is central to the real-income effects of HSR. The
appendix also reports fixed-migration and fixed-trade diagnostics that trace how labor reallocation
and trade-share adjustment propagate these effects.

Furthermore, as a robustness check, we set 7,; = 1 for pairs more than 1,200 km apart, so that
HSR is not permitted to reduce travel time on distances at which air travel is a relevant substitute.

As shown in Appendix Figure [E.I0] the national real-wage and welfare paths remain close to the
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baseline series, with a modest attenuation in later years.

Finally, we examine the sensitivity of the aggregate effects to the calibrated trade elasticity with
respect to freight costs. As discussed in Section the benchmark value of 5.94 for k6F / (k — 1) may
overstate the true composite elasticity. We therefore re-solve the 2015 counterfactual with smaller
values of 5.44, 4.94, 4.44, and 3.94. As reported in Appendix Table the national real-wage
gain remains stably between 2.17% and 2.33%. By contrast, the welfare gain increases moderately
from 3.14% to 3.61% as the elasticity declines. Our benchmark calibration is therefore, if anything,

conservative along this dimension.
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Figure 3: Change in the national welfare due to HSR over time

Notes: This figure reports the log change in national welfare under each annual HSR network relative to
the no-HSR baseline, together with the three components in Equation (@4). National welfare is the hukou-
population-weighted geometric mean of origin-specific expected utilities. The real-wage, accessibility, and
migration components sum to the total.

6 Spatial heterogeneity

The aggregate gains from HSR conceal substantial heterogeneity across cities. The preceding
analysis shows that the HSR network reallocates population toward large connected cities, while
cities outside the network lose population. These group-level differences, however, combine two
conceptually distinct margins. Cities may receive different reductions in passenger travel time, and
they may respond differently to a given reduction because of differences in their baseline economic
structure.

This section separates these margins. We first examine whether the larger gains of large connected

cities reflect greater treatment exposure or an intrinsically stronger response to HSR. We then study
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how baseline trade and migration linkages shape the conversion of direct HSR exposure into local
economic activity. Finally, we examine cities without direct HSR exposure and quantify how they

are affected indirectly through their migration destinations and export markets.

6.1 City size, treatment exposure, and local gains

We begin by summarizing the counterfactual effects of the 2015 HSR network across three groups of
cities in Table[0] Aggregating across residence cities within each group, local real GDP, defined as
the group sum of w, L,/ P,,, increases by 4.486% in large connected cities, compared with 1.648%
in small connected cities, while it falls by 2.73% in cities without direct HSR exposure. Both
components of local real GDP exhibit the same ordering. Large connected cities experience increases
of 0.967% in resident population and 3.485% in average real wages, whereas the corresponding
increases in small connected cities are 0.099% and 1.548%. Cities without HSR experience declines
along both margins.

Welfare gains are less uneven across connected-city groups. Workers whose hukou origins are
in large and small connected cities experience welfare gains of 5.391% and 4.439%, respectively.
This partly reflects the direct positive contribution of improved leisure accessibility to welfare.
The search channel, by contrast, affects local real wages through adjustments in sourcing and trade,
which reallocate demand across cities and make real-wage gains more dependent on a city’s exposure
relative to the rest of the network. It also reflects the origin-based welfare measure: gains accruing
to migrants are assigned to their hukou-origin groups rather than to their counterfactual residence
cities. Workers originating in cities without HSR nevertheless experience a small average welfare
loss of 0.475% 7]

Table 9: Spatial heterogeneity in the effects of the 2015 HSR network

Large cities with HSR Small cities with HSR Cities without HSR
Local real GDP 4.486 1.648 -2.730
Resident population 0.967 0.099 —-1.602
Real wage 3.485 1.548 —1.147
Welfare (hukou origin) 5.391 4.439 —-0.475

Notes: This table reports changes under the 2015 HSR network relative to the no-HSR baseline, with both
the business-search and leisure-accessibility channels active. The first three rows group cities by residence.
Local real GDP is the group sum of w,L,/P,, and real wage is group local real GDP divided by resident
population. Welfare is the hukou-population-weighted mean log change in origin-specific expected utility, so
welfare groups refer to hukou origins rather than residences. A city is large if its no-HSR-baseline population
exceeds the sample median, and is classified as having HSR if at least one outbound directed pair experiences
a travel-time reduction in 2015.

These group-level patterns relate to a longstanding question about whether HSR reinforces
large urban centers at the expense of smaller connected locations. Existing studies reach different
conclusions about the effects of HSR on smaller cities (e.g., |[Lin, 2017; |Ahlfeldt and Feddersen,

27 Appendix Table repeats this comparison when HSR operates only through business search or only through
leisure accessibility. The ranking across the three city groups remains the same under both counterfactuals. Thus,
the concentration of gains in large connected cities is not driven exclusively by either channel, although the relative
contributions of the two channels differ across outcomes.
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2018; Koster et al.,2021). A limitation of a binary comparison between connected and unconnected
cities is that connection does not imply a common treatment. The economic exposure of a city
depends on which destinations become more accessible, how much travel time falls, and the baseline
importance of the affected routes.

To separate treatment intensity from conditional responses, we define city n’s direct HSR
exposure, E,, as the direct reduction in its average business travel time holding baseline travel
shares fixed. Equivalently, E,, is the negative of the city-level counterpart to the direct time effect
in Equation (40). Unlike the total change in average travel time, this measure excludes endogenous
destination reallocation and captures the extent to which the realized HSR network mechanically
favored each city. As reported in Table[7] the direct reduction in average business (leisure) travel
time is 19.58% (18.423%) for large connected cities and 11.228% (11.059%) for small connected
cities. Large connected cities therefore receive substantially greater treatment exposure through both
travel channels.

We then examine whether large and small cities respond differently conditional on E,,. Figured]
plots each city’s change in local real GDP against its direct HSR exposure separately by city-size
group. Local real GDP increases strongly with the reduction in travel time in both groups. More
importantly, the two fitted gradients are similar. Small connected cities do not systematically
contract when they receive substantial HSR exposure, nor do large cities experience larger gains
when exposure is held constant ]

Therefore, large connected cities gain more local economic activity primarily because the histor-
ical network delivers larger travel-time reductions to them, rather than because large cities possess
an intrinsically stronger response to a given reduction. Appendix Figure [E.11|shows that the corre-

sponding gradients for resident population and real wages yield the same qualitative conclusion.

6.2 Baseline spatial linkages and local gains

City size is not the only characteristic that may shape the incidence of HSR. Even among cities
receiving similar direct exposure, baseline spatial linkages can determine how the shock propagates
through production networks and labor markets. We therefore examine which linkages amplify
or dampen the conversion of E,, into local real GDP by running the following regression across
connected cities:

RealGDP, — 1 = a + BEy + 68y + v (En X Sp) + €, (45)

where S, measures the baseline spatial linkages.
We primarily focus on the following four variables. On the trade side, the local sourcing share

is defined as the weighted share of intermediate inputs that city n purchases locally:

= Xk

: k n
LocalSourcing,, = E Tk o
k=1 s=1Xn

28 Although not reported, using the direct reduction in leisure travel time as the exposure measure yields very similar
fitted gradients because the city-level business and leisure travel-time reductions are highly correlated.
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Figure 4: Direct HSR exposure and local real GDP by city size

Notes: This figure plots the model-implied relative change in local real GDP under the 2015 HSR network
against the positive direct reduction in city-level average business travel time. The exposure measure is
calculated as the city-level counterpart of the direct time effect in Equation (@0), holding baseline travel shares
fixed. The sample is restricted to cities with positive direct business-travel exposure. A city is large if its
population in the no-HSR baseline exceeds the sample median. Dashed lines report group-specific linear fits.

where the weight X*/ Zf:] X reflects the relative importance of sector k in city n. The external-

market share measures the importance of city n as a supplier to buyers in other cities:

ExternalMarket,, = —r /G CE— (46)
k=1 X}Tl m#n i Z‘4m "#£n Xk

For each sector, the inner summation measures the share of total purchases by all other cities that
is sourced from city n. We then aggregate these sector-specific market shares by the city’s sectoral
weight. A larger value therefore indicates that city n is a more important supplier in external markets.

On the migration side, A,, is the share of workers with hukou in city n who remain in that
city. We refer to it as the local retention rate. We also construct a baseline measure of the city’s

attractiveness to workers originating elsewhere:

InMigration,, Z A jn —.
j#n ] "#n J
All four variables are standardized to have mean zero and unit standard deviation.
Table @] reports the estimation results. Column (1) first relates local real GDP to direct HSR
exposure alone. The estimated coefficient is positive and highly significant, and the specification
accounts for approximately 36% of the cross-city variation in the model-implied local real GDP

effects. Column (2) adds city size and its interaction with exposure. The interaction coefficient
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is close to zero and statistically insignificant, confirming the finding in the previous subsection
that large and small connected cities exhibit similar responses conditional on receiving the same
travel-time reduction.

Column (3) shows that the interaction between direct exposure and the local sourcing share
is positive and statistically significant, whereas the interaction with the external-market share is
negative and marginally significant. Taken together, these estimates suggest that cities with more
locally oriented baseline production networks experience larger local real GDP gains from a given
travel-time reduction. These cities source a larger share of inputs locally and account for a smaller
share of demand in external markets before the HSR expansion. The pattern is consistent with
larger marginal gains from passenger connectivity where intercity production linkages were initially
weaker.

The migration variables reflect a city’s baseline capacity to retain and attract workers. The
interactions of exposure with both the local retention rate and in-migration attractiveness are positive.
This pattern suggests that improved connectivity may generate larger local GDP responses in cities
that are already better able to keep local workers and draw workers from elsewhere. The estimates
are not sufficiently precise to establish this amplification conclusively, so we view the evidence as

suggestive.

Table 10: Baseline spatial linkages and local real GDP responses among connected cities

Dependent variable: relative change in local real GDP

ey 2 3)
Time reduction 0.358"" 0.367" 0.369"""
(0.039) (0.095) (0.090)
Time reduction x Large city -0.004 -0.025
(0.105) (0.100)
Time reduction X Local sourcing share 0.066"™
(0.031)
Time reduction x External-market share -0.123"
(0.066)
Time reduction X Local retention rate 0.073
(0.044)
Time reduction X In-migration attractiveness 0.102
(0.093)
Main effects of moderating variables No Yes Yes
Adjusted R? 0.361 0.355 0.494
# of observations 160 160 160

Notes: This table reports cross-city regressions of the model-implied relative change in local real GDP under
the 2015 HSR network relative to the no-HSR baseline. The sample contains cities with positive direct
business-travel exposure. “Time reduction” is the positive city-level counterpart of the direct time effect in
Equation (40}, calculated while holding baseline business-travel shares fixed. A city is large if its population
in the no-HSR baseline exceeds the sample median. The local sourcing share, external-market share, local
retention rate, and in-migration attractiveness are measured in the no-HSR baseline and standardized within
the estimation sample. All specifications include a constant. Whenever an interaction between treatment
exposure and a moderating variable is included, the moderating variable is also included, though not reported.
Heteroskedasticity-robust standard errors are reported in parentheses.

“p <0.01, p < 0.05, “p < 0.1.
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6.3 Indirect effects on cities outside the HSR network

Cities without HSR receive no direct reduction in their own average travel time, but they are
nevertheless affected in the spatial equilibrium. Table[9]shows that these cities lose both population
and local real GDP under the 2015 network. We now examine which unconnected cities experience
larger spillover losses.

We construct two measures of indirect network exposure. First, migration-destination exposure
is defined as the baseline-migration-weighted HSR exposure of the destinations chosen by workers
originating in city n:

Eilndirect,migration _ Z /lnm Em-

m¥n
This measure is large when residents of city n have strong baseline migration links to destinations
receiving substantial HSR exposure. Second, importer exposure is defined as the baseline-trade-

weighted HSR exposure of cities purchasing intermediate inputs from city »n:

xk
Emdlrect Jimporter __ Z Z m

n m#n m "#£n

direct t
which further incorporates importer’s treatment exposure in Equation (46)). A larger E,, indirect,importer

means that city # is more strongly linked to buyers whose HSR exposure increases substantially.

For the sample of cities without direct HSR exposure, we estimate
RWP,, —l=za+6 Largen + ,81 E;lndlrect,mlgratlon + ,82 Eilndlrect,lmporter + €. ( 47)

Table [T1] reports the estimation results. Column (1) shows that, in the absence of further controls,
large unconnected cities experience a larger decline in local real GDP than small unconnected cities.
This size difference largely disappears once the two measures of partner exposure are introduced in
Column (2). Both migration-destination exposure and importer exposure have a negative coefficient
with statistical significance. Together, these variables explain about 40% of the cross-city variation.

The migration result reflects a spatial pull mechanism. When the destinations to which workers
from city n are initially likely to migrate receive larger accessibility and real-income gains, workers
have stronger incentives to leave city n. The importer result reflects a demand-diversion mechanism.
When the buyers importing from city n become more exposed to HSR, they can search more broadly
across alternative supplier locations, reducing demand for inputs produced in the unconnected city.
Thus, the cities experiencing larger losses are those whose workers and external demand are more

strongly linked to locations that become more accessible.

7 Alternative HSR network expansion

The preceding analysis quantifies the effects of China’s historical HSR rollout, whose routes were
concentrated among large cities and high-volume corridors. We now examine how the aggregate and

spatial effects of HSR depend on the coverage of the network. We first construct a universal network
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Table 11: Indirect HSR exposure and local real GDP in cities without HSR

Dependent variable: relative change in local real GDP

ey 2
Large city -0.010"" 0.003
(0.003) (0.004)
Migration-destination exposure -0.011™"
(0.001)
Importer exposure -0.004"
(0.002)
Adjusted R? 0.062 0.399
# of observations 142 142

Notes: The dependent variable is the model-implied change in local real GDP under the 2015 HSR network
relative to the no-HSR baseline. The sample contains cities receiving no direct travel-time reduction. A city is
large if its population in the no-HSR baseline exceeds the sample median. Migration-destination exposure and
importer exposure are standardized. Heteroskedasticity-robust standard errors are reported in parentheses.
“*p <0.01, "p < 0.05, “p < 0.1.

connecting all city pairs and then consider a sequence of alternative networks that progressively add
links in descending order of baseline travel volume. These counterfactuals allow us to distinguish
gains concentrated in important links from gains that require broader passenger connectivity, and
to examine how the expansion of coverage changes the balance between production, welfare, and
spatial reallocation.

To assign HSR travel times to city pairs that were not connected in 2015, we use the long-haul
relationship estimated in Section|3] Specifically, the predicted HSR travel time between cities n and
jis

iR = exp (0.764 + 0.781 X In Distancey,) .
For city pairs already connected in 2015, we retain their observed HSR travel times. For all other
pairs, we use the predicted value above. As in the historical counterfactual, we impose no travel-time

reduction whenever HSR would be slower than the corresponding no-HSR mode.

7.1 Universal network

We first consider a universal network in which every pair of cities is connected. Table 12| compares
its effects with those of the historical network in place by 2015.

Panel A shows that universal connectivity raises the national average real wage by 2.657%,
compared with 2.185% under the historical network. The historical network therefore already
realizes approximately 82.2% of the real-wage gain under universal connectivity. Connecting all
remaining city pairs generates an additional gain of only 0.472 percentage points, despite the
substantial increase in network coverage.

The similarity in the total effects conceals a marked change in their composition. In the single-
channel counterfactuals, the real-wage effect of business search more than doubles from 1.092% to
2.332%, whereas the effect of leisure accessibility falls from 0.951% to 0.27%. As discussed in

Section[5.3] business connectivity directly lowers firms’ sourcing costs, while leisure accessibility
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affects national real wages indirectly by reallocating workers toward large cities. When accessibility
improvements become more evenly distributed, they generate smaller changes in relative residential
attractiveness and significantly weaken this reallocation margin.

Panel B examines whether the aggregate gains are accompanied by a greater spatial concentration
of economic activity. Let Gini(-) denote the Gini coeflicient across cities. The change in the cross-

city Gini of local real GDP is given by

o Gini ({wanLaLn/ (PuPu) )

Gini -1=
Gini ({waLn/Pa}\)

(48)

This measure treats each city as a geographic unit and captures the concentration of aggregate real
economic activity across locationsFE]

The historical network raises this spatial Gini by 2.387%, whereas the universal network leaves
it nearly unchanged, with an increase of only 0.03%. The channel-specific results reinforce this
contrast. Under the historical network, both business search and leisure accessibility increase spatial
concentration. Under universal connectivity, the search channel instead reduces the Gini by 0.27%,
while the leisure channel raises it by only 0.235%.

The welfare comparison is somewhat different. Panel C shows that universal connectivity raises
national welfare by 8.146%, compared with 3.140% under the historical network. The historical
network therefore realizes only approximately 38.5% of the universal-network welfare gain. The
search-only welfare effect rises from 0.554% to 2.155%, while the leisure-only effect rises from
2.574% to 5.984%. Unlike the real-wage effect of leisure accessibility, residents benefit from
reaching a broader set of destinations even when comparable improvements occur elsewhere.

Taken together, the historical network captures most of the potential real-wage gain but a
relatively smaller share of the potential welfare gain, while generating considerably greater spatial
concentration than the universal network. This comparison does not imply that a lower concentration
of total output is itself welfare-improving. Rather, it shows that broader coverage can serve a
distinct place-based objective by distributing economic activity more evenly across cities. The next
subsection examines this trade-off more systematically by varying network coverage according to

baseline business-travel Volume@]

7.2 Counterfactual rollout under strict travel prioritization

Section [3] shows that China’s historical HSR rollout was volume-oriented: high-volume city pairs
were disproportionately connected during the early stages of construction. The historical network

was not, however, determined solely by passenger demand. Nearly one-third of the top 1% of

29 Again, we approximate P,, using a cumulative provincial consumer price index through 2011.

30 Appendix reports a supplementary calculation of the cross-city dispersion of residence-based welfare. Because
baseline city amenities are not recovered, the calculation assumes common local amenities and constructs the city-level
index using real wages and recovered leisure accessibility. Under this approximation, the historical and universal networks
raise the cross-city welfare Gini by 1.363% and 1.236%, respectively. Universal connectivity therefore modestly attenuates
spatial welfare dispersion, although we highlight that these results should be interpreted as suggestive.
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Table 12: Comparison of the effects of universal and historical HSR networks

Network in 2015 Universal network

Panel A. Percentage change in national real wage/GDP

Both channels 2.185 2.657
Search channel 1.092 2.332
Leisure channel 0.951 0.270
Panel B. Percentage change in cross-city Gini of local real GDP

Both channels 2.387 0.030
Search channel 0.830 -0.270
Leisure channel 1.410 0.235
Panel C. Percentage change in national welfare

Both channels 3.140 8.146
Search channel 0.554 2.155
Leisure channel 2.574 5.984

Notes: This table reports percentage changes relative to the no-HSR baseline. “Network in 2015 uses the
historical HSR network observed in 2015, while “Universal network™ connects every city pair using the
travel-time construction described in the text. The search-only and leisure-only counterfactuals hold the other
travel friction at its no-HSR level. Panel A reports the change in national real wage. Since the total number of
labor is fixed, the change in national real wage is the same as the change in national real GDP. Panel B reports
the change in the Gini coefficient of city-level local real GDP, as defined in Equation (48)). Panel C reports
the change in national welfare.

directed city pairs remained unconnected in 2015, consistent with the roles of political, geographic,
and other planning considerations.

To isolate the economic implications of a pure volume-based prioritization rule, we construct a
sequence of counterfactual networks in which links are added strictly in descending order of baseline
business-travel volume. They provide a benchmark for evaluating how rapidly production, welfare,
migration, and spatial concentration accumulate when important links are prioritized.

For this counterfactual exercise, we define each potential HSR link as an unordered city pair and

rank the 45,451 links by total 2011 UnionPay business travel in both directionsE-]
TVynj = Vujo011 + Vino11-

We construct networks covering the top 0.1, 1, 5, 10, 20, 50, and 100 percent of these links. At each
coverage level, we apply the corresponding HSR travel-time shocks to all selected city pairs, while
all remaining pairs retain their no-HSR travel times.

Table [13] reports the results. The national real-wage gains are concentrated among links with
large baseline business-travel volumes. Connecting only the top 0.1% of links raises the national
average real wage by 1.176%, equivalent to 44.3% of the 2.657% gain under universal connectivity.
At the top 5%, the real-wage gain reaches 2.403%, or 90.4% of the universal benchmark. Expanding
coverage from the top 5% to all city pairs therefore adds only 0.254 percentage points to the national
average real wage.

The comparison between the historical and universal networks establishes the endpoints of this

31Using leisure-travel ranks obtains very similar results.
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shift in the sources of real-wage growth; Table [I3] further traces how this shift unfolds as network
coverage expands. During the early stages of the rollout, strict prioritization of high-volume links
generates spatially uneven gains. These links reduce search costs along the busiest corridors while
disproportionately improving the relative attractiveness of favored cities. The resulting reallocation
of workers toward cities with higher real wages raises the national average real wage through a spatial-
composition effect. As coverage broadens, this reallocation margin gradually weakens: the increase
in the migrant stock peaks at 8.028% when the top 1% of links are connected and subsequently
falls to 0.185% under universal connectivity, while the increase in the spatial Gini of local real GDP
declines from 2.592% to 0.030%.

These patterns indicate that the composition of real-wage gains shifts from concentrated search
improvements reinforced by labor reallocation toward more broadly based production-side gains from
supplier search. Consequently, once the top 5% of links have been connected, further expansion
produces only a small incremental increase in the national average real wage, while attenuating the
HSR-induced geographic concentration of economic activity.

National welfare follows the same broad pattern: links with larger baseline travel volumes
contribute disproportionately to the aggregate gain, but the marginal benefits of network expansion
diminish more gradually than for real wages. Connecting the top 5% of links raises welfare by
5.006%, capturing 61.5% of the universal-network gain, while the top 10% generates 6.014%, or
73.8% of that benchmark.

These results do not by themselves identify a desirable stopping point for network construc-
tion. That choice depends on construction costs and on how policymakers weight national output,
household welfare, and the geographic distribution of economic activity. A policy focused primarily
on national real GDP would place greater weight on the early high-volume links, whereas broader

coverage remains more valuable when national welfare or regional balance also enters the policy

objective.
Table 13: Aggregate effects of the travel-prioritized counterfactual networks
Top percentage of links
0.1 1 5 10 20 50 100

Real wage/GDP 1.176 2.087 2.403 2.472 2.548 2.624 2.657
Total migrants 5.674 8.028 6.745 4.867 3.157 1.389 0.185
Spatial real GDP Gini 1.700 2.592 2.220 1.771 1.273 0.597 0.030
Welfare 0.627 2.739 5.006 6.014 6.911 7.743 8.146

Notes: This table reports outcomes under networks that connect city pairs in descending order of bilateral
business-travel volume. All results are measured relative to the no-HSR baseline, with both the business-
search and leisure-accessibility channels active. “Total migrants” is the percentage change in the equilibrium
stock of workers residing outside their hukou city. Because national population is fixed, the change in the
national average real wage is also the change in national real GDP. The percentage change in the cross-city
Gini coefficient of local real GDP, as defined in Equation @, is also reported. National welfare is calculated
as 100 times its log change.
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8 Broader implications for infrastructure policy

Passenger infrastructure expands the geographic reach of economic activity. Firms can draw on
suppliers in other cities while keeping production in place, and households can enjoy distant amenities
from their current residence. Temporary travel thereby changes the value of locations as well as the
flows between them. The HSR counterfactuals trace how this expanded reach affects production,
residential choice, and welfare.

Migration responds to relative differences in accessibility across cities. During the historical
rollout, uneven improvements in access made some cities more attractive and induced workers to
relocate. Broader network expansion spreads these improvements across more cities, compressing
the spatial differences that generate migration. Welfare can continue to rise during this process
because residents gain access to more destinations from wherever they live. Population change
consequently captures the reallocation induced by a network, while welfare also includes gains
realized by households that remain in place.

Passenger connectivity also enters production through a margin distinct from freight transporta-
tion. Freight costs determine the expense of shipping inputs after a trading relationship has formed.
Passenger travel affects firms’ ability to find suppliers, assess their products, and transact with them.
The no-search benchmark removes this margin and produces substantially smaller real-income gains.
This comparison gives business travel a productive role: it helps determine the sourcing opportunities
available to firms and, through them, the organization of goods trade.

The production and leisure channels favor different patterns of network expansion. Commercially
important links generate concentrated real-wage gains by connecting large volumes of sourcing
activity. A relatively small set of these links captures much of the production benefit associated
with wider connectivity. Leisure-accessibility gains accumulate across a broader set of origins
and destinations. Later additions to the network may deliver modest production gains while still
expanding the consumption opportunities available to households. Network design therefore affects
both the magnitude and the composition of the returns to passenger infrastructure.

The relevant exposure also extends beyond whether a city has a station. Travel-time reductions
vary substantially across connected cities, as do the economic and recreational opportunities at the
other ends of the affected routes. Existing trade and migration linkages transmit these changes to
cities outside the network. A city’s response reflects its position within the network, the destinations
made more accessible, and the equilibrium adjustments taking place elsewhere. Station access alone
compresses these different margins into a coarse measure of treatment.

The population results illustrate the importance of these network relationships. Large connected
cities gain population, with most of their inflows originating in cities outside the network. Small
connected cities experience little net population change, although the aggregate figure conceals
offsetting inflows and outflows. HSR thus changes the composition and direction of migration even
in places where total population remains stable. The distributional effects follow the intensity and
topology of network exposure more closely than a simple division between large and small connected
cities.

Infrastructure appraisal must consolidate these responses within a common welfare measure.
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Adding changes in trade, wages, land values, population, and travel time as separate benefits risks
counting the same underlying gain several times. Some outcomes also reflect capitalization or
redistribution across locations. The spatial-equilibrium model traces these adjustments back to the
original travel-time shock and provides a consistent measure of their combined welfare consequences.

As a rough benchmark, the annual welfare-equivalent gain under the 2015 network is strikingly
close to the cumulative construction expenditure incurred by that year. The ratio is approximately
0.88-1 .31F_ZI This benchmark compares a one-year flow of welfare gains with a cumulative capital
outlay. A complete benefit—cost analysis would incorporate the future stream of benefits, route-
specific construction and operating costs, financing distortions, depreciation, environmental effects,
and adjustment costs. It would also compare the realized network with feasible alternative designs
and construction sequences.

The same economic forces arise in other settings where connectivity allows people to reach
opportunities located elsewhere. Air-service expansions, conventional passenger rail, intercity
roads, and reductions in border frictions can all change firms’ access to potential partners and
households’ access to consumption opportunities. Digital communication may replace some trips
and facilitate others, particularly when firms identify partners remotely and subsequently meet in
person. The spatial organization of economic activity depends on the ease of accessing distant
opportunities as well as on where those opportunities are located.

Several margins remain for future work. The UnionPay data identify where and when cards are
used, while trip purpose must be inferred from travel dates. The model represents travel-mediated
procurement through a particular search technology. Data linking business travel directly to the
formation and performance of buyer—supplier relationships would provide a sharper test of this
mechanism. On the household side, the model determines leisure destinations conditional on travel
and abstracts from trip frequency, duration, and expenditure. The counterfactuals also compare long-
run equilibria, leaving the dynamics of supplier formation, migration, and infrastructure construction

for future research.

9 Conclusion

This paper studies passenger mobility as a determinant of firms’ sourcing decisions, households’
access to amenities, and the resulting spatial equilibrium. We develop a quantitative model in which
firms choose where to search for suppliers and households value leisure destinations outside their city
of residence. We estimate the model using China’s HSR expansion and city-pair data on passenger

and freight travel times, business and leisure trips, trade, and migration. The estimates show that

3China’s final-revised nominal GDP in 2015 was RMB 68.9052 trillion, according to the National Bureau of
Statistics (https://www.stats.gov.cn/xw/tjxw/tzgg/202302/120230202_1893850.html, accessed September
2026). Applying the model-implied welfare gain of 3.14% gives an annual welfare-equivalent gain of approxi-
mately RMB 2.16 trillion. We approximate cumulative construction expenditure by multiplying the 19,000 kilo-
meters of HSR in operation at the end of 2015, as reported in the 2015 Railway Statistical Bulletin (https:
//www.mot.gov.cn/shuju/tongjishuju/tielu/202512/t20251227_4191829.html| accessed September 2026),
by World Bank estimates of average construction costs of RMB 87 million per kilometer for lines designed for 250 km/h
and RMB 129 million per kilometer for lines designed for 350 km/h (Ollivier et al., 2014). This yields an estimated
construction cost of RMB 1.65-2.45 trillion.
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lower passenger travel time increases business travel and bilateral trade after accounting for freight
travel time, while directing leisure trips toward destinations that become easier to reach.

In the counterfactuals, the HSR network in place by 2015 raises national average real wages by
approximately 2.185% and welfare by approximately 3.14%. Supplier search contributes materially
to the real-wage gain, while improved leisure accessibility accounts for most of the welfare gain. The
historical rollout also reallocates population toward large connected cities, with most of the inflows
originating in cities outside the network. As coverage expands further, accessibility gains become
more evenly distributed and the induced migration and spatial concentration recede even as welfare
continues to rise. Network expansion can therefore change the composition of its benefits, shifting
from spatial reallocation toward wider access to nonlocal amenities.

Passenger networks reshape economic geography by changing the productive and consumption
opportunities available from each location. Their effects depend on the routes created, the destina-
tions connected, and the responses induced throughout the network. Infrastructure appraisal should
incorporate the resulting changes in supplier access, leisure access, and relative city attractiveness
alongside ridership and direct travel-time savings. The economic value of a passenger network

ultimately lies in the opportunities it brings within reach.
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A Mathematical appendix

A.1 The microfoundations of the productivity distribution

According to [Kortum| (1997) and Eaton and Kortum)| (1999), suppose that ideas arrive as a Poisson
process. Then given a time point, the total number of ideas arriving in a location follows a Poisson

distribution. Using our notation, it is

n
o lagk (T]l‘) exp (—T}‘)
r{ i n} - n! ’

where T;‘ is the expected count of ideas, reflecting the absolute advantage of the location. Suppose
that the efficiency of each idea is independently drawn from a Pareto distribution. Using our notation,
itis
P
Pr{z? Sx} =1-x7,
where shape parameter #% inversely measures the dispersion of productivity draws, reflecting the

comparative advantage of the location. Taken together, the number of ideas with productivity strictly

greater than x, denoted by N ]k (x), is given by

pr (VA (o) = 1) = ipr{Mf <o} (2] (pefes <) (prfes =)

n
t
(T;‘x*‘)P) exp (—T}‘x’ep)

t!

This is equivalent to directly assuming that the productivity draws constitute a Poisson point process

. . . . P
with an intensity measure (expectation) T}‘x“’ .

A.2 Poisson thinning property

Here we formally prove that when a final goods firm f in city n exerts search efforts to randomly
encounter a fraction mﬁ j of potential intermediate suppliers in city j, the number of encountered
suppliers with productivity strictly greater than x, denoted by N fn (x), follows a Poisson distribution
with expectation mﬁ j/ij‘. (x).

In our model, the production technology of each city is modeled as a Poisson point process.
Specifically, for any variety w*, the number of potential intermediate suppliers in city j with
productivity higher than x follows a Poisson distribution with expectation Zj? (x) = TJ’.‘x‘HP:

PLIE
Pr {N;-‘(x) = t} = Jt—!e_/lf(x).

The search process implies that each of these ¢ potential suppliers is independently encountered
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by the final goods firm with probability m and not encountered with probability 1— m .. Therefore,
conditional on the total number of potentlal suppliers being N ;‘ (x) = t, the number of encountered

suppliers N J'.‘n (x) follows a binomial distribution:

Kooy ke = b= (E) ok K\ :
Pr Nk, () =1 IAG(x)—t}—(ﬁ)(an (1-mb))  ezr

Therefore, the probability mass function of N ;‘n (x) is given by

Pr {NJ’-‘n(x) - t*}

gk

Il
~

m@%mﬂme=#ﬂwm=4

mé )] k) 2]

RS EAN [(1
_ A% (x
- 1+ ' ; (t —1*)!

Recognizing the infinite sum as the Taylor series expansion for the exponential function, we can

simplify the expression to
[t ] m)] N
{ o) = 1" } nj’ o2 .e(l mk )3 (x)

[an/l’/‘(x)]
1!

an/l’/‘ (x)

which is exactly a Poisson distribution with expectation mfl j/ilj‘. (x).

A.3 The uniqueness and global optimality of search efforts

Here we formally prove that the first-order conditions for the final goods firm’s search efforts yield a
unique global maximum. For notational convenience, we fix the destination city n and sector k and
suppress these subscripts and superscripts. Let m; = mﬁj denote the search effort in origin city j
and 7'(m) = ‘Y’k(mnl, .. ,mﬁN) € R,,, wherem = [my,--- ,mp]’ € IRfrVJr is the vector of search

efforts. Additionally, we define the following notations:

-

-1

o-1 o oy A (k)

(0'— 1) wnLly, (pn) > 0,

N

B; = T}‘ (c?djn) >0, Cj=uxutyjw,>0.
Both of these terms are regarded as given in the optimization problem of individual final goods firms.
By definition, we have 1" = ZII.V: | Bjm ;. With these notations, the final goods firm’s optimization
problem can be written as

N

max  f(m)=AT" - Z Cjmj.

meRY,

Additionally, we impose the parametric restriction k8° > o — 1, which is exactly the parametric
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restriction required for the free entry condition to yield a positive mass of final goods firms (i.e.,
Fk > 0) and is verified in the parameter estimation section.

Finally, as mentioned in the main text, we assume that the scale parameter x is sufficiently
large such that the optimal search effort always falls within (0, 1) as long as it is strictly positive.
Therefore, our proof of uniqueness solely focuses on the uniqueness of a strictly positive search
effort vector m* € R¥, without discussing the bounding constraint.

Uniqueness.—The corresponding first-order condition of this optimization problem is given by

af

-1 -1 .
Wj:Aaf}"“ Bj—«kCjm}~" =0, VjeN.

Therefore, we have

1
ACL’B]‘ x=T
= v Sl B Al
= 25 | "
which is Equation (T3)) in the main text. This equation implies that solving the optimal search effort

is equivalent to solving for an optimal aggregate scalar 7*. With Equation (A.T)), we further have
N N ACY k=1 K a-1
T = ZBjm; = Z (—) BET |- (1) (A2)
j=1

Given that (¢ — 1)/(k — 1) < I (since k0” > o — 1) and X, (Aa/kCj)V*=D B/ 7D 5 0, there
exists a unique, strictly positive solution for 7" € R, that solves Equation (A.2). Therefore, there
exists a unique, strictly positive vector m* € R, that solves the first-order condition.

Global optimality.—We start by proving that the Hessian matrix of f(m) is strictly negative

definite at m*, which ensures that m* is a strict local maximum point. The Hessian matrix H =

[Hi]nxn is given by

’f Aa (¢ -1)T**B;B;, i#J,

Hji(m)
g dm jom; Aa(a-1) 7'"_233 —k(k — l)ijf_z, i=j.

According to the first-order condition, we have Aa(7*)*~'B il mj = kC; (mj.)’( ~2 atm*. Substituting

this into the Hessian matrix, we get

Aa (a—=1) (Y ?B;B;, i # ],

H;(m") = B
g Aa () (@- DB -(k-DTL|, =]
m.

J

To prove that H(m") is strictly negative definite, we need to show that vH(m*)v < 0 for any
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non-zero vector v = [v,--- ,vn]’ € RV, By definition, we have

N
B.
vVH(m*)v = Aa (74272 (a—l)ZZv]B Biv; — K—I)T*Z iv?
j=1i=1l j=1 m;
2

[ N N

_ . Bj

= Aa (1) (e - 1) E viBi| —(k=1)T § 2HE
=1

J=1

Since 1" = }; jV: | Bjmj, using the Cauchy—Schwarz inequality, we have

(A3)

\l\)

2
N N Bov. N
> - z;FBjm;—V;T? S || S| 3
Jj= .] =

Jj=1 m;

\*

To bound the term in the bracket of the quadratic form, we consider two cases:

1. If @ < 1, we have @ — 1 < 0, which ensures that the term in the bracket is negative. Therefore,

we have vVVH(m*)v < 0.

2. If @ > 1, using Equation (A.3)) and given that k6 > o — 1 ensures that k > @, we have

N
VHmM")v < Aa (79" (a - k) Z
Jj=1

In both cases, we strictly have vVH(m*)v < 0. This proves that m* is a strict local maximum point.

Next, we prove that m* is the global maximum over the feasible domain RY,. Since a < «, the
search cost term dominates for large m, implying that f(m) — —oo as ||m|| — oo. Consequently, for
any M > 0, we can always define a sufficiently large radius R > 0 (with R > ||[m*||) such that for all
m € RY satisfying ||m|| > R, we strictly have f(m) < f(m*)-M. LetD = {m eRYN | |m| < R}.
Since D is bounded and closed (thus compact), and f(m) is continuous on D, the Weierstrass
Theorem guarantees that f(m) must attain a global maximum in D.

Because f(m) < f(m*) — M < f(m*) everywhere outside D (i.e., when ||m| > R), the
global maximum over the entire domain RY must be identical to the global maximum within D.
Furthermore, the continuity of f(m) ensures that any m’ on the outer boundary of D (i.e., where
|lm|| = R) satisfies f(m’) < f(m*) — M < f(m*). Therefore, the global maximum cannot be
located on this outer boundary. As a result, the global maximum point must lie either in the strictly
positive interior (where m € R, ) or on the coordinate boundaries (where m j = 0 for some j € N).

Suppose that a boundary point m” € D, where m; = 0 for some but not all j € N, is the global
maximum point. Since k > 1, we have df/dm; = AaT*"'B; > 0 at m”. This implies that a
marginal increase in m; from O to a small positive value will strictly increase f(m’’), and this new
point is still in D. Therefore, m” cannot be the global maximum point.

For the origin point where all m; = 0, we have f(0) = 0. Using the same derivation as in
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Appendix[A.4] we can show that
Fm*) = A (1) (1 - g) > 0.
K

Since f(m*) > f(0), the global maximum point cannot be 0. Therefore, the unique global maximum

point must be the interior stationary point m”*.

A.4 The total optimized search costs

We prove Equation (T9) here. Recall that the firm chooses its search effort vector {m* j}ien to
maximize its net profit. Taking the derivative of the gross profit with respect to mﬁ j and equating it

to the marginal search cost yields the first-order condition:

(o -0 1 _ w Zﬁ 70—71}9[) _ \-oF k-1 )
(T) _Pyl U% (Trf) o TJI.‘ (C];djn) = XKTpjWn (m,ljj) , YjeN.
o-1 0 (pk)

n

From the main text, we have shown that in the symmetric free-entry equilibrium, all active final

goods firms set an identical price. Therefore, the sector-specific aggregate price index is given by

Substituting the unit cost expression cf, = y(Trf{)‘l/ 9" into this price index, we obtain

l-o l-o -=F
) = () )

o-1

Then, by substituting this expression back into the first-order condition, we have

O-_IWnZJ,],(ll k - K—l
T (]

—gP
k k '
o rr ) () e ()L Ve N
n n

Further, we multiply both sides of the equation by the search effort mi‘l ;to obtain

o—-1w,Lk 1 -\ 6" K .
e ;k" 7E [T]’-‘mﬁj (cf-djn) ] = XKTpWn (mfl]) , VjeN,
n n

where we recognize the expression of trade share on the left-hand size. Therefore, this equation can

be rewritten as .
o—1w,Lk X
ocoP Fk Tjn
n

k K
=%KTann(mnj) , VjeN.

Finally, summing this equation over all possible origin cities j € N yields

N ~
c\& o-—1 w, LK
Z XTnjWn mnj) T xo0P Fk
J=1 n
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A.5 The counterfactual equilibrium in relative changes and algorithm
A.5.1 The counterfactual equilibrium in relative changes

Here we formally define the equilibrium in relative changes and the full system of non-linear
equations. Recall that within the Exact Hat Algebra framework, we focus on the changes of
variables relative to the baseline equilibrium. For any variable x, let x” denote its counterfactual
value and £ = x’/x denote its relative change.
Define
B = {AT

m|n’

7 k k pk 7k
/ljn,Lj,ﬂjn,Xn,Rn,Ln} 4
j.neN,me N\{n}, ke KX

as the set of baseline equilibrium allocations,

P = (a7, L5650 /67,67 k0" 0} U (08 VoY e o

as the set of structural parameters, and

r— ) — .
S’ = {t"f}j,ne/v’ S = {t”J}j,neN

as the sets of exogenous travel costs in the counterfactual equilibrium and baseline equilibrium,
respectively, with their ratio 7,,; = 1/, j/ t,; representing the exogenous shock induced by the HSR
network.

We now define the equilibrium under S’ relative to S as follows:

Definition A.1. Given {B, P}, define {Wy, p~, Ly} nen. kex as an equilibrium under S’ relative to
S. The equilibrium in relative changes satisfies the following equations:

Expected leisure travel utility:

N ~a_ T T
G = el (A4)
meN\{n}
Housing rents:
Fn = erl—g“I:’l/L—g“
Consumer price index:
K o B
A N3 n Al—
P, = l_[ (pn) T'n B'
k=1
Migration share:
~gR A_gR [ ar\pOR /0T
. Wi P, 9" (1)
Ajn =

Labor distribution:
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Marginal costs of intermediate good production:

Trade share:

oF P
NAS K—f A%
c: t -
ko J nj
ﬂ-jn _HPk P
yN ek ) Pk
]r: j/ nj’ Jln

Labor market clearing condition:

K K
A N 1 N
A _ kpkpk . L kyrk
wiw;L;L; = E ijjRj+O_ E X5

Sector-specific production labor:

Demand-related labor measure:

. K ,ys,k
2kik k7 n_fsys
LELE = pkLoLn+ ) 22303,
s=1 Yn
Sector-specific final good price index:
1—
| N _oPx P xoF
N 2 \T-o N k=1 A=
Pn = (Ln) Z (Cj) tn]’(ﬂ-]n

A.5.2 The numerical algorithm for counterfactual analysis

(AS5)

We implement the counterfactual analysis in three steps. First, we construct an observed reference

equilibrium, denoted by 8°". Due to differences in data availability across outcomes, this equi-

librium combines the spatial distribution of labor and migration shares from the 2010 Population

Census, leisure travel shares from the 2011 UnionPay data, and sectoral trade shares and input-output

relationships from the 2012 MRIO table. We date this composite observed equilibrium as 2011 and

interpret it as characterizing the Chinese spatial economy at the beginning of the 2010s.

For 8°%, we obtain the equilibrium shares and the initial distribution of labor based on hukou
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directly from the data. These observed objects include {/lT »obs /I‘J’E’f, L, nk °b§} JnEN, meN\{n}, kek-

The remaining variables in the observed reference equ111br1um are recovered from the goods and
labor market clearing conditions described below. At this stage, “observed” refers to the composite
early-2010s allocation and does not yet refer to an economy without HSR. For ¥, we calibrate or
estimate all structural parameters, as detailed in Section 4]

The remaining unknown variables in the observed reference equilibrium {X,’f, Rﬁ, L,’i} neN, kek
are recovered by solving the goods and labor market clearing conditions (i.e., Equations (23)), (26),
and in the main text) as follows. To simplify notation, we suppress the superscript on other

variables in the observed reference equilibrium:

Xk = pkw;L; +ZySkRS

N 0_
E sobsx
s’
g

n=1

K

1
IZEDY (ykRk + Xk)

k=1

Notice that given {L°%, & k obs

}jnen, kex and {0, pn, yn, v }neN k.se’% the remaining variables
to be solved for are {X,’f, Rn, WnlneN, ke'Kl These relations form a linear system of 2NK + N
equations with 2NK + N unknowns. By imposing the normalization 217:1 Zle RF =1, we can
exactly solve this linear system to obtain {XX, R¥, w,},cn. keWEI Because intermediate firms in
sector k of city n allocate a fraction yX of their total revenue to production labor, we solve for
Lk = y*R¥ /w,,. Finally, we compute L according to its definition LX = pXL,, + Z (v /y,i)Lﬁ,.

As highlighted in Section [5] the observed reference equilibrium already incorporates the effects
of HSR lines operating in and before 2011. Therefore, our second step is to recover a no-HSR
baseline equilibrium, denoted by B, Let 7, j.2011 =1, ]Sgo 11/ tno HSR " \where tno -HSR i5 the minimum
travel time by highway or conventional rail in 2011, subject to 7,,j 2011 = 1 Whenever the city pair
is not connected by HSR (including local pairs) or HSR is slower than the no-HSR alternative. To
remove the HSR network from the observed reference equilibrium, we apply the inverse travel-time
shock 7 AO/ObS = 1/tnj 2011

Taking B ag the baseline allocation in Definition . we then solve our first counterfactual

equilibrium, where the shock is the removal of HSR lines (i.e., {”0 Obs}n

,jen)- This equilibrium later
serves as our no-HSR baseline equilibrium.

With all parameters and baseline allocation in hand, solving the counterfactual equilibrium
becomes a fixed-point problem over a system of non-linear equations. We explicitly formulate

this fixed-point problem as a mapping function that evaluates system residuals. Specifically, our

I'The distribution of labor L2 is directly derived as L = Zj.v: I A?gsi i

2This normalization is mathematically necessary to secure a unique root because the system of market clearing
conditions is homogeneous of degree one in nominal values. We perform a symmetric normalization in the counterfactual
equilibrium. Therefore, while real variables are comparable, the absolute nominal values of wages and revenues are not
directly comparable across equilibria.

A8



numerical algorithm proceeds as follows: First, we construct an initial guess vector for the relative
changes in wages, final goods prices, and labor distributions, denoted as V0 = {W,, ﬁﬁ, I:n}nE N keX
(in practice, we set all of them to 1). Second, taking v" as the given input, we sequentially evaluate the
equations in Definition[A.T|to compute the relative changes of all other endogenous variables, while
strictly imposing the counterfactual numeraire condition Zivzl Zf: 1 RKRK = 1. Then, the system
yields a newly implied set of values for wages, prices, and labor, which we denote as v'. Finally,
we define the output of our mapping function as the discrepancy between the implied and guessed
values: M(v?) = v! — v%. We deploy a Newton—Krylov root-finding algorithm to iteratively update
the guess until the residual norm converges to zero (in practice, we set the tolerance to 1 x 1079).
Once converged, the terminal vector constitutes the counterfactual equilibrium in relative changes.
For each endogenous variable x, denote the resulting relative change by £0/°bs = x0/x°bs We

then recover the corresponding no-HSR equilibrium levels as x0 = £0/0bsyobs

. These levels jointly
define the no-HSR baseline allocation set 8°. This allocation preserves the structural parameters and
fundamentals of the observed early-2010s economy while removing the effects of the HSR network.

Third, we use B as the baseline equilibrium for all annual HSR counterfactuals. For each year
t € {2008, - - - ,2015}, the travel-time shock relative to the no-HSR baseline is #,,; = t,I:IJSZR / t;‘l‘;‘HSR,
again setting the ratio to one for unconnected and local pairs and whenever HSR does not reduce
travel time. Using the same numerical procedure as above, we solve Definition using B as
the baseline allocation. The collection of solved relative changes characterizes the long-run spatial
equilibrium associated with the HSR network observed in year ¢, relative to the common no-HSR
baseline. Because B is constructed by applying the inverse of the 2011 HSR travel-time shock
to B°%, applying the 2011 HSR shock to B reproduces the observed reference equilibrium up to

numerical tolerance.
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B Additional data description and construction

B.1 Demographic data

We use gridded demographic data to construct the population centroid for each city, which serves as
the city center for calculating pairwise city-to-city travel time. These data are drawn from the Gridded
Population of the World (GPWv4) dataset, specifically Version4.11, provided by NASA. This dataset
offers population-count estimates for each grid cell, based on the 2010 national census, at a spa-
tial resolution of 0.0083° x 0.0083°, publicly available at https://www.earthdata.nasa.gov/
data/catalog/sedac-ciesin-sedac-gpwv4-apct-wpp-2015-r11-4.11 (accessed Decem-
ber 2025).

The location of each city’s population centroid is calculated as follows:

2geg. Population, - (xg, yg)
Ygeg. Population,

(xc, yc) =

where G represents the set of all grid cells within city ¢, Population, denotes the population count
incell g € G, and (x4, y,) corresponds to its longitude and latitude coordinates. Consequently, the
coordinates of city ¢’s population centroid, (x., y.), are effectively a “center of mass” weighted by
population count. Population centroids of 337 cities, including 333 prefecture-level administrative
regions and 4 direct-administered municipalities (Beijing, Tianjin, Shanghai, and Chongqing), are
presented in Figure

B.2 Highway network data

To capture the evolution of road connectivity and calculate city-to-city pairwise highway travel time,
we utilize geographic data on China’s highway and first-rate road networks from 2008 to 2015, origi-
nally constructed by Ma and Tang|(2024), which are available athttps://github.com/malin84/
transportation_networks_of_china (accessed July 2026). This dataset encompasses the com-
plete evolution of highways and first-rate roads from 1994 to 2024E] The foundational infrastructure
data was digitized from comprehensive national and provincial transportation maps.

These maps are initially skeletonized into one-pixel lines and treated as connected graphs, where
the physical dimension of each pixel is approximately 0.51 kilometers per edge. Then, the authors
divide the network into distinct “segments” bounded by the network’s branch points and endpoints.
At the segment level, each segment is assigned a specific road class (highway or first-rate road) and
an exact construction year. This temporal vintage determines the specific historical revision of the
Technical Standard of Highway Engineering (1988, 1997, 2003, or 2014) applicable to that given
segment. Crucially, these engineering standards explicitly dictate the design speeds based on the
road class and the underlying terrain.

Moving to the micro-spatial level, each segment is decomposed into a sequence of pixels. At

this pixel level, topographic data are overlaid to compute the slope and local elevation range. This

3In our empirical analysis, we classify both highways and first-rate roads under the unified category of the highway
network. For expositional simplicity, we refer to them collectively as “highways” throughout the text.
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Figure B.1: Location of city population centroids

Notes: This figure illustrates the location of population centroids of 337 cities, including 333 prefecture-level
administrative regions and 4 direct-administered municipalities (Beijing, Tianjin, Shanghai, and Chongqing).
Each red dot represents the population centroid of a city.
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allows the underlying terrain of each pixel to be categorized into plains, low-rolling hills, hills, or
mountains. Finally, by intersecting the segment-level engineering standards with the pixel-level
terrain categories, a precise design speed is assigned to each pixel. The authors construct an annual
dataset documenting the coordinates and speed of each pixel traversed by highways or first-rate
roads. For example, in 2015, there are 388,434 pixels identified as part of the highway network.

This dataset constitutes the primary raw input for our data construction.

B.2.1 Speed raster construction

We construct the annual speed rasters using a hierarchical overlay approach on a uniform grid matrix.
We first establish a high-resolution grid that spans the entire spatial extent of China, defined by its
outermost geographic boundaries, with a resolution of 0.005° x 0.005° (approximately 500 meters
by 500 meters at the equator). To ensure universal spatial connectivity and prevent isolated nodes,
we initialize the entire rectangular bounding box matrix with a universal background speed of 10
km/h, which primarily captures offshore water bodies and unmapped background space. Next, we
overlay the Chinese terrestrial polygon onto this matrix, assigning a baseline speed of 30 km/h to all
land cells to model the local road network.

We then add the digitized highway network to the matrix by assigning each intersecting grid cell
its corresponding engineering design speed. Because our uniform grid and |Ma and Tang| (2024)’s
pixel-level dataset are based on slightly different coordinate reference systems, this spatial mismatch
occasionally produces isolated 1-cell gaps along continuous highway corridors. To address this
problem, we apply a morphological dilation filter (using a 3 X 3 local maximum window) to bridge
these microscopic gaps and ensure strict topological connectivity. Since our subsequent shortest-
path calculations seek time-minimizing routes, this topological correction resolves the network
discontinuities without introducing any notable bias to the travel time estimates. Finally, to account
for the geographic isolation of Hainan Province, we explicitly code a maritime connection between
Xuwen Port and Haikou Port, assigning it an effective speed of 30 km/h.

Following the aforementioned procedure, we construct annual speed raster datasets spanning
from 2008 to 2015. Each raster dataset consists of a matrix with dimensions of 10,031 x 12,318. As
an illustrative example, we present the network graph of the national highway network for the year
2015 in Figure[B.2]

B.2.2 Least-cost path algorithm

With the annual speed rasters established, we calculate the shortest travel time between any two city
centers using a least-cost path algorithm. The intuition behind this algorithm is to conceptualize
the continuous spatial grid as a dense network graph. Each grid cell represents a node, and the
transition to any adjacent cell incurs a “time cost” equal to the physical distance divided by the cell’s
speed. The algorithm then employs a Dijkstra-type search to find the sequence of adjacent cells that

minimizes the cumulative travel time between an origin and a destination [

‘In practice, we use the Python library skimage.graph.MCP_Geometric.
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60 km/h
I 60-80 km/h
I 80-100 km/h
Il 100-120 km/h

Figure B.2: Highway networks in 2015

Notes: This figure illustrates the 2015 highway network, based on the speed raster data constructed by
(2024). The underlying spatial data comprise a 10,031 x 12,318 raster matrix. Grid cells traversed by
the highway network are highlighted in red, with the color intensity corresponding to the assigned engineering
speed of the respective cell, ranging from 60 km/h to 120 km/h.
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Crucially, because our uniform coordinate grid exhibits geographic distortion—where the phys-
ical east—west distance of a 0.005° cell shrinks as latitude increases, while the north—south distance
remains constant—we dynamically correct the step size for each grid row. The time cost to tra-
verse a cell is calculated using the geometric mean of its latitude-corrected east—-west and constant
north—south physical distances.

Applying this algorithm, we compute the minimum highway travel time between the city centers

of any two cities, which serves as the city-to-city pairwise highway travel time in our analysis.

B.2.3 Passenger versus freight speeds

Since passenger and freight vehicles are subject to different speed regulations, we construct two
separate sets of speed rasters. For passenger travel, we preserve the original design speeds. However,
according to the Implementing Regulations of the Road Traffic Safety Law of China, large motor
vehicles (including freight trucks) are strictly prohibited from exceeding 100 km/h on highwaysE]
Accordingly, we construct the freight speed rasters by capping all grid cells with speeds higher than
100 km/h down to the regulatory maximum of 100 km/h. Using the same algorithm, we compute
the city-to-city pairwise highway transport time for freight.

To validate our methodology, we compare our estimated city-to-city pairwise highway travel
time in 2015 with those calculated by Ma and Tang| (2024), as illustrated in Figure Although
our approaches employ slightly different definitions for city centers and imputed travel speeds for
off-network pixels, the two sets of estimates exhibit strong consistency. In the subsequent subsection,
we detail how we further leverage these highway raster datasets to refine the calculation of railway

travel time.

B.3 Railway schedule data

To construct a comprehensive panel of intercity railway travel time, we utilize official train schedule
snapshots for each year from 2008 to 2015. The exact snapshot dates are May 5, 2008; July 19,
2009; October 3, 2010; October 28, 2011; December 15, 2012; December 23, 2013; October 26,
2014; and April 9, 2015. Due to historical data availability, the snapshot dates vary across years.
However, since our study primarily aims at quantifying the general equilibrium effects during the
cumulative construction of China’s HSR rather than capturing the effects of a specific year, this
irregularity does not fundamentally undermine our analysis.

The raw data provide sequential timetables for all operational passenger trains in China on the
snapshot date, detailing the ordered list of stops, alongside arrival and departure times for each
station. Table [B.I] shows an example of the train schedule. It is important to note that China’s
intercity railway ssytem operates under a rigid, centralized command-and-control framework (Lin,
2017;|Qin,2017). The frequencies, routing, and exact travel times are strictly dictated by the National
Railway Train Operating Diagram (quanguo tielulieche yunxingtu). Consequently, between official

and periodic national schedule adjustments, the daily operations of regular passenger trains are

3 Available at https: //www.gov.cn/zwgk/2005-05/23/content_214.htm| (accessed July 2026).
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Figure B.3: Comparison of pairwise highway travel time between our calculation and Ma and Tang’s
in 2015

Notes: This figure compares the city-to-city highway travel times in 2015 computed using our methodology
with those estimated by Ma and Tang| (2024). Each point represents a unique, undirected city pair. Given that
bilateral travel times are symmetric by construction, we restrict the plot to the lower triangular elements of
the travel time matrix.
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essentially deterministic and fully fixed (Huang et al., 2025). Therefore, a single-day snapshot

reliably represents the stable transport connectivity for that period.

Table B.1: An example of the train schedule: D123 on May 5, 2008

Train number Order Station name Arrival time Departure time
D123 1 Beijing West 09:47 09:47
D123 2 Baoding 10:45 10:46
D123 3 Shijiazhuang 11:47 11:49
D123 4 Anyang 13:22 13:23
D123 5 Luohe 15:37 15:38
D123 6 Xinyang 16:38 16:39
D123 7 Hankou 18:30 18:30

Notes: This table shows an example of the train schedule: D123 on May 5, 2008. The order of the stations is
the sequence of the stations the train stops at. The arrival time and departure time are the time of the train’s
arrival and departure at the station, respectively. Typically, the train stops at a station for a few minutes.

Converting these operational schedules into a reliable city-to-city origin—destination (OD) travel
time matrix requires two major data processing steps: (1) matching each railway station to its
corresponding prefecture-level city and geographic coordinates, and (2) transforming sequential

timetables into pairwise travel times.

B.3.1 Station-to-city mapping and geocoding

The raw schedule data contain 4,045 unique station names but lack explicit geographic identifiers. To
map these stations to their respective cities, we systematically combine information from specialized
railway websites (e.g., https://www.gaotie.com.cn/huochezhan/) and extract city informa-
tion for each station from Baidu Baike (a comprehensive online encyclopedia in China that maintains
entries for most railway stations, https://baike.baidu.com/). We cross-validate the city infor-
mation retrieved from these sources, manually resolve any inconsistencies, and manually identify
the cities for any stations missing from all sources. Finally, we match 4,024 of them with their
respective cities. The remaining 21 stations are not located in any prefecture-level administrative
region or in one of the four direct-administered municipalities.

Subsequently, we combine the city information and station names to query the Baidu Maps API
(https://api.map.baidu.com/)) to obtain precise longitude and latitude coordinates for each
station. To ensure rigorous spatial accuracy, we validate these geocoded coordinates against the
official prefecture-level administrative boundaries (see Appendix [B.7]for data source) by performing
a spatial join to verify whether a station’s coordinates fall strictly within the polygon of its assigned
city. A small fraction of stations (approximately 1.8%) exhibiting geographic inconsistencies in
this validation step are flagged as potential mismatches and excluded from the subsequent analysis.

Figure B.4] shows the location of these identified railway stations in our dataset.

B.3.2 Constructing the station-to-station OD dataset

Our next step is to convert the sequential timetables into pairwise travel times. We first develop an

iterative algorithm to infer the absolute time elapsed since the train’s initial departure. We set that
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Figure B.4: Location of railway stations

Notes: This figure illustrates the location of 3,953 railway stations in China, which are identified in our railway
schedule snapshot data from 2008 to 2015. Each red dot represents a railway station.

every train departs from its initial station on Day 1. Moving sequentially along the train’s route, we
track the time of day in minutes. Whenever a recorded arrival or departure time is strictly earlier in
the day than the preceding recorded time, we infer that the train has crossed midnight. Using this
inferred day counter, we convert all times into absolute minutes elapsed since 00:00 of Day 1.

After the conversion of time, we expand the sequential route of each train into all possible
pairwise combinations of stations (where the origin precedes the destination). For example, in
the example of Table [B.1] the expanded pairwise combinations of stations are: (Beijing West,
Baoding), (Beijing West, Shijiazhuang), (Beijing West, Anyang), (Beijing West, Luohe), (Beijing
West, Xinyang), (Beijing West, Hankou), (Baoding, Shijiazhuang), (Baoding, Anyang), (Baoding,
Luohe), (Baoding, Xinyang), (Baoding, Hankou), (Shijiazhuang, Anyang), (Shijiazhuang, Luohe),
(Shijiazhuang, Xinyang), (Shijiazhuang, Hankou), (Anyang, Luohe), (Anyang, Xinyang), (Anyang,
Hankou), (Luohe, Xinyang), (Luohe, Hankou), (Xinyang, Hankou). For each pairwise combination
of stations, we calculate the travel time as the difference between the arrival time of the destination
station and the departure time of the origin station.

To ensure the robustness of the travel time network, we apply two strict anomaly detection criteria
to filter out erroneous records (e.g., a small number of stations share the same name but are located

in different cities):

1. If the stations immediately preceding and succeeding station s on a train’s route are both

located in city ¢, but station s itself is assigned to a different city ¢’ # ¢, we flag the record at
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station s as a routing or mapping anomaly. OD pairs involving such anomalies are dropped.

2. Using the geocoded coordinates, we calculate the minimum distance between the origin and
destination stations for every OD pair. We then compute the implied average travel speed by
dividing the distance by the travel time. We strictly exclude records implying average speeds
that exceed the physical and regulatory limits of the railway system. Specifically, we set a
threshold of > 400 km/h for high-speed rail and > 200 km/h for conventional trains (we define

the classification of high-speed rail and conventional trains later).

Finally, we aggregate the station-to-station OD data to the city-pair level. Given that multiple
train schedules typically operate between any connected city pair, our next step is to identify the
minimum rail travel time for each directed pair, consistent with our methodology for computing

highway travel times.

B.3.3 Minimum travel time by HSR and conventional trains

To distinguish HSR from conventional trains, we categorize train services based on their official
alphanumeric prefixes. Specifically, trains with prefixes G (Gaotie, High-Speed EMU), D (Dongche,
EMU), and C (Chengji, Intercity EMU) are defined as HSR, while all other prefixes (e.g., Z, T, K,
and numeric-only trains) are classified as conventional trains. For instance, the train detailed in
Table operates with the prefix D and is thus classified as HSR.

This binary classification aligns well with the official operational classifications and general
public perception, as G, D, and C trains exclusively utilize Electric Multiple Unit (EMU) technology
and offer significantly higher operational speeds (Diao, 2018;/Huang et al.,2018). More importantly,
it fundamentally captures a structural shift in China’s transportation network. For the purpose of
our spatial equilibrium analysis, the crucial distinction extends beyond mere travel speed; it reflects
the transition from a traditional mixed-use network to a predominantly passenger-dedicated system.
Historically, China’s conventional railway network functioned as a mixed-use system accommodating
both freight and passenger traffic. In contrast, HSR services (G, D, C) operate largely on newly
constructed passenger-dedicated lines or upgraded high-speed tracks. By substantially separating
passenger traffic from traditional freight networks, this classification accurately maps onto the
specific economic channels we parameterize in our structural model: trade search and leisure travel,
both of which are fundamentally passenger-driven forms of mobility. Based on this criterion, we
split our OD dataset into two mode-specific subsets: one for HSR and one for conventional trains.

After classifying the network, we calculate the minimum travel time for each city pair. Because
HSR stations are frequently located in urban peripheries rather than city centers, comparing pure
in-vehicle rail time would underestimate the travel time. To ensure comparability across modes, we
incorporate the local commuting time to and from the stations. For any given city pair, we identify
all direct train schedules. For each available schedule, we define the total travel time as the sum of
three components: (1) the road travel time from the origin city center to the departure station, (2)
the in-vehicle rail travel time, and (3) the road travel time from the arrival station to the destination

city center. The road travel times are computed using the road network rasters constructed in the
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previous subsection. Finally, we take the minimum total travel time across all direct schedules as
the travel time for that city pair. We repeat this procedure separately to construct the OD travel time

matrices for both HSR and conventional trains.

B.4 Migration data

To construct the bilateral labor migration matrix and measure spatial labor mobility, we utilize
individual-level microdata from the 2010 National Population Census and the 2015 National 1%
Population Sampling Survey. The 2010 dataset provides a representative random sample containing
1,267,381 individuals, while the 2015 dataset provides a similar representative sample covering
1,371,252 individuals. These datasets consistently report respondents’ precise current residential
location and their official household registration location (hukou).

Consistent with our spatial model where individuals belong to an origin city and subsequently
choose a destination city to reside and work, we define an individual’s origin city j by their hukou
location, and their destination city n by their current residential location. This aligns with the method
used by many studies about China’s internal migration (e.g., [Tombe and Zhul 2019; [Liang et al.,
2024).

With the cities mapped, we classify individuals as intercity migrants if their current residential
city differs from their hukou city (n # j). Conversely, individuals whose current residential city
coincides with their hukou city (n = j) are classified as locals. For both the 2010 and 2015 samples,
we aggregate the total number of migrants from every origin city j to every destination city n,
denoted as L j,, and the total number of locals in each city j, denoted as L;;.

Finally, we construct the directional migration share A;,. For a given origin city j, we first
Lj,. The

migration share from city j to city n is then calculated as the fraction of j’s hukou population that

compute the total number of individuals whose hukou originates from j, L; = Zi\’:l

chooses to reside in 7n:
L in
/lj’l = I: :
J

B.5 Intercity, multi-sector input-output table

To empirically capture the spatial production networks and calibrate the structural trade elasticity
parameters, we utilize the China City-Level Multi-Regional Input-Output (MRIO) Tables for the
years 2012 and 2015, constructed by Zheng et al.| (2022) and available athttps://www.ceads.net
(accessed April 2026). The authors construct input-output tables covering the trade flows across
42 economic sectors among 313 regions. Specifically, these tables contain the input values of any
sector in any region from any sector in any region, which constitutes a 13,146 x 13,146 matrix.
Additionally, consistent with the standard structure of input-output table, it also contains the final
consumption of any region from any sector in any region (including urban and rural household
consumption) and value added (including labor compensation).

It should be noted that the 313 regions in the initial dataset do not belong to a uniform ad-

ministrative tier. Likely due to data limitations, Hainan, Yunnan, Tibet, and Qinghai Provinces
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are not disaggregated into prefecture-level regions, rendering it infeasible to accurately map the
HSR network at the desired spatial resolution. Consequently, we exclude these four provinces from
our analysis. We further refine the sample by dropping non-prefecture-level regions in the table,
such as several provincially administered county-level divisions (shengzhixiaxian). Ultimately, our
final dataset comprises 302 cities, consisting of 298 prefecture-level administrative regions and 4
direct-administered municipalities. This set of locations defines the primary spatial domain for our
counterfactual analysis.

The 42 sectors comprise 1 primary, 27 secondary, and 14 tertiary sectors. While we retain
the disaggregated 42-sector structure for parameter estimation, we aggregate these into the 3 broad
macro-sectors. Consequently, the raw trade flow matrix is restructured into a 906 x 906 matrix
for our counterfactual analysis. This preserves the main input—output linkages between agriculture,
manufacturing, and services, while keeping the high-dimensional relative-change system numerically
tractable.

We detail the data construction procedure as follows. First, we construct the sector-specific
bilateral trade share matrix, which maps directly into the intermediate goods trade probability nj?n.
For a specific intermediate good produced by sector k in origin city j and shipped to destination
city n, we sum the input values demanded by all utilizing sectors s € K within city n. Normalizing
this sum by the total expenditures of city n on intermediate goods from sector k across all possible
origin cities yields the precise expenditure share, n;?n. We perform this calculation separately for
2012 and 2015.

Second, we systematically calibrate the underlying structural parameters that dictate the demand
(i.e., the expenditure shares and production elasticities). For final consumption, we aggregate the
total consumption demands from both rural and urban households in city n across all locations
for sector k’s goods. The share of this sector-specific consumption relative to the city’s total final
consumption yields the Cobb—Douglas preference parameter pX.

Finally, we utilize the value-added block of the MRIO tables to calibrate parameters in the
intermediate production function. We identify total labor compensation (total wage) for each sector
k in city n. By combining the total wage with the intermediate goods input matrix, we calculate
the total production input value for each city-sector pair. This allows us to perfectly calibrate the
Cobb-Douglas production elasticities: y,’i’s (the cost share of sector s’s intermediate goods in sector

k’s production) and y',j (the cost share of labor).

B.6 UnionPay data

We construct bilateral measures of intercity business and leisure travel using anonymized credit-
and debit-card transaction records from UnionPay for 2011-2015. During this period, UnionPay
operated the nationwide interbank payment network through which cards issued by different Chinese
banks were processed. Unlike household surveys or aggregate passenger statistics, the data allow
us to follow the same card across locations and dates and thereby construct directional travel flows
between prefecture-level cities.

We construct the card sample in two steps. First, we randomly draw 1% of all cards active in
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January 2011. In every subsequent month, we supplement this initial cohort with a 1% random
sample of cards that newly appear in the transaction records. This sampling procedure yields
approximately 27 million distinct cards. For every sampled card, we retrieve its complete transaction
history over the study period. Adding newly appearing cards prevents the sample from becoming
restricted to the stock of cards already active at the beginning of 2011, while retaining previously
sampled cards allows us to follow their locations consistently over time.

The raw records report the date, transaction type, and merchant location associated with each
purchase. We retain only offline transactions, which require the cardholder to be physically present
at the merchant, and exclude online transactions that do not reveal the cardholder’s location. Of-
fline transactions account for approximately 97% of transactions during the relevant period. We
map merchant locations to prefecture-level cities. The mobility measures use the occurrence of a
transaction rather than its expenditure value, so that travelers making larger purchases do not receive
greater weight.

For each card and calendar month m, we assign a single home city based on the card’s transaction
history within a rolling twelve-month window. Specifically, the home city is the city in which the
card is used most frequently from month m — 6 through month m + 5, comprising the six preceding
months, the current month, and the five following months. The same home-city assignment is applied
to every transaction made by the card during month m. When the full twelve-month window extends
beyond the months available in the transaction records, we use the available months within the
corresponding window, so that home assignments near the sample boundaries are based on shorter
observation periods. This monthly rolling procedure smooths temporary fluctuations associated
with travel while allowing a card’s assigned home to change when its user relocates. Conditional on
this assignment, a card is recorded as traveling from home city » to destination city j on date d in
month m if it makes at least one offline transaction in j # n on that date. Multiple transactions by the
same card in the same destination on the same date are collapsed into a single card—destination—date
observation. Thus, our travel measures count observed traveling cards rather than transactions or
expenditure.

The transaction records reveal when and where a card is used but do not report the purpose of
the trip. We therefore use calendar timing to construct purpose-specific samples. Trips occurring
on non-holiday weekdays are classified as business travel. Trips occurring during national public
holidays or an extended Chinese New Year window are classified as leisure travel. We deliberately
rely on these relatively clean but non-exhaustive timing windows rather than assigning every observed
trip to one of the two purposes.

For each year, we aggregate the resulting card—destination—date observations to the directed city-
pair level. The business-travel measure gives the observed bilateral volume V;, ; used in Equation (36).
The timing classification does not imply that every such trip is undertaken for supplier search. As
discussed in Section @, observed V,,; combines procurement-related travel represented by the
model with residual business travel, Vr%., such as administrative visits, conferences, and other
corporate trips.

For leisure travel, we normalize the annual flow from origin n to destination m by the total
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observed intercity leisure flow originating in n. The resulting destination share is

VT
T nm,t
A = m#n,

mn,t T ’
Zmwe\{n} Vo 4

where VI

m.: denotes the observed leisure-travel volume from 7 to m in year ¢. This measure is the

empirical counterpart of the destination-choice probability in Equation (3). We use it to estimate
the composite travel-friction elasticity a” 67 and to recover relative destination attractiveness and
origin-specific leisure accessibility.

Because the data track cards rather than individuals, they do not cover travelers without payment
cards and may count an individual more than once if that person uses multiple sampled cards.
They also reveal a traveler’s location only when the traveler makes an offline purchase rather
than continuously throughout a trip. We therefore interpret the constructed variables as measures
of relative bilateral travel flows and destination shares, rather than as exact counts of travelers.
Our empirical specifications rely primarily on these relative flows, their changes over time, and

comparisons across city pairs constructed using a consistent sampling procedure.

B.7 Other data sources

We utilize prefecture-level average nominal wage data in 2010 and 2015, sourced from the China
City Statistical Yearbook. Since prefecture-level price index data are not available, we match each
prefecture-level nominal wage with consumer price index for its province to construct the real wage.
The price index dataset spans from 2000 to 2015, sourced from the China Statistical Yearbook. We
assume that the price level is the same across all provinces in 1999 and calculate the cumulative
price index for 2010, 2011, and 2015.

Our prefecture-level Geographic Information System (GIS) polygon map is obtained from
the National Platform for Common GeoSpatial Information Services, administered by China’s
Ministry of Natural Resources, and is accessible via https://cloudcenter.tianditu.cn/

administrativeDivision (accessed December 2025).
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C Appendix for the estimation of structural parameters

C.1 Sensitivity to the calibration of the migration shape parameter

Our baseline analysis calibrates the migration elasticity to % = 1.9, following the city-level estimate
of 1.9 in|Fang and Huang|(2022)). This calibration affects the estimation of the utility weight of leisure
travel accessibility through two distinct margins. First, 6 enters the transformed dependent variable
of the migration gravity equation. Second, the estimated coefficient on leisure travel accessibility
identifies the composite parameter 6%y /67, which must be divided by 6% to recover the structural
parameter ¢ /67 . We therefore examine the sensitivity of our estimate to alternative values of 8.

The relevant value of the Fréchet shape parameter depends on the spatial choice margin and
the definition of location alternatives. A larger R corresponds to less dispersion in idiosyncratic
location preferences and therefore greater substitutability across locations. Locations defined at a
finer spatial resolution are typically more similar and closer substitutes than larger geographical
units. Consistent with this interpretation, [Tombe and Zhu| (2019) estimate a migration elasticity
of approximately 1.5 across province pairs in China, whereas [Fang and Huang| (2022) obtain an
estimate of 1.9 across China’s cities. At a substantially finer spatial scale, |Ahlfeldt et al.| (2015)
obtain a Fréchet shape parameter of 6.83 for commuting decisions across blocks within Berlin.

These estimates should not be interpreted as alternative calibrations of a single parameter that is
invariant across spatial settings. In particular, within-city commuting decisions differ substantially
from long-run migration across cities in terms of both the relevant alternatives and the underlying
mobility frictions. Consequently, we view the city-level estimate of 1.9 as the most appropriate
benchmark for our intercity migration setting.

To illustrate analytically how this calibration affects our estimate, consider the regression speci-

fication in the main text (i.e., Equation (32)):

Wnt QR lﬁ

R
InAj, — 6% In — P QT

In (Distancejn + 1) + 6 + €jns,

t

where In g7 serves as the instrument for In(®Z /@T). To simplify notation, throughout the following
derivation, we use the original notation for each variable to denote its residual after partialling out
the year-specific distance controls and origin—year fixed effects. The Frisch—Waugh-Lovell theorem

implies that the just-identified IV estimator can be written as

ORy  Xjne @ [0 0 — 0% In (wpe [ Pu) ]
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This decomposition separates the migration response associated with instrument-induced variation
in leisure accessibility into two components. The first term captures the total migration response

per unit of accessibility variation. Because leisure accessibility and real wages can co-move in
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spatial equilibrium, this response includes both the direct utility effect of leisure accessibility and the
migration response attributable to the associated real-wage differences. The second term removes the
latter component by converting the instrument-related real-wage variation into migration responses
using the calibrated migration elasticity #%. Provided that the instrument is orthogonal to the error
term €;,, and that 6R is correctly calibrated, the remainder identifies the direct leisure-accessibility
coefficient 9%y /07, holding real wages fixed. A value of 6 that is too large leads to over-correction,
whereas a value that is too small leaves part of the real-wage channel attributed to leisure accessibility.

Accordingly, the estimate for /67 is given by

l///G'T _ L Zj n,t In ‘ﬁ;{z ln/ljnt B Zj,n,t In ¢£t In (Wn/Pnt)
Z] ntlnwnt In (QT /QST) Zj,nthupm In (@T /¢T)

Both ratios on the right-hand side are positive in our data. Therefore, both the estimated coefficient
W and the implied structural parameter :,;767 decline as the calibrated migration elasticity
increases. Importantly, the decline in W is not driven solely by mechanically dividing the
estimated coefficient by a larger value of #%. As discussed earlier, when migration is assumed to
respond more strongly to utility differences (i.e., a larger calibrated %), a given migration response
implies a smaller underlying utility contribution from leisure accessibility.

Tablere-estimates the pooled IV specification using 8% € {1.5,1.9,2,2.5,3}. The implied
estimate of /67 declines monotonically with 8%, It remains positive and statistically significant
under the province-level calibration of 1.5, the city-level calibration of 1.9, 2, and 2.5. When oR
is increased further to 3, however, the point estimate becomes smaller and is no longer statistically
distinguishable from zero. We interpret the latter value as an upper-end stress test rather than an
equally plausible benchmark, given that the most directly comparable city-level estimate is 1.9.

To assess the extent to which our quantitative conclusions depend on the direct utility value of
leisure accessibility, Section [5]reports an additional channel-off counterfactual in which we impose
/67 = 0. This conservative restriction lies below the point estimates obtained under all reported
calibrations of %. It removes leisure accessibility from the location-choice equation, so that HSR-
induced improvements in leisure accessibility no longer affect migration directly through residential
utility. However, migration can continue to respond to changes in real wages generated by the
production-side search channel.

Comparing this specification with the full model isolates the quantitative effects of HSR that
do not rely on the estimated direct utility value of leisure accessibility. Turning off the direct
leisure-accessibility channel attenuates spatial labor reallocation, while reductions in business-travel
frictions continue to affect search, trade, prices, real wages, and migration through changes in

economic opportunities.

C.2 First-difference specification for migration gravity

As a robustness check to the cross-sectional and pooled specifications in the main text, we also
estimate the migration gravity equation in time differences between the two census years. Starting

from the structural migration share in Equation (5)), the log migration equation in year 7 can be
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Table C.1: Re-estimating the migration gravity equation with different calibrations of R

Dependent variable: In A, — O In 22

Pnt
R =15 R =19 oR =2 R =25 R =3
)] () (3) “ )

In(®!,/d7) 0.209"" 0.180"" 0.173"™* 0.137" 0.101

(0.060) (0.060) (0.060) (0.060) (0.063)
In(distance) x 1{r = 2010} —0.895""" -0.916"" -0.922"" -0.948™" -0.974™

(0.017) (0.017) (0.018) (0.019) (0.021)
In(distance) x 1{r = 2015}  —0.858""" -0.874™" -0.878"" -0.897"" -0.917""

(0.016) (0.016) (0.016) (0.017) (0.018)
Origin X year fixed effects Yes Yes Yes Yes Yes
Estimator v v v v v
First-stage F-statistic 1,594 1,594 1,594 1,594 1,594
Implied estimate of v /67 0.139 0.095 0.087 0.055 0.034
# of observations 28,443 28,443 28,443 28,443 28,443

Notes: This table re-estimates Equation (32) using different calibrations of 98. The estimation data are the
pooled sample over 2010 and 2015. IV estimator is employed in all columns and Kleibergen—Paap F-statistic
is reported. Column (2) replicates the estimation result in Column (6) of Table @ The implied estimate of
/67 in each column is calculated by dividing the point estimate of the accessibility term by 8% and reported
in the table. Standard errors, two-way clustered at the origin and destination city levels, are reported in
parentheses.

“p <0.01, "p < 0.05, “p < 0.1.

written as

w ¥
Indj, =682 + ok
n jnt nPnl HT

Differencing Equation (C.I)) between r = 2015 and ¢ = 2010 eliminates time-invariant bilateral

lncﬁ,ft - g% In¢jp, +0%1na,, -In®j. (C.1)

migration frictions and yields

AlnA;, —HRAlnv;—: = eReiTAlnqs%Aaj + A€jn, (C.2)
where Ax = X015 — x2010 for any variable x, the origin fixed effect Ad; absorbs the change in
the multilateral resistance term, and the composite residual Aej, = 0RAlna, — 6RAln. jn collects
changes in local residential amenities and migration costs. As in the main text, we impose the
calibrated value 8% = 1.9 and move the real-wage term to the left-hand side, thereby avoiding
the need to instrument for endogenous wage changes. Relative to the levels specification, the
first-difference regression identifies Ry /67 from within-city changes in leisure travel accessibility,

rather than from cross-sectional differences in accessibility levels.

C.2.1 Construction of the accessibility difference

Because UnionPay leisure travel data begin in 2011, we again use 2011 measures of leisure ac-
cessibility and destination attractiveness as proxies for their 2010 counterparts when constructing

Aln®! = In®d!. However, leisure travel accessibility is not directly observed, thus we must

A25



construct A In @7 based on the estimated leisure travel gravity equation. Recall that

HT

o= Y (b) (@) S e

me N {n}y \Hnmi meN\{n}

Therefore, the relative change in accessibility between the two periods satisfies

= po p-at ot T (C.3)

mnm

meN\{n}

m|n’

where /l:ﬂn denotes the leisure travel share in the earlier period. It should be noted that Equation (C.3)
is different from the one in Definition where Em = 1 since HSR does not affect the destination
attractiveness in the counterfactual equilibrium. In the regression, & refers to the observed relative
accessibility between two years, which can be driven by both changes in destination attractiveness
and changes in bilateral travel costs.

As shown in Equation (C.3)), constructing @1 requires {’1£z|n}ne N, meN\{n) in 2011. A practical
concern is that the observed UnionPay destination shares /lz:tln are measured with substantial sampling
noise, especially for thin city pairs. Following the “covariates-based approach’ highlighted by Dingel
and Tintelnot|(2026)), we therefore replace the raw shares with their structural counterparts implied by
the estimated leisure travel gravity equation. Specifically, given the recovered relative attractiveness

b"T / b"T in 2011 from Equation (30) and the calibrated friction elasticity @67 = 2, we reconstruct

(bBT/bHT) t—aTGT
nm

a (C4

m|n =

T T —al T’
L' e N\ (n} (b9 /b? )tnn(ff ‘

where t,, is the observed minimum bilateral travel time in 2011. We then use these fitted shares
/1T| in place of /l:“n when evaluating Equation (C.3). This reconstruction imposes the model’s
own gravity structure on the baseline portfolio of leisure destinations, thereby reducing the influ-
ence of measurement error in the UnionPay microdata while preserving the estimated destination
attractiveness and observed travel times.

Next, we estimate b g:. However, in practice, leisure travel gravity estimation identifies destina-
tion attractiveness and origin accessibility only up to a common scale in each year. Centering the
estimated destination—year fixed effects as in Equation (30), we recover the relative attractiveness
measures bff;/ B?T. Their intertemporal ratios therefore identify relative changes only up to the

national geometric mean:

~

0
m

7

S

- | -
exp (5m,2015 - m Zm'eNﬁ‘Sis 5m',2015)
q

p

=

Il

R ) -
exp (5m,2011 TR Zm’GNSSTl 6m/,2011)

Substituting these recovered b, /b¢" into Equation (C.3) yields the estimated accessibility change
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(adjusted by a common scale ZHT):

Y (EﬁT/EHT)f‘“TOTZT

nm mln*
meN\{n}

BecauseIn b?" does not vary across j and n, it is absorbed by the origin fixed effects in Equation (C.2)).
Consequently, using In®Z/b9" as the regressor is equivalent to using A In @I up to an additive

constant.

C.2.2 Instrumental variable

Even after first-differencing, A In ®!' may remain endogenous. In particular, cities that experienced
larger HSR-induced travel time reductions over 2010-2015 may also have experienced correlated
changes in local amenities or residual migration costs. Building on the same logic as in the main text,
we construct an instrument that holds bilateral travel times fixed and retains only the contribution of

changes in external destination attractiveness. Using the same reconstructed baseline shares, define

DY (%T/E"T)ifﬂn. (C.5)
meN\{n}

Relative to Equation (C.3)), the instrument shuts down the f;,‘,fTHT channel and therefore captures
whether the portfolio of external destinations of city n became more attractive. The identifying
assumption is that changes in other cities’ leisure attractiveness are orthogonal to changes in city

n’s unobserved residential amenities and residual migration costs, conditional on the origin fixed

effects. We then instrument In &% /h" with In ! in the first-difference regression (C.2).

C.2.3 Estimation results

Table [C.2] reports the IV estimates of Equation (C.2). Column (1) is the baseline first-difference
specification. The coefficient on leisure travel accessibility is 0.144 and statistically significant at the
10% level. This point estimate is quantitatively close to the pooled IV estimate of 0.180 in Column
(6) of Table 4, which we adopt as the baseline value of 8%y /67 in the main text. The similarity
of the two estimates suggests that the migration response to leisure accessibility is not an artifact
of cross-sectional differences in accessibility levels, and therefore provides a reassuring robustness
check for the main-text parameter.

At the same time, we find the first-difference estimate is less precisely estimated. Relative to the
pooled levels regression, the sample shrinks substantially (from 28,446 to 7,806 observations): any
city pair with a zero migration share in either census year drops out of the log-differenced sample.
Moreover, first-differencing removes the large cross-sectional component of accessibility variation
and retains only within-city changes between 2010 and 2015, which are quantitatively smaller. Both
forces inflate the standard error, even though the point estimate itself remains comparable to the

main-text benchmark.
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A natural concern with interpreting the accessibility coefficient as a leisure-amenity channel is
that HSR may also lower bilateral migration costs directly by compressing passenger travel time
between origin and destination. Although a one-time moving fare is unlikely to matter for long-run
location choice, recurrent home visits can directly enter residential utility as a term that is discounted
by bilateral travel time, rather than entering the leisure travel decision. In reduced form, this term
is isomorphic to a component of migration costs. To assess this alternative mechanism, Column (2)
augments the first-difference regression with the change in bilateral travel time, Aln?;,. If this is an
important omitted channel, one may expect Alnz;, to enter with a meaningfully negative coefficient
and to absorb part of the accessibility effect. Empirically, the travel-time coefficient is small and
statistically insignificant, while the accessibility estimate remains unchanged. Therefore, it provides

little evidence that the home-tie mechanism drives the estimated leisure-accessibility coefficient.

Table C.2: Estimation of the first-difference migration gravity equation

Dependent variable: Alnd;, — 6%Aln 3=

(1) )
In®7 /0" 0.144" 0.144"
(0.079) (0.078)
Alntj, -0.014
(0.078)
Origin fixed effects Yes Yes
Estimator v v
First-stage F-statistic 9,885 9,800
# of observations 7,806 7,806

Notes: This table reports IV estimates of the first-difference migration gravity equation. Column (1) estimates
Equation (C.2). Column (2) additionally controls for the change in bilateral travel time. Kleibergen—Paap
first-stage F-statistics are reported. Robust standard errors are reported in parentheses.

“p <0.01, “p < 0.05, “p < 0.1.

C.3 Goodness of fit of the leisure travel and migration gravity equations

This appendix evaluates how well the estimated leisure travel and migration gravity equations
reproduce two aggregate moments that are not directly targeted in estimation: city-level inbound

leisure travel volumes and city-level residential populations.

C.3.1 Leisure travel gravity

Recall that the leisure travel gravity equation identifies the composite friction elasticity o’ 87 together

with origin and destination fixed effects. Given the recovered relative destination attractiveness
b?" /b?" from Equation (30) and the calibrated friction elasticity o’ 67 = 2, the model-implied

leisure travel shares are

0T 16T\ —al 6T
=T (bmt /bt ) tnmt
mn,t =

. meN\{n} (C.6)
Svenin (bl /B )t
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The common normalizing factor b¢ " cancels in the ratio, thus this prediction is completely consistent

with the structural equation of A7 in Equation (3). To assess fit at the city level, we take each
mln,t

out

city’s observed total outbound leisure travel volume, Volume,;",

as given, and predict its total inbound

volume by reallocating these outbound trips across destinations according to Equation (C.6):

Volumel:lt = Z /irTn|n,t VolumeSy'. (C.7)
ne N\{m}

Therefore, Equation (C.7) asks whether travel times and the estimated destination attractiveness are
sufficient to redistribute the observed origin totals into a destination pattern that matches the data.
Figure [C.T|compares the predicted inbound volume with the observed inbound volume in 2011.
The predicted and observed volumes are closely aligned, indicating that the leisure travel gravity
equation accounts for the cross-sectional distribution of inbound leisure flows well, even though
the estimating equation includes only bilateral travel time and two-way fixed effects. Residual
discrepancies are modest: less attractive destinations tend to be slightly under-predicted, whereas

more attractive destinations tend to be slightly over-predicted.
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Figure C.1: Predicted and observed inbound leisure travel volumes in 2011

Notes: This figure compares the predicted and observed inbound leisure travel volumes in 2011. Each point
represents a destination city. Observed inbound volumes are obtained by aggregating UnionPay leisure trips
across origins. Predicted inbound volumes are constructed from Equation (C.7), which reallocates each
origin’s observed outbound volume according to the model-implied leisure travel shares in Equation (C.6).
The dashed line is the 45-degree line. The reported uncentered R-squared is obtained from a regression of
the predicted volume on the observed volume without a constant.
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C.3.2 Migration gravity

Different from the estimated leisure travel gravity equation, our estimation of the migration gravity
does not recover the full structural specification of the migration probabilities. As discussed in the

main text, we estimate

oR1n 2ne _ gr 1, P

11‘1 /l_]nt - Pnt HT

+ﬂt In (Dlstance,n + 1) + 0 + €jnss

t
where the calibrated real-wage term is moved to the left-hand side, bilateral distance enters as a proxy
for distance-related migration costs, and origin—year fixed effects absorb multilateral resistance.
The composite residual €;,, collects unobserved residential amenities and residual components of
migration frictions. Consequently, simply predicting the left-hand side of this regression and adding
back 6 In(w,,; /P,;) does not yield a well-defined probability system: the resulting objects need
not lie in (0, 1) and need not sum to one across destinations for each origin j.

We therefore construct predicted migration shares from the structural definition in Equation (3,

retaining only the components that are either observed or identified in estimation. Specifically,

we use observed real wages, the recovered relative leisure accessibility @2, /P!, and the estimated

distance elasticity, while shutting down unobserved amenities and residual bilateral migration costs:

(_)Rw/HT
3 9RP 9R (QDT /@T) (Distance j, + 1)'8‘
Ajme = _ . (C.8)

0% p-0% (T /BT ofyloT B,
ZweNWu Py (<p /D] ) (Distance jn + 1)

Compared to Equation (3)), this construction imposes a,; = 1 for all n and replaces L 6’ with the
distance term (Distance , + l) . The common normalizing factor ®! cancels in the ratio and
therefore does not affect A;,,,. By construction, A, € (0,1) and Y,,c o djnr = 1 for every origin j.
Given the initial hukou labor endowment {L j}jen the predicted number of residents in destination

n is then
L= Al (C.9)

JEN

Figure[C.2]compares the predicted residential population with the observed one in 2010. Because
city-level wage data are missing for a subset of cities, the comparison is restricted to the city pairs
for which all objects entering Equation (C.8)) are available. As shown in the figure, predicted and
observed populations remain highly correlated, indicating that real wages, leisure accessibility, and

distance jointly capture an important component of the spatial distribution of residents.

C.4 Recovering production-labor shares from the MRIO table

Constructing the denominator, 3 X k=17 Dk in the business travel volume regression requires the
sectoral production-labor shares, deﬁned asvy = L3 /L,. The MRIO tables for 2012 and 2015 report
the sectoral compensation of labor. While these wage bills identify the allocation of production labor

across sectors within a given city, they do not capture the allocation relative to total city employment,
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Figure C.2: Predicted and observed residential populations in 2010

Notes: This figure compares the predicted and observed residential populations in 2010. Each point represents
a destination city. Observed populations are obtained by aggregating census migration flows across origins.
Predicted populations are constructed from Equation (C.9), using the incomplete structural migration shares in
Equation @), which retain observed real wages, recovered leisure accessibility, and the estimated distance
elasticity, while shutting down unobserved amenities and residual non-distance migration costs. Because
wage data are missing for some cities, the sample is restricted to city pairs for which all objects entering
Equation (C.8) are available. The dashed line is the 45-degree line. The reported uncentered R-squared is
obtained from a regression of the predicted population on the observed population without a constant.
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L,,, because the latter also encompasses labor hired by final goods firms for search and entry activities.
Accordingly, we define y* = LX/ ZK L3 as sector k’s share of city n’s aggregate production labor.
Because our structural model assumes perfect labor mobility across sectors within a city, thereby
equalizing wages across all local sectors, the observed share of labor compensation for sector k in
the MRIO data maps identically to its employment share, yX.

To map x* into vX, we combine the goods and labor market clearing conditions. Recall that

total final-goods expenditure in sector k of city n is

K
Xr]: = PﬁWnLn + Z VrSz’kaw

s=1
and that labor market clearing requires

K

1

wyL, = Z (ykRk + Xk)
k=1

Production labor satisfies w,LX = y*RK. Moreover, because intermediate producers in sector

s allocate cost shares that sum to one, y; + Zle yfl’k = 1, and therefore Zle yZ’k =1-vy.

Aggregating final-goods expenditure across sectors then yields

K K
Zxrlf:WnLn Z(l ~n)
k=1 s=1

K s K

= walt )3 R = D L,
n

s=1
Substituting into the labor market clearing condition gives
K K K
1 w,L3
w,L, = anL'; + — |w,L, + Z % - anLfl
k=1 o =1 In s=1

Dividing through by w,, and rearranging, we obtain the exact relationship between total employment

and production labor:

ZK: : i Ly
_ k
k=1 o-1

The first term on the right-hand side is aggregate production labor; the second term is the non-
production labor hired for search and entry, expressed as a function of the production-labor vector
and the labor production elasticity. Substituting LXK = y* Zf,{:] L? into Equation (C.10) yields

L, = ( ki)(_’é ZL

s=1
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2 k=

s=1

k

and therefore
K K k
n
k l’l

The production-labor share relative to total employment is then

-1

s K k
s_ﬁ n
L, k

(C.1D)

k n

We recover {vk},cn. kex based on Equation (C.1T) using the calibrated elasticity of substitution

o = 6 together with the MRIO-based {y¥, y*},.c N, ke and then construct

e 3

s=1

for the business travel volume regression. We separately use the 2012 and 2015 city-level MRIO
tables to construct DX for the two years. Specifically, for 2015, not only {x:}.cn.scs but also
(oK, vs, yf,’k}ne N.s.keg are reconstructed based on the 2015 MRIO table.
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D Appendix for counterfactual analysis

D.1 Travel time decomposition

The decomposition in Equation (40) requires the relative change in each pair’s volume share, §,,;.

We construct this object separately for business and leisure travel.

D.1.1 Business travel

Total business travel volume mixes procurement-related travel with residual trips. Following Sec-

tiond.2.3] we write
business _ k k f
Vs (1+ ¢n)) E F, L7,

where the second term is the search labor implied by Equation (34) and ¢,,; is the ratio of residual
to procurement-related travel. The relative change in observed volume is therefore the product of

the two components,

K
> ‘. SS T k’
V’lzl;qlneie — (1 + ¢nj) X E F,lflnjf.

The counterfactual is designed to isolate the procurement margin. The structural model de-
termines search labor, trade shares, and the distribution of labor, but not ¢,,;. We therefore set

m = 1 and compute

=

Vrtl);siness — Z Fklk S

k=1
This is not a claim that residual travel is invariant to HSR; instead, the resulting decomposition
answers how national average business travel time changes when procurement-related volumes
adjust, holding the residual-to-procurement ratio fixed. Shocks that operate through ¢, ; are shut
down by construction in our counterfactual simulation and residual travel scales with procurement-
related travel.

With ¢,,; fixed, the relative change in the volume share is then

K pkikf

Vbusmess Fkk

sbusiness — nj _ Zk 15n'nj

nj - N busmeﬂq business Tk
Z. V SI’LJ 121\{ 1Sbusmessz Fkl o

n''n’j

Substituting Equation (34)), we further obtain

~k Tk k
7t L
S\bu_siness — Zk 17 jn n@

nj business 2— a’f k
IZ/lsn/l/ tn/lf Zklﬂ-//L wl

where w}‘n = ﬂj‘anl/ >K k=17 nLﬁ is calculated based on variables in the calibrated no-HSR baseline

equilibrium, and all relative changes are calculated based on the solved counterfactual equilibrium.

With the observed shares {sb“““e“ Sb““me“}n jen from 2011 UnionPay data, we calculate § Ab‘f“‘e“
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for each city pair. This further allows us to calculate all three components in Equation (40).
The corresponding city-level average business travel time is 72U5iness = N =1 Inj B’Tsme“ with

SB)lllrslmess = busmt:SS/Z N Sbusmess Tts relative Change is

N
°bu51ness busmess Abusmess
In;8 s (D.1)
Jjln
j=1

business — ¢business N business
where ST = SIS 3y Sy and

P K sk Tk ok
L

§busines€ _ Zk 1 ﬂ]n n jn

Jln N business £ aP NI ok
]/ 1 s] |n t Zk_l i’ Ln j’n

D.1.2 Leisure travel

Leisure volume from 7 to m can be written as Vicisure = /lgianutTravelern, where OutTravelery,

is the number of intercity leisure travelers originating in n. The model determines ﬁiln but not
OLmern, because the extensive margin of outbound leisure travel is not specified. The national

share change

) OMtTravelern
aleisure _
snm -

lelsure /lT

1 et Sy | ,OutTraveler,,

is therefore not identified, and neither are the national composition, interaction, or total effects for

leisure travel. Direct time effects remain identified, since they depend only on observed S'¢su and
frm-
Although the national composition and interaction terms are not identified, the change in average

"lelsure

outbound leisure time from a given city, £,7*""°, is identified. Conditional on origin n, we have

Vleisure /lT
oleisure _ mn
mln lelsure leisure lelsure T ’
Zm/q&n m'|n Vnm Zm/;tn m’|n /lm "|n

where slellsure - Vle1sure / zm 'in Vlelsure Therefore

Heisure __ leisure 2 Alelsure
peisire = )" glebreg Speure, (D.2)

m#n

where S Li‘lsr‘:re = Sleisure /50 0 S ifr‘;‘,“e is constructed based on observed shares.

D.1.3 Comparison with observed business travel, 2011-2015

The counterfactuals in the main text are defined relative to the no-HSR baseline. To compare the
model with observed travel patterns, we instead express the 2015 equilibrium relative to 2011, the first
year of the UnionPay sample. Speciﬁcally, we solve the counterfactual for each year and normalize,

Observed time and volume changes are

Ak _
so that, for example, Tin2015/2011 = 7, 2015/ n,2011°

computed from the same 2011-2015 window.
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Table [D.1] reports the resulting decomposition of national average business travel time. The
direct time effects are close (—16.816% in the data versus —13.889% in the model): HSR accounts
for most of the observed time effects over this period. The composition effects are not. The data
exhibit a large shift toward longer routes (22.135%), whereas the model, which isolates the HSR
shock, generates only a modest reallocation (4.888%). This discrepancy is expected. Observed
travel shares respond to many concurrent forces—regional policy, industrial relocation, and income
growth—that lie outside the counterfactual. By contrast, the interaction effects match. The model

therefore reproduces the covariance between travel-time reductions and the reallocation of business

travel.
Table D.1: Percentage change in national average business travel time, 2011-2015
Data Model
Total effects 3.234 —13.020
Direct time effects -16.816 —13.889
Composition effects 22.135 4.888
Interaction effects -4.091 -4.018

Notes: This table decomposes the change in national average business travel time between 2011 and 2015
using Equation (@0), in percent. The model column reports the 2015 counterfactual expressed relative to
2011, as described in the text. Baseline shares are measured from 2011 UnionPay business volumes. In the
data column, the three components need not sum to the total effect. Equation (@0} is weighted by 2011 time
shares S,,; and requires §,,; = s;”. /snj to be defined. City pairs with zero UnionPay volume in 2011 therefore
drop out of the direct time, composition, and interaction terms, but they still enter the 2015 national average
that defines the total effect. The residual is this extensive-margin contribution. The model column constructs
8§y from the structural formula without dividing by baseline shares, so the identity holds.

D.2 The role of endogenous search and other equilibrium responses

The channel decompositions in the main text vary whether HSR-induced travel-time reductions
enter the business-search or leisure-travel block, while allowing all endogenous variables to adjust in
equilibrium. We now conduct a complementary set of exercises that restrict particular equilibrium
responses conditional on these shocks. We first construct a coherent no-search benchmark to quantify
the incremental role of endogenous supplier search. We then report two diagnostic exercises that
hold migration shares or sourcing shares fixed. However, we highlight that these exercises are not
an additive decomposition of the full effect because prices, wages, and other endogenous variables

are re-solved under each restricted system.

D.2.1 A no-search Eaton—-Kortum benchmark

We first replace the endogenous-search block with a standard Eaton—Kortum sourcing block while
retaining the remaining structure of the model, including input—output linkages, final goods firm

entry, housing, leisure accessibility, and migration. In the absence of search frictions, final goods
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firms observe the complete set of potential suppliers. The trade share is therefore

—-oF
k (kNS 7
kNS _ T; (CJ' d]")

Jn k,NS 7
ZN Tk ( dj’n)

—_gP’

where the superscript NS denotes the no-search benchmark. Taking the observed baseline trade

shares as sufficient statistics, the relative change satisfies

(é’?’NS)_QP
ARNS ! . (D.3)

n _pP
J N (NS
=1\ d

Unlike Equation (A.5)), this expression contains neither the endogenous-search amplification of the
trade elasticity nor the passenger travel-time term.

Furthermore, the unit cost of the final good is

N oP

k NS k,NS 7 -
= Z ( ¢ df") ’
=1

and its relative change is

oF

i (Ak NS) fn

j=1
Because firms incur no search expenditure in this benchmark, gross profits are exhausted solely

by the fixed entry cost. Free entry implies

7 k,NS
k,NS _ 1L
Fpts = — 22—,
a Cn

which differs in level from the corresponding expression in the endogenous-search model. However,
the coeflicients and fixed entry costs are invariant across equilibria within each model, so both
models imply

Bk =1k

n

Given ck, the removal of endogenous search does not affect the optimal price of monopolistic
final goods firms and the aggregate rule for final-good prices. Therefore, the sector-specific final-
good price index in the no-search benchmark still satisfies pk NS = & /(o= l)ck NS(F,’f ’NS)I/ (=)

Therefore, the relative change is given by

1 oF

pONS (Lk NS) i (Ak NS) j{n ) (D.4)

Jj=1
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The labor-market clearing equation also remains unchanged:

K

NSLNS Z kRk NS Z X’l;,NS‘
7=
In the full model, the second term combines labor payments for search and entry; in the no-search
benchmark, it consists entirely of entry labor.

It is straightforward to verify that other relative-change equations defined in Definition are
unchanged. Therefore, Equations and (D.4) together with all other unchanged relative-change
equations constitute a no-search spatial equilibrium in relative changes. We use the same algorithm
to loop through the nonlinear system until it converges. In this case, passenger travel time continues

to affect household leisure accessibility but no longer enters firms’ sourcing decisions.

D.2.2 Fixed migration shares

To examine the role of labor reallocation, we hold every bilateral migration share at its baseline
value in the endogenous-search full model. In the algorithm, we set A jn=1forall j,n € N and
loop until the system converges. Therefore, all business-search, trade, price, and market-clearing
equations remain active. The resulting real-wage effect measures the production-side consequences
of HSR when the spatial distribution of labor is held fixed.

Equation (@2)) cannot be applied to this exercise because it relies on workers optimally reselecting
their residential locations. Therefore, we only use the fixed-migration exercise to interpret real-wage

effects and do not include its welfare index in the welfare comparisons below.

D.2.3 Fixed trade shares

As a further diagnostic, we hold bilateral sectoral trade shares fixed in the no-search benchmark
model. Specifically, we set ﬁj?n = 1forall j,n € N and k € K in the loop. This exercise prevents
final goods firms from both searching and reallocating expenditure across supplier cities. Production
costs, wages, entry, output, and migration nevertheless continue to adjust through the baseline trade
network.

Although the trade network adjustment is manually muted, the import prices of intermediate
goods still change with the exporter’s marginal cost. For a variety w* sourced from city j in the
baseline, its change in import price in city # is given by

SFT (kY = CA;;,FT,
where the superscript FT denotes fixed trade. We approximate the change in the importing firm’s

unit cost in city »n using the baseline trade shares:
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The corresponding change in the final-good price index in city z is then

1

. 2 To .
P = (L) b, D.5)

Finally, we replace Equation in Section with Equation and loop until the system
converges, from which we approximate the results when both search and trade responses are muted.
D.2.4 Results

Table reports the 2015 results. The full equilibrium allows both residential and production-
network responses, which is consistent with the counterfactual in the main text. The following three

columns report the results of the above restricted exercises.

Table D.2: The role of endogenous search, migration, and trade responses

Full Fixed No-search Fixed trade
equilibrium migration benchmark

Panel A. Change in national average real wage

Both channels 2.185 0.800 0.710 0.356
Business-search channel 1.092 0.800 0.000 0.000
Leisure channel 0.951 0.000 0.710 0.356
Panel B. Change in national welfare

Both channels 3.140 2.658 2.773
Business-search channel 0.554 0.000 0.000
Leisure channel 2.574 2.658 2.773

Notes: This table reports counterfactual outcomes under the 2015 HSR network relative to the no-HSR
baseline. Panel A reports the percentage change in the national average real wage, and Panel B reports the
log change in national welfare. “Both channels” allows HSR-induced travel-time reductions to affect both
leisure travel and business search. The search-only and leisure-only counterfactuals hold the other friction at
its baseline level. The “Full equilibrium” column replicates the results in the main text. The fixed-migration
exercise holds the spatial distribution of labor constant. Since the fixed-migration exercise does not optimize
residential choice, the relevant welfare index differs from the welfare measure in the main text and is not
reported. The no-search benchmark retains endogenous trade-share adjustment through a standard Eaton—
Kortum sourcing block, as defined in Section[D.2.T] whereas the fixed-trade exercise further holds trade shares
at their baseline values and uses Equation (D.3) for the final-good price change.

Among these exercises, the comparison between the full equilibrium and the no-search bench-
mark speaks most directly to the contribution of endogenous supplier search. In the full model, the
2015 HSR network raises the national average real wage by 2.185%. Replacing the endogenous-
search block with a standard Eaton—Kortum sourcing block, while retaining input—output linkages,
firm entry, housing, leisure accessibility, and migration, reduces this gain to 0.71%. In the conven-
tional benchmark, passenger travel time has no direct effect on firms’ sourcing decisions because
HSR does not alter freight costs. The remaining gain is generated by the leisure-accessibility shock,
the induced labor reallocation, and their general-equilibrium effects within the standard produc-
tion structure. Endogenous search therefore raises the predicted real-wage effect by more than a
factor of three. However, the difference between the two predictions incorporates both the direct

business-search effect and its interactions with other equilibrium responses, and should therefore be
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interpreted as a comparison between models rather than as an additive contribution of search.

The fixed-migration exercise provides a complementary diagnostic within the full endogenous-
search model. When migration shares are held constant, the real-wage effect of the business-search
channel declines from 1.092% to 0.8%. Thus, most of the production-side gain survives without
labor reallocation, while migration feedback further amplifies it. By contrast, the leisure channel
produces no real-wage gain when migration is fixed. This result follows directly from the model
structure: leisure accessibility does not enter firms’ production decisions and can affect real income
only by changing the spatial allocation of labor.

The leisure channel also illustrates how a consumption-amenity shock propagates through the
production system once migration is allowed. Its real-wage effect is 0.951% in the full model, 0.71%
in the no-search benchmark, and 0.356% when bilateral trade shares are additionally held fixed. The
final exercise allows wages, marginal costs, firm entry, and output to adjust through the baseline
trade network. Allowing trade shares to respond according to the standard Eaton—Kortum sourcing
rule approximately doubles the real-wage gain from 0.356% to 0.71%, while endogenous search
raises it further to 0.951%. Hence, endogenous search amplifies not only the direct business-search
shock but also the production consequences of leisure-induced labor reallocation.

Welfare is considerably less sensitive to the presence of endogenous search. The no-search
benchmark retains approximately 85% of the full welfare gain. The fixed-trade diagnostic similarly
produces a welfare gain of 2.773%. These results are consistent with the decomposition in Equa-
tion (@4): improved leisure accessibility enters household utility directly and therefore continues
to generate substantial welfare gains even when the business-search mechanism and endogenous
trade-share adjustment are absent.

Taken together, the no-search benchmark shows that endogenous supplier search is central
to the real-income effects of HSR. The restricted-response exercises further show that migration
amplifies the business-search effect, while trade-share adjustment and endogenous search amplify

the production consequences of leisure-induced labor reallocation.

D.3 Spatial inequality in residence-based welfare

The national welfare measure in the main text aggregates origin-specific expected utility and is de-
signed to evaluate changes in welfare rather than its cross-sectional distribution in levels. Construct-
ing a welfare Gini requires baseline welfare levels across cities, which the exact-hat counterfactual
system does not recover. In particular, we do not observe the baseline levels of local amenities. We
therefore conduct a supplementary calculation of the spatial dispersion of a residence-based welfare
index under additional assumptions.

Conditional on residing in city n, the deterministic component of utility is proportional to

>

w/o"
W, = a, 5" (o]
Py

where a,, denotes local amenities, w,, /P, is the local real wage, and <15,Tl measures nonlocal leisure

accessibility. This index describes the utility associated with residing in a location before the realiza-
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tion of idiosyncratic residential preferences. It is therefore distinct from the origin-specific expected
utility in Equation (42)), which incorporates the option to choose among residential destinations.

To construct its baseline level, we make three approximations. First, we assume that local
amenities are identical across cities, a,, = @. The common amenity term then has no effect on the
Gini coeflicient. Second, because baseline city-level consumer price levels are not recovered, we
proxy P, using the corresponding cumulative provincial consumer price index through 2011. Third,
we recover relative leisure accessibility in 2011 from the origin fixed effects of the leisure-travel
gravity equation and apply the inverse HSR shock to obtain its value in the no-HSR baseline. Denote
the resulting relative accessibility measure by -0 The normalization of the fixed effect estimates
is immaterial for the Gini coefficient.

Under these assumptions, the residence-based welfare index in the no-HSR baseline is
Iy p—Za
W, = 21 (qb,T,vO) , (D.6)
Py

In the counterfactual equilibrium, the corresponding index is
(D.7)

Let Gini(-) denote the Gini coefficient across cities. The change in the spatial welfare Gini is given
by

—— welfare Gini ({(Wr:}nNzl)
Gini -1= -1, (D.8)
Gini ({W, 1))

which measures the geographic dispersion of residence-based welfare opportunities across cities.

Table[D.3|reports the comparison between the historical 2015 network and the universal network.
The historical network raises the cross-city welfare Gini by 1.363%, while the universal network
raises it by 1.236%. Universal connectivity therefore modestly attenuates the additional spatial
welfare dispersion generated by HSR, although it does not eliminate it. In the single-channel
counterfactuals, the contribution of leisure accessibility falls from 0.85% under the historical network
to 0.568% under universal connectivity. The contribution of business search instead rises from
0.359% to 0.53%.

Table D.3: Spatial inequality in residence-based welfare under alternative HSR networks

Network in 2015 Universal network
Both channels 1.363 1.236
Search channel 0.359 0.530
Leisure channel 0.850 0.568

Notes: This table reports the percentage change in the cross-city Gini coefficient of the residence-based
welfare index defined in Equations and (D.7). The results are measured relative to the no-HSR baseline
and are not changes in Gini points. “Network in 2015” uses the historical HSR network observed in 2015,
while “Universal network™ connects every city pair using the travel-time construction described in the text.
The search-only and leisure-only counterfactuals hold the other travel friction at its no-HSR level.
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Table[D.4|further shows the results of travel-prioritization network expansions. The change in the
welfare Gini is non-monotonic in network coverage. It rises from 0.855% when the top 0.1% of links
are connected to 1.472% at the top 1%, and reaches a maximum of 2.029% at the top 5%. It then
declines as coverage expands, reaching 1.236% under universal connectivity. Early construction
concentrates accessibility and real-income gains among a relatively small set of locations, while
broader expansion spreads accessibility improvements across a larger set of cities and reduces their

spatial dispersion. This decline occurs even as national welfare continues to increase.

Table D.4: Spatial inequality in residence-based welfare under alternative HSR networks

Top percentage of links
0.1 1 5 10 20 50 100
Spatial welfare Gini 0.855 1.472 2.029 1.690 1.610 1.355 1.236

Notes: This table reports the percentage change in the cross-city Gini coefficient of the residence-based
welfare index defined in Equations (D.6) and (D.7). It reports both-channel results for networks that connect
city pairs in descending order of bilateral business-travel volume.

Again, we highlight that, since this regional-based measure does not account for the spatial
reallocation of labor and omits cross-city differences in baseline local amenities, it should be

interpreted as suggestive rather than as estimates of interpersonal welfare inequality.
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E Additional figures and tables

(A) 2008 (B) 2009

(C) 2010 (D) 2011

(E) 2012 (F) 2013
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Figure E.1: Evolution of the HSR network (Continued on the next page)
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(G) 2014 (H) 2015

Figure E.1: Evolution of the HSR network (Continued)
Notes: The figure plots the HSR city-pair network for 2008-2015. A link is shown when a city pair is
classified as connected by HSR in the processed HSR travel-time dataset. Directed origin—destination pairs
are collapsed into undirected links, so each connected city pair appears at most once in each year. Lines are

drawn as straight segments between population-weighted city centers and therefore represent intercity HSR
connectivity rather than physical rail alignments.
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(A) Relative leisure travel attractiveness in 2011
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Figure E.2: Relative leisure travel attractiveness in 2011 and 2015

Notes: These two figures show the spatial distribution of relative leisure travel attractiveness in 2011 and
2015, estimated based on the destination fixed effects from the leisure travel gravity estimations for 2011 and
2015, corresponding to Columns (2) and (6) of Table El These destination fixed effects are then calculated
based on Equation (30) to yield each city’s leisure travel attractiveness relative to the geometric average of all
estimated destination fixed effects.
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(A) Relative accessibility in 2011
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(B) Relative accessibility in 2015
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Figure E.3: Relative leisure travel accessibility in 2011 and 2015
Notes: These two figures show the spatial distribution of relative leisure travel accessibility in 2011 and 2015,
estimated based on the origin fixed effects from the leisure travel gravity estimations for 2011 and 2015,
corresponding to Columns (2) and (6) of Table El These origin fixed effects are then calculated based on

Equation (31)) to yield each city’s leisure travel accessibility relative to the geometric average of all estimated
origin fixed effects.
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Figure E.4: Decomposition of the change in national average business travel time by year

Notes: This figure plots the year-by-year decomposition of the change in national average business travel
time for each year from 2008 to 2015, relative to the no-HSR baseline, using Equation (@0). Because the
model is static, each bar is the long-run spatial equilibrium given that year’s HSR network, holding baseline
fundamentals fixed; the series is not a dynamic transition. Business travel is measured by procurement-related
search volumes, with residual business travel scaled in proportion. Baseline shares are measured from 2011
UnionPay volumes.
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(A) Total effects
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Figure E.5: Business travel time reduction in 2015 by city

Notes: This figure maps the 2015 counterfactual percentage change in city-level average business travel
time relative to the no-HSR baseline, according to Equation (D:T). Panel A reports the total change and
Panel B reports the corresponding direct time effects. Business travel is measured by procurement-related
search volumes, with residual business travel scaled in proportion. Hatched areas indicate cities outside the
counterfactual sample.
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(A) Total effects
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Figure E.6: Leisure travel time reduction in 2015 by city

Notes: This figure maps the 2015 counterfactual percentage change in city-level average outbound leisure
travel time relative to the no-HSR baseline, according to Equation (D.2). Panel A reports the total change and
Panel B reports the corresponding direct time effects. Hatched areas indicate cities outside the counterfactual
sample.
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Figure E.7: Percentage change in resident population due to the 2015 HSR network by city

Notes: This figure maps the percentage change in each city’s equilibrium resident population due to the 2015
HSR network relative to the no-HSR baseline. Blue denotes population gains and red denotes losses. Hatched

areas indicate cities outside the counterfactual sample.
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Figure E.8: Percentage change in the national welfare due to HSR by year

Notes: This figure reports the percentage change (calculated as 100 times the log change) in national
welfare under each annual HSR network relative to the no-HSR baseline. National welfare is the hukou-
population-weighted geometric mean of origin-specific expected utilities. “Both channels” allows HSR-
induced travel-time reductions to affect both leisure travel and business search. The search-only and leisure-
only counterfactuals hold the other friction at its baseline level. The synergy effect is the full effect minus the
two channel effects.
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(A) Real wage
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Figure E.9: Percentage change in the real wage and hukou-residence welfare due to the 2015 HSR
network by city

Notes: This figure maps the counterfactual percentage change in city-level real wage and hukou-residence
welfare due to the 2015 HSR network relative to the no-HSR baseline. Panel A reports the real wage
change and Panel B reports the hukou-residence welfare change. Hatched areas indicate cities outside the
counterfactual sample.
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(A) Real wage
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Figure E.10: Counterfactuals with restricted HSR network reachability

Notes: This figure compares the baseline counterfactuals with a robustness exercise that shuts down HSR-
induced travel-time reductions for city pairs more than 1,200 km apart in straight-line distance, a range at
which air travel is a relevant substitute (Fang et al., 2025)). For those pairs we set 7, j = 1 and leave all other
pairs and all estimated parameters unchanged. The first panel reports the percentage change in the national
average real wage. The second panel reports the percentage change (calculated as 100 times the log change)
in national welfare. In each panel, “All city pairs” is the baseline series and “City pairs within 1,200 km” is
the restricted-shock series. All changes are relative to the no-HSR baseline.
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(A) Number of residents
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Figure E.11: Direct HSR exposure, number of residents, and local real wages by city size

Notes: Panel A plots the model-implied relative change in resident population, Z,, — 1, and Panel B plots the
relative change in the local real wage, W, / P, —1, under the 2015 HSR network relative to the no-HSR baseline.
The horizontal axis is the positive direct reduction in city-level average business travel time, calculated as the
city-level counterpart of the direct time effect in Equation (@0) while holding baseline travel shares fixed. The
sample is restricted to cities with positive direct business-travel exposure. A city is large if its population in
the no-HSR baseline exceeds the sample median. Dashed lines report group-specific linear fits.

A54



Table E.1: Leisure travel gravity estimates under alternative distance thresholds

Dependent variable: A7
m|

n,t
< 600 km < 800 km < 1,000 km < 1,200 km < 1,400 km
) @ 3 “) (&)

In tye -2.184™ -2.178"" -2.146™" -2.085"" -2.045™

(0.080) (0.073) (0.076) (0.084) (0.085)
Dest. x year FEs Yes Yes Yes Yes Yes
Origin X year FEs Yes Yes Yes Yes Yes
# of observations 88,711 142,312 199,850 258,210 315,670

Notes: This table reports the PPML estimation results for Equation (29) under varying sample restrictions.
The sample period spans 2011 to 2015, consistent with Column (1) in Table 3] To mitigate the potential
overestimation of travel frictions for distant city pairs, the estimation samples are progressively restricted
based on proximity. Columns (1) through (5) exclude city pairs with straight-line distances exceeding 600,
800, 1,000, 1,200, and 1,400 km, respectively. Standard errors, two-way clustered at the origin and destination
city levels, are reported in parentheses.

“p <0.01, p < 0.05, “p < 0.1.
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Table E.3: Sensitivity of the aggregate effects to the calibrated trade elasticity

Calibrated «0F /(k — 1) National real wage/GDP Welfare
5.94 (baseline) 2.185 3.140
5.44 2.165 3.209
4.94 2.206 3.452
4.44 2.240 3.499
3.94 2.327 3.610

Notes: This table reports the effects of the 2015 HSR network relative to the no-HSR baseline under alternative
calibrations of the composite trade elasticity with respect to freight costs, k67 /(k — 1). The baseline value of
5.94 is the average of the sector-specific estimates in (Che et al.| (2024). In each row, x = 2.36 and all other
parameters are held at their baseline values, so that or equals 3.42, 3.13, 2.85, 2.56, and 2.27, respectively.
All rows use the same no-HSR baseline allocation, with both the business-search and leisure-accessibility
channels active. The percentage change in the national average real wage equals the change in national real
GDP because national population is fixed. “Welfare” is 100 times the log change in national welfare. All
calibrations satisfy the parametric restriction k9¥ > o — 1.
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Table E.4: Spatial heterogeneity in the effects of the 2015 HSR network by channel

Large cities with HSR ~ Small cities with HSR Cities without HSR

Panel A. Search channel only

Local real GDP 2.014 1.137 -0.976
Resident population 0.247 0.041 -0.414
Real wage 1.762 1.096 -0.565

Welfare (hukou origin) 1.136 0.922 -0.391

Panel B. Leisure channel only

Local real GDP 2.219 0.456 —-1.680
Resident population 0.676 0.070 -1.119
Real wage 1.533 0.386 -0.567

Welfare (hukou origin) 4.231 3.495 -0.077

Notes: This table reports percentage changes under the 2015 HSR network relative to the no-HSR baseline.
Panel A activates only the business-search channel, and Panel B activates only the leisure-accessibility channel.
Outcome definitions, aggregation, and city classifications are the same as in Table [0}
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