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Abstract

Human mobility across cities is a crucial factor for regional development,

yet its effects and mechanism remain poorly understood due to limited data

on travel flows and their mixed purposes. This paper addresses this gap by

using high-frequency GPS data from mobile users in China to measure travel

flows across cities and to disentangle business and leisure activities, which

have different implications for regional structural change. Furthermore, I de-

velop a multi-sector economic geography model with both trade in goods and

travel in humans to examine the welfare effects of China’s recent expansion of

the High-Speed-Railway system (HSR) since HSR only reduces people’s travel

costs, not goods’ trade costs. The model suggests travel flows and their sen-

sitivity to spatial functions are sufficient to evaluate welfare. I estimate the

human mobility aspect of infrastructural improvement contributes to 0.3 per-

cent of GDP. I also find significant inequality in the gains of HSR across cities

and industries. These results have important implications for the ongoing

policy debate on infrastructure improvement.
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https://www.dropbox.com/s/lvqtqpw4mdyun8n/HSR.pdf?dl=0


1

1. Introduction

The movement of physical goods in the space has been well-studied in the trade

literature (e.g., Eaton and Kortum (2002); Allen and Arkolakis (2014)). Meanwhile,

people travel frequently: in 2019, the U.S. had 80 million international visitors and

2.3 billion domestic person trips.1 Recently, infrastructure facilitating human mo-

bility over longer distances has recently raised policymakers’ attention. However,

the economic implications of traveling are less clear. This paper seeks to quantify

the significance of human mobility across cities on the spatial organization of eco-

nomic activities. Specifically, it aims to answer questions such as how travel time

influences individuals’ travel decisions, how travelers alter the industrial structure

of cities, and what the welfare implications are of infrastructure improvement via

the promotion of travel rather than the facilitation of trade in goods.

To answer those questions, I first bring high-frequency GPS data to provide new

measurements of travel patterns and their activities. For this study, travel is de-

fined as a temporal visit to a location distant from one’s primary residence. This

definition distinguishes travel from other forms of mobility, such as commuting

and migration. Commuting, for instance, typically occurs within city limits, with

individuals traveling to and from their workplaces regularly. Migration, on the

other hand, involves a permanent change of residence and is a far less frequent

occurrence than travel. I first show people travel often, and travel intensity signif-

icantly decays with spatial frictions. The GPS data also infer individuals’ business

or leisure activities based on the location of GPS-enabled buildings, thereby can

provide a high-frequency measurement of city-level business or leisure activity in-

tensity. The variations observed in these measurements between workdays and

holidays, as well as the cross-sectional variations across cities, can be used to infer

comparative advantages at the city level.

The second innovation of this paper is introducing a novel method for decom-

1www.ustravel.org
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posing bilateral travel flows into business and leisure purposes using high-frequency

data. This decomposition is meaningful since the purposes of travel have differ-

ent implications for the economic activities in their destinations: Leisure travel-

ers are consumers, and their activities are primarily related to the consumer ser-

vice sectors, while business travelers are workers, and their actions are primar-

ily connected to the production and sales of the goods sectors. However, as with

many trade data, we often only observe the total bilateral flows without knowing

their specific purposes2. In this regard, the high-frequency GPS data on bilateral

flows, coupled with city-level measurements of leisure/business intensity, become

extremely valuable for the decomposition process. The key insight gained from

this decomposition is that during holidays, as leisure intensity increases within the

cities, the method attributes more bilateral travel flows to leisure purposes and vice

versa.

To quantify the impact of human mobility on the spatial organization of eco-

nomic activities, this study focuses on China’s recent expansion of the High-Speed

Railway (HSR) network. The rationale for selecting HSR is that it substantially low-

ers the cost of travel for individuals while keeping the cost of trade in physical

goods unchanged. To make progress, I develop a multi-region multi-sector eco-

nomic geography model that incorporates both trades in goods and human travel.

This model enables the inference of trade in goods from business travel, thereby

overcoming the challenge of data unavailability on trade in goods in China. Sec-

ond, the model also shows welfare can be sufficiently summarized by travel flows

and two key elasticities on the response of leisure/ business travel flows to travel

cost changes. I estimate those elasticities using decomposed travel flows inferred

from previous steps. In the counterfactual analysis, I replace HSR trains with tradi-

tional trains. The model suggests that the replacement of HSR trains, on average,

2For example, whether the goods being traded are for final consumption or intermediate usage
has to rely on some assumptions. See Koopman et al. (2014); Wang et al. (2023) for recent develop-
ment on this issue.
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decreases city-level welfare by 0.3%, comparable to the construction cost of HSR,

0.25%. I also find significant inequality in the gains of HSR across cities and indus-

tries.

This paper is related to the literature on infrastructural evaluations. There are a

bunch of papers evaluating the welfare effect of inter-city infrastructural improve-

ment on reducing goods shipment costs, such as Allen and Arkolakis (2014, 2022),

Donaldson and Hornbeck (2016), Faber (2014), Duranton and Turner (2012), e.t.c.

This paper highlights another "missing" benefit of these infrastructures: increasing

travel through reducing travel time.

There is also literature related to the papers evaluating the welfare effect of

intra-city infrastructural on reducing the commuting cost, such as Ahlfeldt et al.

(2015), Miyauchi et al. (2021) and Tsivanidis (2019). I focus on traveling rather than

commuting: travel is associated with less frequency, longer distances, and poten-

tially different purposes. Morten and Oliveira (2018) finds roads also have effects

on migration. Migration, to another extreme, are long-run effect, and they are just

a tiny proportion of the travel flows, so I do not study migration in this paper.

This research is also related to some reduced-form evidence on the effect of

high-speed railway.Bernard et al. (2019) and Xu (2018) find that HSR boosts firm

performance by reducing the search cost. Lin (2017) find empirical evidence that

access to HSR, on average, increases railway ridership and employment. My re-

search features modeling traveling and offers a structural view of those findings. In

particular, I will show how different sectors benefit from reduced travel time.

Lastly, this paper relates to the literature on spatial distribution service sectors.

Faber and Gaubert (2019), Eckert (2019), Fan et al. (2021) build model featuring ser-

vice sectors in economic geography. However, they do not look directly into travel

activities or focus on identifying the source of spatial friction for service sectors.

The remainder of this paper is organized in the following way. Section 2 in-

troduces data and some motivating reduced-form results for the structural model.

Section 3 presents the multi-region multi-sector economic geography model and
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discusses sufficient welfare statistics. Section 4 shows details of the structural es-

timation strategy, including how to decompose bilateral travel flows into different

purposes and how to infer trade in goods using business travel flows. Section 5

conducts the counterfactual analysis to quantify the welfare distribution of HSR

expansion. Section 6 concludes.

2. Data and Motivating Facts

The data I used for this paper consists of four parts: trade costs, travel flows, HSR

networks, and city-level economic statistics. I look at the city at the prefecture level.

China has 293 cities, so the notion city here is comparable to the U.S. Metropolitan

Statistical Areas (392) and is larger than the U.S. commuting zones (709).

2.1 Travel Flows and City Activity Intensity

The high-frequency travel flows data comes from the Baidu location-based services

(LBS). The data I used for this paper is from January 17, 2019, to March 31, 2021.

They define travel as changing users’ GPS location within 8 hours. Baidu aggre-

gates daily bilateral travel flows among all pairs of cities. Since Baidu has large

numbers of users based in China, the travel flows are reasonably representative.

See Appendix A for a detailed discussion.

Differentiating between business and leisure travelers is crucial to understand

the link between travel patterns and economic activities. While aggregate GPS data

cannot distinguish between travel purposes, exploiting time variation can help to

detect a city’s comparative advantages regarding business or leisure services. I

make sense of this approach in Figure 1 by showing that the cyclicality of travel

patterns and the direction of travel flows on weekdays and weekends are critical in-

dicators. For instance, a city like Shanghai, which is a typical business destination,

experiences inflows during weekdays and outflows during weekends, while a city
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like Chengde, which is a typical leisure destination, experiences outflows during

weekends and inflows during weekdays. By utilizing City Activity Intensity data,

this approach becomes quantitatively feasible, as I will demonstrate in the next

step.

Figure 1: Travel patterns for two typical cities

Note: The comparison of travel flows between two typical cities in China

The high-frequency City Activity Intensity data utilized in this study is also ob-

tained from Baidu LBS. Baidu leverages GPS location to infer individuals’ business

or leisure activities based on the types of locations where the user’s GPS is located.

A heatmap of GPS pinpoints within all locations provides a high-frequency mea-

surement of city-level business or leisure activity intensity3. The variations ob-

served in these measurements between workdays and holidays, combined with

bilateral travel flows, can be utilized to decompose the travel purposes and infer

the comparative advantages of the cities. Further discussion of this procedure can

be found in Section 4.2.

3See Figure A.5 for a concrete example.
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2.2 HSR Networks

I extracted the expansion of HSR Networks from the historical schedule table avail-

able on the official HSR website4. It is important to note some unique features of

this context relevant to my study. First, the HSR networks have aggressively ex-

panded since 2008 (Figure ??). As of 2021, over three-quarters of cities are con-

nected to these networks. Given that HSR significantly reduces travel time between

cities, this expansion represents a massive change in spatial frictions.

Secondly, it is worth noting that HSR is exclusively used for passenger trans-

portation, not for shipping goods, as shown in Figure A.6. Although some HSR

trains have been used for shipping goods, HSR delivery has never played a signifi-

cant role in the shipment market.

Thirdly, there might be concerns that HSR facilitates commuting, which is not

the primary focus of this paper. According to Ollivier et al. (2014), while HSR com-

muting does exist, it is still a minor part. The majority of HSR travelers are engaged

in non-commute business and leisure activities.

To provide direct evidence that HSR expansion facilitates human mobility, I

look at the 31 cities that newly connect to HSR networks between 2020 and 2021.

Using the travel flow data. I run the following regression:

lnGrossi ,t =βConnecti ,t +D t +Di +ϵi ,t ,

where Grossi ,t is the averaged gross travel flows of the city i in year t, Connect is an

indicator of whether city i is connected to HSR in year t. D · are the city, year fixed

effects. Table ?? presents the estimation results. I find HSR connection is associated

with a 13% increase in gross travel flows.

4See https://www.12306.cn/index/.
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2.3 Travel Costs and Transportation Modes Choices

The travel cost data utilized in this study is obtained from the Baidu Map Applica-

tion programming interface (Baidu API). The route-planning technology incorpo-

rated in Baidu API generates estimates for the time and cost of a trip between any

two cities in China based on the transportation mode users select, i.e., car, train,

or air5. Compared to Geographic Information System (GIS), this route-planning

method has two advantages. Firstly, it accounts for all transfer times, leading to

a more accurate travel time measurement. Secondly, it provides a comprehensive

overview of all available transportation alternatives, which better aligns with the

data. In most GIS approaches, researchers compute the shortest travel time path,

assuming perfect substitution between transportation modes, which contradicts

the data. In this study, I estimate the substitution between HSR and existing trans-

portation modes and highlight how the current infrastructure affects the benefits

of HSR.

Figure 2 plots the log-linear fit of travel time and cost against the distance. For

long-distance, HSR is faster and cheaper than cars. Therefore, we should anticipate

HSR substitutes more for cars for longer distances.

To estimate the demand system of transportation mode choice, it is necessary

to measure the market share of each transportation mode. To achieve this, the

Tencent Location Base Service Data is utilized. This data allows for the tracking

of users’ locations in a limited number of cities, utilizing a speed tracker to infer

their travel modes (car, plane, or train). As a result, it provides the ability to observe

the market share of each transportation mode in different pairs of cities, where

transportation time and prices can vary significantly6. Section 4.1 describes the

demand estimation for transportation modes.

5see Figure A.1 for a detailed example of how I extract this information from Baidu Map API
6In the Appendix A, I provide additional details on the Tencent Location Base Service (LBS). How-

ever, I did not use this data in the main analysis as it only covers a limited number of cities and does
not have the same level of high-frequency records as the Baidu LBS data.
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Figure 2: Travel time and costs by transportation mode

Note: Unit: Distance: meters; Time: seconds; Price: RMB. The log-linear fit of travel time
and travel cost on distance

3. A general equilibrium model of traveling

In this section, I present a multi-region multi-sector economic geography model

that incorporates trade in goods and human travel. The model serves three pri-

mary purposes. Firstly, it provides a framework for using high-frequency data to

decompose bilateral travel flows into different purposes. Secondly, it enables the

use of business travel flows to infer trade flows, which are often difficult to measure

in China. Finally, it generates sufficient statistics for conducting welfare analysis.

Consider an economy consisting of N cities. In each city, there are two sectors:

consumer service sector (L) and goods sector (G). Services are sold locally but are

available to consumers in other cities through their leisure travel. Goods are trad-

able. I model business travel as input for sales of remote markets. Labor is perfectly

mobile across sectors but immobile across cities.
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3.1 Transportation demand system

Conditional people decide to travel from i to j, the probability of choosing mode

m ∈{Train, Car, Air} is specified as:

Pr m
i j =

exp(ξm −α ln(t m
i j ))∑

l∈M exp(ξl −α ln(t l
i j ))

, (1)

where t m
i j are the travel time from i to j of mode m, ξm is the taste shifter. The

expected utility takes the following form:

χi j = (
∑

l∈M
exp(ξl −α ln(t l

i j )))−
1
α . (2)

(2) sheds light on how HSR improves up the existing infrastructure.

3.2 Households

The utility of household living in city i is specified as below:

Ui = ui Cµ

i ,GC 1−µ
i ,L ,

where ui is the amenity of living in city i. Ci ,G is the composite goods consumption.

Ci ,L is the leisure service.

3.3 Consumer service and leisure travel

I assume perfect competition in the leisure service sectors and constant-return-

to-scales production function Yi ,L = Li ,L . Households from city i first set up their

budget on leisure consumption, then decide their destination. The leisure con-

sumption of traveling to j is:

Ci ,L(ω) = B j
(1−µ)wi

p j ,Lχ
η

i j

ϵi j (ω), (3)
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where Bi is the quality of leisure consumption. χi j : is the expected utility of travel

. η is the elasticity of how the travel cost is transferred into the total price for the

trip. ϵi j (ω) is the idiosyncratic preference shocks following Fréchet distribution

with shape parameters θ and mean 1. The price index of leisure consumption is:

P−θ
i ,L = ∑

k∈N
(
χ
η

i k wk

Bk
)−θ.

The leisure travel share is:

λL
i j =

(
χ
η

i j wi

Bi
)−θ∑

k∈N (
χ
η

i k wk

Bk
)−θ

. (4)

3.4 goods sectors and business travel

The composite good is a CES aggregation of varieties produced in different places:

C j ,G = (
∑

k∈N
Mk q

1
σ

k j c
σ−1
σ

k j )
σ
σ−1 ,

where σ is the substitution elasticity across different varieties. M j is the number of

firms located in city j and qi j is the quality shifter. The market structure of goods is

monopolistic competition. A firm that produces xi units of output needs to incur

total labor costs as:

li = F + xi

Ai
,

where F is the fixed cost of operating. Ai is the firm-level productivity. Shipment of

goods from i to j are subject to iceberg trade cost τi j . The firm set its optimal price

as follows:

p∗
i = σ

σ−1

wi

Ai
.
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. Conditional on quality qi j , the gross profit generated from market j is:

πi j =
qi j (τi j p∗

i )1−σ

σP 1−σ
j ,G

E j ,G .

I model business travel bi j as the input to improve quality shifter in the destina-

tion market. Potential cases corresponding to these assumptions are firms sending

salesmen, engineers, and managers to increase the perception and quality of the

product in the destination market. The market-specific quality production func-

tion is specified as

qi j =
bγi j

a
,γ< 1.

Therefore, the firm’s marketing optimization problem, after setting the optimal

price, becomes:

max
bi j

bγi j

(τi j p∗
i )1−σ

aσP 1−σ
j ,G

E j ,G −bi j wiχ
η

i j .

The optimal number of business trips is:

b∗
i j = κτ

1−σ
1−γ
i j χ

η
γ−1

i j w
σ
γ−1

i A
σ−1
1−γ
i P

σ−1
1−γ
j ,M E

1
1−γ
j ,

where both trade costs and travel costs enter the optimal decision.

3.5 Gravity of travelers and the general equilibrium

In the model, the travelers for leisure and business purposes generate two gravity

equations: the gravity of business traveling as

λB
i j =

τ
1−σ
1−γ
i j χ

−η
1−γ
i j P

σ−1
1−γ
j ,M E

1
1−γ
j ,M∑

k τ
1−σ
1−γ
i k χ

−η
1−γ
i k P

σ−1
1−γ

k,M E
1

1−γ
k,M

, (5)
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and the gravity of leisure traveling as

λL
i j =

χ
−ηθ
i j Bθ

i w−θ
i∑

k χ
−ηθ
i k Bθ

k w−θ
k

. (6)

The spatial equilibrium of the economy is, given labor forces distribution {L·}, sec-

toral labor allocation and wages {w·,L·,G ,L·,L} that satisfies:

1. tradable goods market clear:

wi Li ,G =∑
j
πi jµw j (L j ,G +L j ,L).

2. service market clear:

wi Li ,L =∑
j
λL

j i (1−µ)w j (L j ,G +L j ,L).

3.6 Sufficient statistics of welfare

In this section, I briefly discuss the model properties and sufficient welfare statis-

tics. This will guide us to the data requirement and key parameters to be estimated

in the counterfactual analysis. First, although I do not directly observe bilateral

trade data among cities, I can infer trade share using business travel share because

they have a tight connection in the model:

πi j

πi k
=

E−1
j

E−1
k

χ
η

i j

χ
η

i k

λB
i j

λB
i k

. (7)

Since firms always spend a constant share in business travel, the cost of business

travel χηi jλ
B
i j is proportional to the trade volume E jπi j . Therefore, I can infer trade

share as long as expenditure, travel cost, and business travel shares are available.

Second, the short-run welfare changes for the city i, assuming labor cannot reallo-
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cate among cities, are:

Ŵi = (λ̂L
i i )−

1−µ
θ︸ ︷︷ ︸

leisure travel share

(π̂i i )µ
1−γ
1−σ︸ ︷︷ ︸

trade share

(L̂i ,M )−µ
1−γ
1−σ︸ ︷︷ ︸

agglomeration forces

Several deviations from the ACR (Arkolakis et al. (2012)) formula are (1) leisure

travel share, which is related to the consumer market access of leisure service, mat-

ters for welfare. (2) the trade share could also change due to travel cost due to tight

connection in (7). (3) The third part is the agglomeration force because of the love

of variety in the goods sectors. Therefore, the welfare change can be sufficiently

summarized using leisure travel share, trade share, and labor reallocation, along

with key structural parameters, which I will estimate in the following section.

4. Estimation

4.1 Transportation demand system estimation

I estimate transportation demand system (1) using multinomial logit regression:

ln(Pr m
i j )− ln(Pr 0

i j ) = ξk −ξ0 −α(ln(t k
i j )− ln(t 0

i j ))+ϵi j m (8)

Table 1 shows the estimation results. Column (1) is the baseline results. I add the

monetary price in Column (2). The insignificance of price suggests passengers are

not sensitive to the price of the transportation methods. From the estimated re-

sult, I back out the model-consistent measure of expected travel cost up to some

constant:

χ̂i j = (
∑

l∈M
exp(ξ̂l − α̂ ln(t l

i j )))−
1
α̂ (9)

Here, a potential concern is the transportation demand may be different for

travel purposes (e.g., business or leisure). Table A.2 addresses this concern. There

is no systematic difference in transportation methods between weekday and week-
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Table 1: Transportation demand system multi-
nomial logit estimation

(1) (2) (3)

lnRshare lnRshare lnRshare

b/se b/se b/se

lnRTime -2.220*** -2.106** -1.599***

(0.515) (0.754) (0.387)

F_mode_2 0.958 0.834

(0.621) (1.037)

lnRPrice -0.959 -1.028

(0.777) (0.770)

Const. -0.895*** -0.412 -0.054

(0.292) (0.509) (0.410)

N 19 18 18

r2 0.591 0.583 0.557

Note: Train is set as the baseline. lnRshar e
is the market share relative to train from i
to j. lnRT i me is the travel time relative to
the train from i to j. lnRPr i ce is the travel
monetary cost relative to train from i to j.

* p < 0.1, ** p < 0.05, *** p < 0.01. Standard
errors in parentheses.

end travel flows. So business/ leisure travelers are less likely to have completely

different preferences.

4.2 Model-consistent decomposition of travel flows into different

purposes

As discussed in the previous section, business and leisure travelers have differ-

ent economic implications for cities’ industrial structure, so it’s essential to mea-

sure the city’s attractiveness for business and leisure travelers separately. How-
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ever, in GPS datasets, we only observe the sum of business and leisure travelers

between two cities, Fi j ,t . To make progress, I am going to exploit additional data,

the time-series variations of the business and leisure travel activities within the

city, F W
i i ,t ,F L

i i ,t , to infer the out-of-city travelers into business and leisure purposes.

Specifically, I assume the total number of people who want to travel for business

and leisure varies across time. Still, conditional on business/leisure travel, the

propensity to go out-of-city versus within the city only depends on city fundamen-

tals that do not change over time. I summarize the assumptions as follows:

Assumption 1 I assume the data-generating process takes the following form:

Fi j ,t =Ci

λB
i j

λB
i i

F W
i i ,t +

λL
i j

λL
i i

F L
i i ,t +ϵi j ,t . (10)

In (10), Ci is the city-level ratio of business travelers versus commuters, which only

depends on the industrial structure. λB· ,λB· are business/leisure travel flows corre-

spond to (5) and (6). All these variables are consistent with the theory in that they

only depend on city-level fundamentals that do not change over a short period of

time. Therefore, based on this data-generating process, I regress Fi j ,t on F W
i i ,t ,F L

i i ,t ,

F̂i j ,t = α̂i j F W
i i ,t + β̂i j F L

i i ,t ,

then normalized the i-j coefficients by city i, I get the model-consistent measure of

travel shares for different purposes

λ̂B
i j |· =

λB
i j∑

k ̸=i λ
B
i k

= α̂i j∑
k ̸=i α̂i k

λ̂L
i j |· =

λL
i j∑

k ̸=i λ
L
i k

= β̂i j∑
k ̸=k β̂i k

.
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4.3 Gravity estimation

Now, with model-consist measure of ˆλB
i j |·,

ˆλL
i j |·, I estimate the key travel elasticities

in (5) and (6) using PPML, following Silva and Tenreyro (2006).

ln λ̂B
i j |· =

�−η
1−γ ln χ̂i j +

�1−σ
1−γ lnτi j +OB

i +DB
j +ϵB

i j ,

ln λ̂L
i j |· = −̂ηθ ln χ̂i j +OL

i +DL
j +ϵL

i j .

Here I calculated χ̂i j using (9) and I proxy τi j using road distance. Table 2 shows

the estimation results.

Table 2: PPML

(1) (2)

workshare leisureshare

b/se b/se

lntravelcost -0.891*** -3.029***

(0.052) (0.020)

lnd -1.274***

(0.037)

Const. 19.546*** 23.097***

(0.664) (0.497)

Origin Yes Yes

Destination Yes Yes

N 87155 87282

r2 0.691 0.664

Note: PPML estimation of gravity-
equations of business and leisure
travel.

* p < 0.1, ** p < 0.05, *** p < 0.01. Stan-
dard errors in parentheses.

According to the model, those destination/ origin fixed effects of business and
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leisure should reveal the comparative advantages of cities. To make sense of those

fixed effects, I report the correlation between fixed effects and city-level statistics

in Table 3. The destination fixed effects for business purposes positively relate to

secondary and tertiary sector share. The destination fixed effects are positively re-

lated to only tertiary sector share. I also report the original fixed effects for business

and leisure purposes, which capture the idea of market competition in my setting.

Those two original fixed effects show the opposite correlation with the city’s em-

ployment share in the consumer service sector versus producer service sectors.

The analysis here is to validate the decomposition in (10) capture meaningful in-

dustrial comparative advantages of cities.

Table 3: Make sense of the fixed effects

(1) (2) (3) (4)

lndfwork lndfleisure lnofwork lnofleisure

b/se b/se b/se b/se

secondary_gdp_sh 0.021** -0.001

(0.010) (0.007)

tertiary_gdp_sh 0.076*** 0.025***

(0.012) (0.008)

lnCS_emp -0.489*** 0.117**

(0.101) (0.050)

lnPS_emp 0.227 -0.393***

(0.157) (0.078)

Const. -1.608* 24.134*** 0.165 25.353***

(0.908) (0.619) (1.214) (0.602)

N 294 294 273 285

r2 0.150 0.063 0.141 0.113

Note: Regress estimated fixed effects on city-level statistics

* p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors in parentheses.
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4.3.1 Other parameters

The other parameters of the model are calibrated or taken from the literature. Trade

elasticity 1−σ is set to be -8 as Allen and Arkolakis (2022). γ is set as 0.2 to match

the average marketing cost of china listed firms. 1−µ is set as 0.15 to match the

leisure expenditure share from China’s yearly statistics. Table 4 presents the com-

plete estimates of all parameters.

Table 4: Parameters estimation/ calibration

Parameters Descriptions Value Estimation/ Calibration

α elasticity of travel cost with travel time 2.2 Multinomial Logit

−ηθ leisure travel elasticity with travel cost -3 PPML

− η
1−γ business travel elasticity with travel cost -0.89 PPML

γ marketing cost share 0.2 Calibration

1−σ trade elasticity -8 AA (2020)

1−µ leisure expenditure share 0.15 Consumer Service GDP share

5. Counterfactual

In this section, I conduct a counterfactual analysis to quantify the welfare gains

of HSR, which will help us understand how travel costs affect regional welfare.

The counterfactual replaces all the HSR in 2021 with the traditional trains, holding

other transportation infrastructures and cities’ fundamentals unchanged. Here, I

focus on the short-term consequences so workers can only reallocate across sec-

tors but can not migrate. In this setting, the data required to compute the counter-

factual equilibrium is minimum, summarized in the following proposition.

Proposition 1 Given the allocation of current equilibrium {λ0· , w 0· ,L0· }, and the coun-
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terfactual changes in travel cost {χ̂i j } , the counterfactual equilibrium in changes

{λ̂·, ŵ·, L̂·} solves the following systems of equations:

w 0
i L0

i ,M ŵi L̂i ,M =∑
j
π0

i j π̂i jµw 0
j ŵ j L j ,

π̂i j =
χ̂

ηγ
γ−1

i j ŵ
1−σ−γ

1−γ
i L̂i ,M∑

k π
0
k j χ̂

ηγ
γ−1

k j ŵ
1−σ−γ

1−γ
k L̂k,M

,

w 0
i Li ŵi =

∑
j

(π0
i j π̂i jµ+λL0

j i λ̂
L
j i (1−µ))w 0

j ŵ j L j ,

λ̂L
j i =

χ̂
−ηθ
j i ŵ−θ

i∑
k λ

L0
j k χ̂

−ηθ
j k ŵ−θ

k

Figure 3 shows the counterfactual labor reallocation of labor across sectors. As

one could expect, the change in spatial frictions can reshape the comparative ad-

vantages of cities. Compared with the reduced form approach, which shows the

average effect, the structural model shows the distributional impact of HSR on dif-

ferent cities.

Figure 3: Counterfactual sectoral reallocation
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The counterfactual results on welfare are shown in Figure 4. Most of the cities

in China suffer from this counterfactual change, especially large cities, meaning

that HSR is, on average, welfare-improving. But, perhaps surprisingly, I find some

cities suffer from the introduction of HSR. This could occur due to worsening terms

of trade. This finding is in accordance with Faber (2014), who also found welfare

loss in some small cities due to China’s highway expansion. According to the Mid-

to-Long Railway Plan (2008), the development of HSR aimed to facilitate the flow

of factors and reduce regional inequality. In this sense, the policy implication of

HSR expansion could be ambiguous since HSR increases big cities’ welfare at the

expense of hurting some small cities.

Figure 4: Counterfactual welfare change

In terms of aggregate effects, I found the HSR, on average, improves welfare

by around 0.3%. Two comments emerge from this result. First, this welfare gain

is comparable with the 1.1% - 1.4 % welfare gain of U.S roads in facilitating trade

(Allen and Arkolakis (2014)). However, if one believes roads reduce both trade costs

and travel costs, then there should be missing considerable welfare gains due to

facilitating travel. Second, although the welfare gains of HSR are not small, it is
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still not far beyond the construction cost. The nominal construction cost of HSR is

estimated at around 5% of the 2018 China GDP. I assume those costs are financed

by raising capital with a 5% interest rate, which ends up with an effective welfare

cost of HSR around 0.25%. However, the welfare gains calculated here are short-

run. If HSR might also encourage migration, as in Morten and Oliveira (2018), the

welfare gains of HSR could potentially be higher.

6. Conclusion

In this paper, I used new GPS data to document the traveling patterns, which are

less studied by the literature. I show that traveling is frequent, and they are sub-

ject to spatial frictions. To investigate the economic implication of traveling, I fur-

ther develop a quantitative model of business/ leisure traveling with their inter-

action with city-level economic activities. To quantify the relative importance of

the model, I study China’s HSR expansion. The counterfactual results suggest that

spatial frictions in travel time are essential in shaping our economics. I find HSR,

on average, improves welfare by 0.3% but causes unequal gains among cities and

industries. However, this paper mainly focuses on the short-run analysis where mi-

gration is absent. The long-run distributional effect of infrastructural improvement

is an important question for future study.
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Appendix

A. Data Appendix

In this section, I provide more details about data collection and validation pro-

cesses. Figure A.1 shows the data extraction details from Baidu Map API.

Figure A.1: Baidu Map API

Note: Source: Baidu Map API. This figure shows an example of how to extract
travel cost information of different modes (car, train, air) from Baidu Map API.

Figure A.2 gives more details on the information we can extract from Baidu and

Tencent Location Based Services.

Since Baidu has a large customer base in China, the travel flows data used here

are fairly representative. Figure A.3 and A.4 plot the travel flows data against China’s

Yearly Statistics.

Figure A.5 shows the business activity intensity in Beijing over eight weeks. It

shows robust cyclicality patterns and has lower business activity intensity in town

during holidays.
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Figure A.2: Details of Baidu and Tencent LBS

Note: Source: Up: Tencent LBS; Down: Baidu LBS.
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Figure A.3: Tencent LBS Data Validation

Note: Comparison between Tencent GPS transportation ridership of Beijing with Beijing
Yearly statistics from NBS. The aggregate total outflows in 2016 are normalized to one.
Source: https://data.stats.gov.cn/.
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Figure A.4: Baidu LBS data Validation

Note: Comparison between Baidu GPS travel flows with public transportation usage in
China City Yearly Statistics. Source: https://data.stats.gov.cn/.
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Figure A.5: City Activity Intensity: An example

Note: This graph shows the business activity intensity in Beijing over eight weeks. It shows
robust cyclicality patterns and has lower business activity intensity in town during holi-
days. Source: Baidu LBS
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Figure A.6: A typical HSR station

Note: This graph is to illustrate there are no goods loading areas in a typical HSR
station. Therefore, HSR only affects travel costs but has no effect on trade costs.

Figure A.7: The fast expansion of China HSR networks

Source: ?
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Table A.1: The effect of HSR connect on gross travel flows

(1) (2) (3)

dlngross dlngross_weekends dlngross_weekdays

b/se b/se b/se

1.New 0.129*** 0.142*** 0.125***

(0.049) (0.054) (0.047)

Const. -0.488*** -0.510*** -0.480***

(0.026) (0.026) (0.026)

N 325 325 325

R2 0.008 0.009 0.007

Note: Column (1) shows the change of average travel flows af-
ter HSR connection. Column (2) and (3) look at the change
of travel flows during weekdays and weekends separately.

* p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors in parenthe-
ses.
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Table A.2: The transportation demand by week-
days/ weekends

(1) (2) (3)

carshare trainshare airshare

b/se b/se b/se

1.weekend 0.000 0.006 -0.007

(0.003) (0.007) (0.007)

Const. 0.226*** 0.271*** 0.503***

(0.005) (0.010) (0.010)

*Destination Yes Yes Yes

N 310 310 310

R2 0.994 0.898 0.941

Note: Regression of riderships on weekends in-
dicator. There are no systematic difference of
transportation choice between weekends and
weekdays

* p < 0.1, ** p < 0.05, *** p < 0.01. Standard er-
rors in parentheses.


