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Abstract

Using smartphone data for Japan, we show that non-commuting trips are frequent, more
localized than commuting trips, strongly related to the availability of nontraded services,
and occur along trip chains. Guided by these empirical findings, we develop a quantitative
urban model that incorporates travel to work and travel to consume non-traded services.
We use the gravity equation predictions of the model to estimate theoretically-consistent
measures of travel access. We show that consumption access makes a substantial contribu-
tion to the observed variation in residents and land prices and the observed impact of the
opening of a new subway line.
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1 Introduction

Understanding the spatial concentration of economic activity is one of the most central chal-
lenges in economics. Traditional theories of cities emphasize production decisions and the
costs of workers commuting between their workplace and residence. However, much of the
travel that occurs within urban areas is related not to commuting but rather to the consump-
tion of nontraded services, such as trips to restaurants, coffee shops and bars, shopping centers,
cultural venues, and other services. Although several scholars have emphasized the “consumer
city,” two major challenges in this area are a limited ability to measure non-commuting trips
and the absence of a widely-accepted theoretical model of travel for consumption. In this paper,
we provide new theory and evidence on the role of consumption and workplace access in under-
standing the spatial distribution of economic activity. We combine smartphone data including
high-frequency location information with spatially-disaggregated census data to measure com-
muting and non-commuting trips within the Greater Tokyo metropolitan area. Guided by our
empirical findings, we develop a quantitative urban model that incorporates both workplace and
consumption access. We use the model to evaluate the role of consumption access in explaining
the observed spatial variation in economic activity. We show that incorporating consumption
access is quantitatively relevant for evaluating the observed impact of a new subway line.

We first use our smartphone data to provide fine resolution evidence on travel within the
Greater Tokyo metropolitan area. Our data come from a major smartphone mapping applica-
tion in Japan (Docomo Chizu NAVI), which records the Geographical Positioning System (GPS)
location of each device every 5 minutes. In July of 2019, the data covers about 545,000 users,
with 1.4 billion data points. We measure each location visited by a user using a “stay,” which
corresponds to no movement within 100 meters for 15 minutes. We designate each anonymized
user’s home location as her most frequent location (defined by groups of geographically con-
tiguous stays) and her work location as her second most frequent location. We allocate non-
commuting trips to other locations into different types using spatially-disaggregated census data
on employment by sector. We validate our smartphone commuting measures by showing that
they are highly correlated with the measures from the official census data.

Having validated our smartphone data, we show that focusing solely on these commuting
trips provides a misleading picture of travel patterns. First, we show that non-commuting trips
are more frequent than commuting trips, so that concentrating solely on commuting trips sub-
stantially underestimates the amount of travel within urban areas. Second, we show that these
non-commuting trips are closely related to the availability of nontraded services, which is con-
sistent with our modelling of them as travel to consume non-traded services. Third, we find

that non-commuting trips have destinations closer to home than commuting trips, with semi-



elasticities of travel flows to travel times that are larger in absolute value than those for com-
muting trips. Therefore, the spatial patterns of non-commuting trips are not well approximated
by those for commuting trips. Fourth, we show that trip chains are a relevant feature of the data,
in which non-commuting trips occur along the journey between home and work, highlighting
the relevance of jointly modelling commuting and non-commuting trips.

We next develop quantitative theory of internal city structure that incorporates both com-
muting and consumption trips. We consider a city that consists of a discrete set of blocks that
differ in productivity, amenities, supply of floor space and transport connections. Consumer
preferences are defined over consumption of a traded good, a number of different types of
nontraded services, and residential floor space. The traded good and nontraded services are
produced using labor and commercial floor space. We assume that workers’ location decisions
are nested. First, workers observe idiosyncratic preferences for amenities in each location and
choose where to live. Second, workers observe idiosyncratic productivities in each workplace
and sector, and choose where to work. Third, workers observe idiosyncratic qualities for the
non-traded services supplied by each location, and choose where to consume these non-traded
services. Fourth, workers observe idiosyncratic taste shocks for each route to consume these
non-traded services, and choose which of these routes to take (e.g. home-work-consume-home
versus home-consume-home). When making each of these choices, workers take into account
their expected access to surrounding locations. Population mobility implies that workers must
obtain the same expected utility from all populated locations.

We show that the model implies extended gravity equations for commuting and non-commuting
trips, which provide good approximations to the observed data. We use these extended gravity
equations to estimate a theoretically-consistent measure of travel access. Intuitively, we use the
observed trips in the data and the structure of the model to reveal the relative attractiveness of
locations for employment and consumption. From the model’s population mobility condition,
we derive a sufficient statistic for the relative attractiveness of locations, which incorporates
both the residential population share and the price of floor space. We show that this sufficient
statistic for the relative attractiveness of locations can be decomposed into our measure of travel
access and a residual for residential amenities. Comparing our model incorporating both con-
sumption and workplace access to a special case capturing only workplace access, we find a
substantially larger contribution of travel access once we take into account consumption access
(56 percent compared to 37 percent), and a correspondingly smaller contribution from the resid-
ual of residential amenities (44 percent compared to 63 percent). Taken together, this pattern
of results is consistent with the idea that much economic activity in urban areas is concentrated
in the service sector, and that access to surrounding locations to consume these services is an

important determinant of workers’ choice of residence and workplace.



We show how the model can be used to undertake a counterfactual for a transport infras-
tructure improvement, such as the construction of a new subway line. In addition to the initial
shares of commuting trips, the predictions of these counterfactuals now also depend on the ini-
tial shares of non-commuting trips. As a result, frameworks that focus solely on commuting
trips generally underestimate the welfare gains from transport infrastructure improvements, be-
cause they undercount the number of passenger journeys that benefit from the reduction in travel
costs. Furthermore, these frameworks generate different predictions for the impact of the new
transport infrastructure on the spatial distribution of economic activity, because of the different
bilateral patterns of commuting and non-commuting trips. We compare the model’s counterfac-
tual predictions for the opening of a new subway line to the estimated impact in the observed
data. We show that the model has predictive power for the observed data. We show that under-
counting of travel from focusing on commuting trips leads to a substantial underestimate of the
welfare gains from the new subway line.

Our paper is related to a number of different strands of research. First, our findings re-
late to recent research on endogenous amenities and social and spatial frictions within urban
areas. Evidence of endogenous amenities has been provided in the context of spatial sort-
ing (Diamond 2016, Almagro and Dominguez-lino 2019 and Samuels, Hausman, Cohen, and
Sasson 2016), gentrification and neighborhood change within cities (Glaeser, Kolko, and Saiz
2001, Couture, Dingel, Green, and Handbury 2019, Hoelzlein 2020 and Allen, Fuchs, Gana-
pati, Graziano, Madera, and Montoriol-Garriga 2020), and industry clustering (Leonardi and
Moretti 2019). Evidence that both spatial and social frictions matter for agents’ location deci-
sions has been provided using restaurant choice data (Couture 2016, Davis, Dingel, Monras, and
Morales 2019), credit card data (Agarwal, Jensen, and Monte 2020 and Dolfen, Einav, Klenow,
Klopack, Levin, Levin, and Best 2019), travel surveys and ride sharing data (Gorback 2020 and
Zarate 2020) and cellphone data (Couture, Dingel, Green, and Handbury 2019, Athey, Fergu-
son, Gentzkow, and Schmidt 2018, Kreindler and Miyauchi 2019, Gupta, Kontokosta, and Van
Nieuwerburgh 2020, Biichel, Ehrlich, Puga, and Viladecans 2020 and Atkin, Chen, and Popov
2021). Relative to these existing studies, we provide high-frequency and spatially-disaggregated
data on non-commuting trips, and develop a quantitative urban model for estimating workplace
and consumption access.

Second, our work contributes to research on transport infrastructure and the location of
economic activity. One strand of empirical research has used quasi-experimental variation on
the impact of transport infrastructure improvements, including Baum-Snow (2007), Michaels
(2008), Duranton and Turner (2012), Faber (2014), and Storeygard (2016). A second line of
work has used quantitative spatial models to evaluate general equilibrium impacts of transport
infrastructure investments, including Anas and Liu (2007), Donaldson (2018), Donaldson and



Hornbeck (2016), Heblich, Redding, and Sturm (2020), Tsivanidis (2018), Severen (2019),
Balboni (2019), and Zarate (2020). While existing research emphasizes the costs of transporting
goods and commuting costs, a key feature of our work is to highlight the role of the transport
network in providing access to consume nontraded services.

Third, our research is related to recent research on the internal structure of cities, including
including Ahlfeldt, Redding, Sturm, and Wolf (2015), Allen, Arkolakis, and Li (2017), Monte,
Redding, and Rossi-Hansberg (2018), Tsivanidis (2018), and Dingel and Tintelnot (2020). All
of these studies emphasize commuting and the separation of workplace and residence. In con-
trast, one of our main contributions is to highlight the importance of travel to consume nontraded
services in shaping agents’ location decisions.

The remainder of the paper is structured as follows. Section 2 introduces our data. Section 3
presents reduced-form evidence on travel patterns. Section 4 introduces our theoretical frame-
work that we use to rationalize these findings. Section 5 uses the model to the quantify the rel-
ative importance of consumption and workplace access for explaining the spatial concentration
of economic activity. Section 6 shows that incorporating consumption access is quantitatively
relevant for evaluating the counterfactual impact of transport infrastructure improvements, such

as the construction of a new subway line. Section 7 concludes.

2 Data Description

In this section, we introduce our smartphone data and the other data used in the quantitative
analysis of the model. In Subsection 2.1, we explain how we use our smartphone data to identify
home location, work location, commuting trips and non-commuting trips. In Subsection 2.2,
we discuss the spatially-disaggregated economic census data by sector and location that we use
to distinguish between different types of non-commuting trips, and discuss our data on land
values and other location characteristics. In Subsection 2.3, we report validation checks of the
commuting measures from our smartphone data using official census data on employment by

residence, employment by workplace and bilateral commuting flows.

2.1 Smartphone GPS Data

Our main data source is one of the leading smartphone mapping applications in Japan: Do-
como Chizu NAVI. Upon installing this application, individuals are asked to give permission
to share location information in an anonymized form. Conditional on this permission being
given, the application collects the Geographical Positioning System (GPS) coordinates of each
smartphone device every 5 minutes whenever the device is turned on (regardless of whether the

application is being used). These “big data” provide an immense volume of high-frequency and



spatially-disaggregated information on the geographical movements of users throughout each
day. For example for the month of July 2019 alone, the data include 1.4 billion data points on
545,000 users (about 0.5 percent of the Japanese population).!

The raw unstructured geo-coordinates are pre-processed by the cell phone operator: NTT
Docomo Inc. to construct measures of “stays,” which correspond to distinct geographical loca-
tions visited by a user during a day. In particular, a stay corresponds to the set of geo-coordinates
of a given user that are contiguous in time, whose first and last data points are more than 15
minutes apart, and whose geo-coordinates are all within 100 meters from the centroid of these
points.> We have data on the sequence of stays of anonymized users with the necessary level of
spatial aggregation to deidentify individuals. Our data comprise a randomly selected sample of
80 percent of users in Japan, where the randomization is again to deidentify individuals.

This pre-processing also categorizes all stays in each month into three categories of home,
work and other locations for each anonymized user. “Home” location and “work™ locations
are defined as the centroid of the first and second most frequent locations of geographically
contiguous stays, respectively. To ensure that these two locations do not correspond to different
parts of a single property, we also require that the “work™ location is more than 600 meters
away from the “home” location. In particular, if the second most frequent location is within
600 meters of the “home” locations, we define the “work”™ location as the third most frequent
location. To abstract from noise in geo-coordinate assignment, all stays within 500 meters of the
home location are aggregated with the home location. Similarly, all stays within 500 meters of
the work location are aggregated with the work location. We assign “Work™ location as missing
if the user appears in that location for less than 5 days per month, which applies for about 30
percent of users in our baseline sample during April 2019. These users primarily include those
with limited number of data observations due to infrequent smartphone use, and also include
irregular workers with unstable job locations and those who work at home.®> In Subsection
2.3 below, we report validation checks on our classification of home and work locations using
commuting data from the population census. Stays which are neither assigned as home or work
are classified as “other”” We distinguish between different types of these “other” stays, such
as visits to restaurants and stores, using spatially-disaggregated data on economic activity by

sector and location from the economic census, as discussed further in Section 2.2 below.

!'The mapping application does not send location data points if the smartphone does not sense movement, in
which case it is likely that the user has not moved from the last reported location. For this reason, the data points
are less frequent than 5 minutes intervals in practice.

2See Patent Number “JP 2013-89173 A” and “JP 2013-210969 A 2013.10.10” for the detailed proprietary
algorithm. This algorithm involves processes to offset the potential noise in measuring GPS coordinates.

3In Section A.4 of our online appendix, we show that the devices with missing “work” locations have signifi-
cantly fewer number of active days (even at home locations), and that the probability of assigning missing “work”
locations is uncorrelated with the observable characteristics of the municipality of residence.



For most of our subsequent analysis, we focus on the sample of users in the month of April
2019 who have home and work locations in the Tokyo Metropolitan Area (which includes the
four prefectures of Tokyo, Chiba, Kanagawa, and Saitama). To abstract from overnight trips,
we focus on the sample of user-day observations for which the first and last stay of the day is

the user’s home location.

2.2 Other Data Sources

We combine our smartphone data with a number of complementary data sources.

Spatial units: Data are available for the Tokyo metropolitan area at three main levels of spatial
aggregation: (i) The four prefectures of Tokyo, Chiba, Kanagawa and Saitama; (ii) The 242
municipalities (excluding islands); (ii1) The 9,956 Oaza. Each Oaza has an area of around 1.30
squared kilometers and an average 2011 population of around 3,600.

Population Census: We measure residential population, employment by workplace and bilat-
eral commuting flows using the 2015 population census, which is conducted by the Statistics
Bureau, Ministry of Internal Affairs and Communications every five years. Residential popula-
tion and total employment are available at the finest level of spatial disaggregation of 250-meter
grid cells. Bilateral commuting flows are reported between pairs of municipalities.

Economic Census: We use data from the 2016 Economic Census on total employment and
the number of establishments by one-digit industry for each 500-meter grid cell in the Tokyo
metropolitan area, the finest level of disaggregation from publicly available data. We also use
data on total revenue and factor inputs that are available at the municipality level.

Building Data: We measure floor space in each city block using the Zmap-TOWN II Digital
Building Map Data for 2008. This data set contains polygons for all buildings in Japan, with
their precise geo-coordinates and information on building use and characteristics. We measure
floor space using the number of stories and land area for each building.

Land Price Data: We measure the residential land price for each city block using the evaluated
land price that is used for the calculation of property tax. We take a simple average of these
values to construct the average land prices per unit of land at the Oaza or Municipality level.
Travel Time Data: We measure travel time by public transportation using the web-based route
choice service, Eki-spert AP1.* Eki-spert API provides the minimum travel times between any
pairs of coordinates using public transport, including suburban rail, subway, and bus, and walk-
ing. We use the extracted travel time data from October 2, 2020 (weekday timetable). We also
construct car travel time using the Open Source Routing Machine (OSRM).

Municipality Income Tax Base Data: We measure the average income of the residents in each

“4See https://roote.ekispert.net/en for details.
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municipality using official data on the tax base for that municipality.

2.3 Validation of Smartphone Data Using Census Commuting Data

We now report an external validation exercise, in which we compare our measures of “home”
location, “work location” and “commuting trips” from the smartphone data to official census
data that are available at the municipality level. In the left panel of Figure 1, we display the log
density of residents in each municipality in our smartphone data against log population density
in the census data. As our smartphone data cover only a fraction of the total population, the
levels of the two variables necessarily differ from one another. Nevertheless, we find a tight and
approximately log linear relationship between them, with a slope coefficient of 0.923 (standard
error 0.011) and a R-squared of 0.968. The coefficient is slightly less than one, indicating that
the smartphone data has higher coverage in less dense areas. In the right panel of Figure 1, we
show the log density of workers in each Tokyo municipality in our smartphone data against log
employment density by workplace in the census data. Again, we find a close and approximately
log linear relationship between them, with a slope coefficient of 0.996 (standard error 0.008)
and a R-squared of 0.985.

In Section A.1 of the online appendix, we provide further evidence on the representativeness
of our smartphone data by comparing the coverage by residence characteristics (income, age and
distance to city center) and workplace characteristics (employment by industry and distance to
city center). In Section A.2, we show that we find the same pattern of decline of bilateral
commuting with distance in smartphone data and official census commuting data. In Section
A.3, we show that home stays tend to occur during nighttime (outside 6am-9pm) and both work
and other stays rise during the daytime (from 6am-9pm), providing additional internal validation

of our home and work classification from smartphone data.

3 Reduced-Form Evidence

In this section, we provide reduced-form evidence on commuting and non-commuting trips
that guides our theoretical model below. First, we show that non-commuting trips are more
frequent than commuting trips, so that concentrating solely on commuting trips underestimates
the amount of travel within urban areas. Second, we demonstrate that non-commuting trips
are closely-related to the availability of non-traded services, which is consistent with these
trips playing an important role in determining consumption access. Third, we show that non-
commuting trips exhibit different spatial patterns from commuting trips, so that abstracting from

non-commuting trips yields a misleading picture of bilateral travel patterns. Fourth, we provide



Figure 1: Representativeness of Smartphone Users

(A) Residential Location (B) Employment Location
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Note: Each dot is a municipality in the Tokyo metropolitan area. In the left panel, the vertical axis is the log of
the number of smartphone users with a home location in the municipality divided by its geographic area, and the
horizontal axis is the log of the number of residents in that municipality from the Population Census in 2011 divided
by its geographic area. In the right panel, the vertical axis is the log of the number of smartphone users with a work
location in the municipality divided by its geographic area, and the horizontal axis is the log of employment by
workplace in that municipality from the Population Census in 2011 divided by its geographic area. The definitions
of home and work in the smartphone data are discussed in the text of Subsection 2.1 above.

evidence of trip chains, in which non-commuting trips occur along the journey between home

and work, highlighting the relevance of jointly modelling commuting and non-commuting trips.

Fact 1. Non-commuting trips are pervasive. In Figure 2, we display the average number
of stays per day for work and non-work locations (excluding home locations) for our baseline
sample of users with home and work locations in the Tokyo Metropolitan Area during April
2019. Note that the average number of work stays can be greater than one during weekdays,
because workers can leave their workplace during the day and return there later the same day
(e.g. after attending a lunch meeting outside their workplace). Similarly, the average number
of work stays can be greater than zero at the weekend, because some workers can be employed
during the weekend (e.g. in restaurants and stores). As apparent from the figure, even during
weekdays, we find that non-commuting trips are more frequent than commuting trips, with
an average of 1.6 non-work stays per day compared to 1.14 work stays per day. This pattern
is magnified at weekends, with an average of 1.93 non-work stays per day compared to 0.47

work stays per day. These results are consistent with evidence from travel surveys, in which



commuting is only one of many reasons for travel.” A key advantage of our smartphone data
is that they reveal bilateral patterns of travel at a fine level of spatial disaggregation within the
urban area, and capture the sequence in which users travel between between their home, work
and consumption locations, as used to measure trip chains in our quantitative analysis of the

model.

Figure 2: Frequency of Stays at Work and Other Locations (Excluding Home Locations)
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Note: Average number of work and other stays per day for weekdays and weekends (excluding home stays) for
our baseline sample users in the metropolitan area of Tokyo in April 2019. See Section 2 above for the definitions
of home, work and other stays.

Fact 2. Non-commuting trips are closely related to consumption. We now show that non-
commuting trips are closely related to consumption by combining our GPS smartphone data
with spatially-disaggregated census data on employment by sector. In particular, we stochasti-
cally assign other stays (stays at neither home nor work locations) to different types based on
the local economic activity undertaken at each geographical location, as captured by the share
of service sectors in employment. For each 500 x 500 meter grid cell in the Tokyo metropolitan
area, we compute the employment share of each service sector in total service sector employ-
ment. We disaggregate service-sector employment into the following five categories: “Finance,
Real Estate, Communication, and Professional”, “Wholesale and Retail”’, “Accommodations,
Eating, Drinking”, “Medical and Health Care”, and “Other Services”.® For each other stay in a
given grid cell, we allocate that stay to these five categories probabilistically using their shares
of service-sector employment. If no service-sector employment is observed in the grid cell, we

allocate that other stay to the category ”Z Others.”

3In Section A.5 of the online appendix, we show that this pattern of more frequent non-commuting stays than
commuting stays holds in separate Japanese travel survey data, which are available for weekdays only.

These sectors correspond to the one-digit classification of the Japan Standard Industrial Classification (JSIC),
for which we have data available by 500 x 500 meter grid cells. “Finance, Real Estate, Communication, and Profes-
sional” corresponds to sectors of G, J, K, L; “Wholesale and Retail” corresponds to I, “Accommodations, Eating,
Drinking” corresponds to M, “Medical and Health Care” corresponds to P, and “Other Services” corresponds to Q.

10



Table 1: Frequency of Non-Commuting Trips and Service-Sector Employment Shares

Industry Weekdays Weekends Employment Share in Service (%)

Stays / Day  Share (%) Stays / Day Share (%) Total Average (500m Grids)
GJKL finance realestate communication professional 0.23 14.3 0.21 10.7 11.9 23.2
I wholesale retail 0.69 43.4 0.91 46.1 32.0 28.7
M accomodations eating drinking 0.15 9.4 0.21 10.8 13.2 13.2
P medical welfare healthcare 0.23 14.2 0.27 13.7 18.7 15.2
Q other services 0.25 15.8 0.29 14.8 24.3 19.8
Z others 0.05 2.9 0.08 3.9

Note: Average number of each type of other stay per day for weekdays and weekends (excluding home stays) for
our baseline sample for the metropolitan area of Tokyo in April 2019. Other stays are allocated probabilistically to
each category using the shares of these service sectors in total service-sector employment. The table also reports the
share of each type of stay in the total number of other stays, the share of each service sector in total service-sector
employment for the Tokyo metropolitan area, and the average share of each service sector in total service-sector
employment across the 500 x 500 meter grid cells. See Section 2 for the definitions of home, work and other stays.

In Table 1, we report the average number of these different types of other stays per day
during the working week and at weekends. We find that “Wholesale and Retail” stays are by far
the most frequent, with an average of 0.69 per day on weekdays and 0.91 per day on weekends.
To provide a point of comparison, we also report the share of each individual service sector
in overall service-sector employment for the Tokyo metropolitan area as a whole (penultimate
column) and the average share of each individual service sector in overall service-sector em-
ployment across the 500 x 500 meter grid cells (final column). We find that “Wholesale and
Retail” stays are substantially more frequent than would be implied by their shares of overall
service-sector employment, accounting for 43.4 percent of weekday stays and 46.1 percent of
weekend stays, compared to an aggregate employment share of 32.0 percent and an average
employment share of 28.7 percent. This pattern of results implies that other stays are targeted
towards locations with relatively high shares of the “Wholesale and Retail” sector in employ-
ment, which is consistent with these other stays capturing access to consumption opportunities.
Although “Wholesale and Retail” stays are the most frequent, there is considerable variation in
the composition of service-sector employment across the locations visited by users, with most
sectors accounting for 10 percent or more of the total number of stays.’

As a check on our probabilistic assignment of other stays, Figure A.6.1 in Section A.6 of the
online appendix displays the density of each type of other stay by hour and day, as a share of all
stays for our baseline sample for the Tokyo metropolitan area in April 2019. We find that our
probabilistic assignment captures the expected pattern of these different service-sector activities
over the course of the week. First, we typically find a higher density of other stays during the
middle of the day at weekends than during weekdays, which is in line with the fact that many of

these services are consumed more intensively during leisure time. Second, we find that the peak

7Some non-commuting trips could be business-related (e.g., meetings). In Figure A.5.2 of the online appendix,
we show that business-related trips are a minor fraction (20 percent) of all non-commuting weekday trips using
separate travel survey data, where some of these business trips could involve consumption (e.g. lunches).

11



Figure 3: Distances of Commuting and Non-Commuting Trips
(A) Distribution of Distances of Work and Other Stays from Home Locations
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(B) Average Distances of Different Types of Other Stays from Home Locations
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(0.75) (Note: Panel (A): Distributions of distance in kilometers of work locations from home location and of
other stays from home locations during weekdays and weekends. Panel (B): Distributions of distance in kilometers
for each type of other stay from home locations during weekdays and weekends. Results for our baseline sample
of users in the Tokyo metropolitan area in April 2019.

densities of stays for “Wholesale and Retail” and “Accommodations, Eating, Drinking” occur at
around 6pm on weekdays, corroborating the fact that these activities are typically concentrated
after work during the week. Additionally, for “Accommodations, Eating, Drinking,” we find a

smaller peak around noon on weekdays, capturing lunch time.

Fact 3. Non-commuting trips are closer to home. We now show that non-commuting trips
exhibit different spatial patterns from commuting trips, such that observed bilateral commuting
flows provide an incomplete picture of patterns of travel within urban areas. In Panel (A) of
Figure 3, we display the distribution of distances from home locations to work locations and
from home locations to other stays for our baseline sample of users in the Tokyo metropolitan

area in the month of April 2019. We find that other stays are concentrated closer to home than

12



work stays, with average distances travelled of 7.34 and 9.04 kilometers respectively during
weekdays, with an even larger difference in distances travelled at the weekend. In Panel (B) of
Figure 3, we display the distribution of distances travelled for each type of other stay separately.
We find that “Wholesale and Retail” and “Accommodations, Eating, Drinking” stays are con-
centrated closer to home than “Finance, Real Estate, Communication, and Professional” and
“Other Services stays.” This clustering of other stays closer to home highlights the relevance
of these non-commuting trips for residential location decisions. More generally, these differ-
ences in the geographical pattern of stays suggests that focusing on commuting trips yields an

incomplete picture of bilateral patterns of travel.

Fact 4. Trip chains. We now provide evidence of trip chains, in which non-commuting trips
occur on the way from home and work. In Figure 4, we use the fact that in the smartphone data
we observe the sequence of stays originating from a user’s home location and ending at a user’s
home location (without going back home in between each stay), which we term “round trips.”
Using this information, we divide all other stays that occur along such round trips into four
mutually-exclusive categories: (i) HH stays, in which the other stay is part of a round trip that
does not include the work location; (ii) HW stays, in which the other stay happens on the way
from the home location to the work location; (iii) WH stays, in which the other stay happens on
the way back from the work location to the home location; (iv) WW stays, in which the other
stay happens in between two stays at the work location (e.g. a visit to a restaurant in the middle
of the working day). Panel A shows the frequency of these four different types of other stays
aggregating across weekdays and weekends, while Panel B shows their frequency for weekdays
and weekends separately. We find that the majority of non-commuting trips occur separately
from commuting trips (53 percent), which is driven primarily by weekends (79 percent) when
users are significantly less likely to visit workplaces (Figure 2). Nevertheless, a substantial
fraction of non-commuting trips (47 percent) occur as part of commuting trips (47 percent),

highlighting the relevance of jointly modelling these two types of trips.

Taking the findings of this section as a whole, we have shown that non-commuting trips are
frequent, are closely related to consumption, exhibit different spatial patterns from commuting
trips, and can occur as part of trip chains. Each of these four features of our smartphone data

guides our theoretical modelling of commuting and non-commuting trips in the next section.

4 Theoretical Framework

In this section, we develop our quantitative urban model of internal city structure that incorpo-
rates both commuting and non-commuting trips, where the derivations for all theoretical results

in this section are reported in Section B of the online appendix.

13



Figure 4: Fractions of Different Types of Other Stays on Round Trips from Home

(A) Aggregating across Weekdays and Weekends  (B) Separately for Weekdays and Weekends
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Note: Fractions of different types of other stays that occur as part of a round trip originating from a user’s home
location and ending at a user’s home location (without going back home in between each stay); (i) on a round trip
that does not include the work location (HH); (ii) on the way from home to work (HW); (iii) on the way back
from work to home (WH); (iv) in between two stays at the work location (WW), such as a visit to restaurant in
the middle of the working day; Panel A shows frequencies aggregating weekdays and weekends; Panel B shows
frequencies separately for weekdays and weekends.
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We consider a city (Tokyo) that is embedded in a larger economy (Japan). We consider
both a closed-city specification (in which total city population is exogenous) and an open-city
specification (in which total city population is endogenously determined by population mobility
with the wider economy that offers a reservation level of utility /). The city consists of a
discrete set of locations ¢, 7,n € N that differ in productivity, amenities, supply of floor space
and transport connections. Utility is defined over consumption of a single traded good, a number
of different types of non-traded services (e.g. restaurants, coffee shops, stores), and residential
floor space use. Both the traded good and the non-traded services are produced with labor
and commercial floor space according to constant returns to scale under conditions of perfect
competition. Floor space is supplied by a competitive construction sector using land and capital
according to a constant returns to scale construction technology.

A continuous measure of workers (L) choose a residence, a workplace and a set of loca-
tions to consume non-traded services in the city.® We assume the following timing or nesting
structure for workers’ location decisions. First, each worker observes her idiosyncratic pref-
erences or amenities (b) for each location within the city, and chooses her residence n. Sec-
ond, given a choice of residence, each worker observes her idiosyncratic productivities (a) for
each workplace 7 and sector g, and chooses her sector and location of employment. Third,
given a choice of residence and workplace, she observes idiosyncratic qualities (q) for each

type of non-traded service k available in each location j, and chooses her consumption loca-

8In the model, we assume a continuous measure of workers, which ensures that the expected values of variables
equal their realized values. In our empirical analysis, we allow for granularity and a finite number of workers in
our estimation (using the PPML estimator) and counterfactuals (using predicted shares from this estimation).
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tion for each type of non-traded service. Fourth, given a choice of residence, workplace, and
the set of consumption locations, she observes idiosyncratic shocks () over different possi-
ble travel routes: home-consume-home, work-consume-work, home-consume-work-home, or
home-work-consume-home. We choose this nesting structure because it permits a transpar-
ent decomposition of residents and land prices into the contribution of travel access and the
residual of amenities, but the importance of consumption access is robust across other nesting
structures. We also compare the predictions of our model with the special case abstracting from
consumption trips, which corresponds to a conventional urban model, in which workers choose

workplace and residence and consume only traded goods.

4.1 Preferences

The indirect utility for worker w who chooses residence n, works in location ¢ and sector g € K,
and consumes non-traded service k € K*° (where K° C K) in location j(k) using route r (k)

is assumed to take the following Cobb-Douglas form:

—aT

Uniatioorn () = { Babn @) (PF) ™ Q2" | {aiy () wig} ()

oS
xS 11 [Piw/ (@ @)]™ 0 S duitiwrany [ v @)

keKS keKS

O<0zT,OzH,a,f<1, aT—i-ozH—i-Za,f:l,
keKS

where we use the notation j(k) to indicate that that non-traded service k is consumed in a
single location j that is an implicit function of the type of non-traded service k; r(k) € R =
{HH,WW, HW, W H} indicates the “route” choice of whether to visit consumption locations
from home (H H), from work (WW), on the way from home to work (W), or on the way
from work to home (W H) for each non-traded service k; K° C K is the subset of sectors that
are non-traded; the first term in brackets captures a residence component of utility; the second
term in brackets corresponds to a workplace component; the third term in brackets reflects a
non-traded services component; the fourth term in brackets reflects a travel cost component.

The first, residence component includes amenities (53,,) that are common for all workers
in residence n; the idiosyncratic amenity draw for residence n for worker w (b, (w)); the price
of the traded good (PT); and the price of residential floor space (Q,,). We allow the common
amenities ([3,,) to be either exogenous or endogenous to the surrounding concentration of eco-
nomic activity in the presence of agglomeration forces, as discussed further below. The second,
workplace component comprises the wage per efficiency unit in sector g in workplace 7 (w; )

and the idiosyncratic draw for productivity or efficiency units of labor for worker w in sector
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g in workplace i (a; ,(w)).” The third, non-traded services component depends on the price of
the non-traded service k in the location j(k) where it is supplied (Pﬁk) for k € K°) and the
idiosyncratic draw for quality for that service in that location (g (w) for k € K ). The fourth
component captures the iceberg travel cost for each combination of residence, workplace, con-
sumption locations and routes (dpi{j(x)-(x)}) and the idiosyncratic draw for route preference for
each non-traded sector (v, (w) for k € K¥).

To capture trip chains, we model the iceberg travel cost for each combination of residence

n, workplace 4, consumption location j(k) and route (k) (dyi{j(x)r(x)}) as follows:

ity = oxp(—r" 7)) H exp<_’€£7—rij(k)r(k))' ()
keKS
The first term before the product sign captures the cost of commuting from residence n to
workplace ¢ without any detour to consume non-traded services, which depends on travel time
(T,Iff ) and the commuting cost parameter ("), where overall commuting travel time is the sum
of that in each direction:

W = T + Tin. (3)

The second term in equation (2) captures the additional travel costs involved in consuming each
type of non-traded service k in location j(k) by the route r(k), which depends on the additional

. . S
travel time involved (7,

(k)r(k)) and the consumption travel cost parameter (k7). This additional
travel time depends on the route taken: whether the worker visits consumption location j(k)
from home (r(k) = HH), from work (WW), on the way from home to work (HW), or on the

way from work to home (W H):

S = . : S f— . . ..
Tnij(k)HH = Tng + Tjns Toijkyww = Tij T Tji, 4)

S _ S i
Trij(kyHW = Tng T Tji — Tni Trij(kywH = Tij T Tin = Tin,

where the negative terms on the second line above reflects the fact that the worker travels indi-
rectly between residence n and workplace ¢ via consumption location j on one leg of her journey
between home and work, and hence does not incur the direct travel time between residence n
and workplace i for that leg.'”

We make the conventional assumption in the location choice literature following McFadden

(1974) that the idiosyncratic shocks are drawn from an extreme value distribution. In particular,

% Although we model the workplace idiosyncratic draw as a productivity draw, there is a closely-related formu-
lation in which it is instead modelled as an amenity draw.

19While we capture the relative importance of the consumption of non-traded services using the Cobb-Douglas
expenditure shares (af ), the frequency of trips can also differ across non-traded sectors, as shown in Figure 1. In
Section C.1 of the online appendix, we explicitly incorporate this additional type of heterogenegity and show that
the model is isomorphic up to a reinterpretation of the parameters x5 . Therefore, all of our counterfactual results
are unaffected by this extension of the model except for the interpretation of the estimated fff .
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amenities (b), productivity (a), quality (q), route preferences () for worker w, residence n,
workplace ¢, consumption location j (k) and route (k) for non-traded service k are drawn from

independent Fréchet distributions:

G (b) = exp (—be‘as , T5 >0, 6% > 1, 5)
G (a) = exp <—7}Ifg/a_ew> : " >0, 60" > 1,

Gy (@) = exp (—@ik)q""f ) : TS, >0, 65 > 1,k € K5,

Gl (V) = exp (—Tﬁk)u‘f’f? ) , Th, >0, 0f > 1,k € K°.

where the scale parameters {7,7, T}y, T

rameters {07, 0V, 07, 1} regulate the dispersions of amenities, productivity, quality and route

k) Tf?k)} control the average draws and the shape pa-

preferences, respectively. The smaller these dispersion parameters, the greater the heterogeneity
in idiosyncratic draws, and the less responsive worker decisions to economic variables.!!
Using our assumption about the timing or nesting structure, the worker location choice prob-
lem is recursive and can be solved backwards. First, for given a choice of residence, workplace
and sector, and consumption location for each non-traded service, we characterize the probabil-
ity that a worker chooses each route for each non-traded sector (whether to visit consumption
locations from home, from work, or in-between). Second, for given a choice of residence,
workplace and sector, we characterize the probability that a worker chooses each consumption
location in each non-traded sector, taking into account the expected travel cost for consump-
tion trips. Third, for given a choice of residence, we characterize the probability that a worker
chooses each workplace and sector, taking into account expected consumption access for that
workplace and sector. Fourth, we characterize the probability that a worker chooses each resi-

dence, taking into account its expected travel access for both commuting and consumption.

4.2 Route Choices

We begin with the worker’s choice of route for each non-traded service sector k. Conditional
on her residence n, workplace i, and consumption location j(k), she chooses whether to visit
consumption location j(k) from home (r(k) = H H), from work (W), on the way from home
to work (HW), or on the way from work to home (/W H). Given the indirect utility (1) and the

specification of the travel cost (2), the component of the utility that depends on the route (k)

T Although we assume independent Fréchet distributions for amenities, productivity and quality, some locations
can have high expected values for all these idiosyncratic shocks if they have high values for T2, T};V, Tjs( K and
Tﬁk). Additionally, correlations between the shocks can be introduced using a multivariate Fréchet distribution,
as 1n Hsieh, Hurst, Jones, and Klenow (2019).
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for non-traded service k is given by:

Oriij(kyr(k) (@) = €XD(— K3 Ty V() (@) (6)

where the first component is the route-specific travel cost and the second component is the id-

iosyncratic route preference. Under our assumption of independent route draws v, (;)(w) across

each non-traded sector k, each worker chooses the route (k) that maximizes 0,y (k) (w) in-
dependently for each sector k.

Using our independent extreme value assumption, the route choice probability is charac-

terized by a logit form. In particular, the probability that a worker living in residence n and

employed in workplace i consuming non-traded service k in location j(k) chooses the route
R o
7(K) A yjnijiry) 18°

Tr}(zk) exp(—0F Hfﬂi’j(k)r(k))

A i) = I 755 : @)
D rer Tr/(k:) exp(—0;'Ky Tm‘j(k)r’(k))

Using the properties of the extreme value distribution, we can also compute the expected

contribution to utility from the travel cost from consumption trips

el
S

drisey = Enijir) [Oniioriny (@)] = O Z Ty exp(—08 K Ty 1)) 3

r'eR

where 9 =T (95 71) and I'(+) is the Gamma function.

oF
4.3 Consumption Choices

We next describe the worker’s decision of where to consume each type of non-traded service,
given these expected travel costs. Conditional on living in residence n and being employed in
workplace i, each worker chooses a consumption location j(k) for each non-traded service £,
after observing her idiosyncratic draws for the quality of non-traded services (d), but before
observing her idiosyncratic route preferences (). Therefore, each worker chooses the con-
sumption location j(k) that maximizes the contribution to indirect utility (1) from consuming

that non-traded service k, taking into account the expected travel costs across alternative routes:
oS
Yiie) (@) = [P/ (G @) doyyr k€ K5 ©)

where d;ji (k) is the expected travel cost across these alternative routes from equation (8) above.'?

12 Although for simplicity we assume that workers choose a single consumption location for each non-traded ser-
vice, it is straightforward to extend the model to incorporate multiple consumption locations, by allowing workers
to make multiple discrete choices for each non-traded service.
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Using our extreme value assumption, the probability that a worker living in residence n and
employed in workplace ¢ consumes non-traded service & in location j (k) ()\f(k)‘m) 1s:

oS

s V7% (s o5
Tk (P j(k)) (dmj(k)) ’

Sren T (Pio) " (4540,

which we term the conditional consumption probability, since it is computed conditional on res-

, ke K%, (10)

S
Ay ni =
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wm‘?ﬂn

idence n and workplace :. This probability depends on destination characteristics (the price of
non-traded services PSE 1) and their average quality Tj‘? k) in the numerator); expected travel costs

(as determined by d° in the numerator); and origin (residence and workplace) characteristics

nij(k
(as captured by the e;p)ected-travel-cost weighted average of destination characteristics in the
denominator). Importantly, the frequency of consumption trips for each destination j(k) and
non-traded service k£ depends on both the worker’s residence n and her workplace ¢, because
she can travel to consume non-traded services from either of these locations.

Using the properties of the extreme value distribution, we can also compute the expected
contribution to utility from consuming non-traded service k, conditional on living in residence
n and being employed in workplace ¢. This expectation for residence n and workplace ¢ cor-
responds to a measure of consumption access for non-traded service k, and depends on the

travel-time weighed average of destination characteristics:

_pS
ZTZS@) (P e%c)) g (dsz‘e(k))

leN
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where 9% =T <%) and T'(+) is the Gamma function.
k/ %%

Noting that idiosyncratic quality is independently distributed across non-traded sectors, we

can also compute the expected overall contribution to utility from non-traded services:
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4.4 Workplace Choice

We next turn to the worker’s choice of workplace, given consumption access. In particular,
conditional on living in residence n, each worker chooses the workplace ¢ and sector g € K that
offers the highest utility, taking into account the wage per efficiency unit (w; 4), the idiosyncratic

draw for productivity (a; 4(w)), commuting costs (d) ), and expected consumption access (Sy;):

Uning (W) = W 4a; 4 (W) d}fgSm. (13)
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where d% = exp(—+x"'7") is commuting travel cost from equation (2).
Using our independent extreme value assumption for idiosyncratic productivity, the model
also implies a gravity equation for bilateral commuting, such that the probability that a worker

in residence n commutes to workplace ¢ in sector g ()\g/‘n) is as follows:

w o oW
W Tl @) G .
g|n w
! ZZGN ZmeK we m (d ) (Snf)e

which we term the conditional commuting probability, since it is computed conditional on liv-

ing in residence n. Bilateral commuting flows also depend on destination characteristics (the
wage w; 4, average efficiency units TW and consumption access S,,; in the numerator); bilateral
travel costs (as captured by d. in the numerator); and origin characteristics (as captured by
the travel-cost weighted average of destination characteristics across sectors in the denomina-
tor). Aggregating across the different sectors £ € K, we also obtain the overall commuting

probability between residence n and workplace i:
Nin = 2 g as)
geK

Using the properties of the extreme value distribution, we can also compute an overall mea-
sure of travel access for residence n (A,,), which is a weighted average of the characteristics of

each workplace ¢, including consumption access (S,;):

B =By [onig) = 0" | 30 S Tl () 0™ | (16)

leN meK

where YW =T (9 o ) and T'(+) is the Gamma function.

4.5 Residence Choice

Having characterized a worker’s consumption and workplace choices conditional on her resi-
dence, we now turn to her residence choice. Each worker chooses her residence after observing
her idiosyncratic draws for amenities (b), but before observing her idiosyncratic draws for pro-
ductivity (a), the quality of non-traded services (q), and route preferences (v). Therefore, each
worker w chooses the residence n that offers her the highest utility given her idiosyncratic
amenity draws (b,(w)), expected travel access (A,), and other residence characteristics (the

price of floor space ((),,), the price of the traded good (PnT ) and common amenities (5,,)):

U, (w) = Buby () (PT) ™ Q;°" A,
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Using our extreme value assumption for idiosyncratic amenities, the probability that each
worker chooses residence n ()\f ) depends on its relative attractiveness in terms of travel access

(A,,), and residential characteristics (B,,, Pr, and Q),,):

TBBQBAQB (PT) —aT9B Q_aHoB
)\B — n n n n - n ]
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Taking expectations over idiosyncratic amenities, expected utility from living in the city

depends on the travel access and other residential characteristics of all locations within the city:

1
0B

Elu = 9% |S 1P AL (FF) ™" Q" | (18)

leN

where 92 =T (95; 1) and I'(+) is the Gamma function.
In Section 5.2, we use these residential choice probabilities to decompose the observed
variation in economic activity into the contributions of travel access and a residual for amenities,
without taking a stand on production technology and market structure in the traded and non-
traded sectors. As a result, this quantitative analysis holds in an entire class of quantitative
urban models, with different specifications for production technology and market structure.
Expected income in residence n (£,,) in turn depends on the overall commuting probabilities

(A and expected income conditional on commuting from residence n to workplace i (E,;):

Ey =Y A En, (19)
€N

where E,,; depends on both wages and expected worker idiosyncratic productivity.

4.6 Production

When we undertake counterfactuals in Section 6, we do need to take a stand on a specific pro-
duction technology and market structure. In particular, we assume that both the traded good
and non-traded services are produced using labor and commercial floor space according a con-
stant returns to scale technology. We assume for simplicity that this production technology is
Cobb-Douglas and that production occurs under conditions of perfect competition.'® Together

these assumptions imply that profits are zero in each location with positive production:

1
Pr= Qi 0<fT<1,  keK/K®, (20)
ik
1
Py - el 0<par kek®
ik

)

BIn Section C.2 of the online appendix, we show that our specification is isomorphic to a model of monopolistic
competition under free entry, once we allow for agglomeration forces (equation (25) below).
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where A, j, is productivity in location ¢ in sector k.

We allow productivity (A4, ;) to be either exogenous or endogenous to the surrounding con-
centration of economic activity because of agglomeration forces, as discussed further below.
We assume no-arbitrage between residential and commercial floor space, and across the differ-
ent sectors in which commercial floor space is used, such that there is a single price for floor
space within each location (();). In general, the wage per efficiency unit (w; ) differs across
both sectors and locations, because workers draw efficiency units for each sector and location
pair, and hence each sector and location pair faces an upward-sloping supply function for effec-
tive units of labor. Finally, we assume that the traded good is costlessly traded within the city

and wider economy and choose it as our numeraire, such that:

Pl =1 Vie N. (1)

1

4.7 Market Clearing

The price for non-traded service & in each location j (Pﬁ k) for k € K*)is determined by market

clearing, which equates revenue and expenditure for that sector k£ and location j:

- B3 1—
Pl Ak (L@S ) (%) Z R, Z)‘Sk)ml)\ﬂnEni’ ke KS, (22)
neN €N

where expenditure on the right-hand side equals the sum across locations of workers travelling
to consume non-traded service k£ in location j; l?m is the labor input adjusted for expected
idiosyncratic worker productivity in sector k in location j; R, is the measure of residents in
location n; and recall that \* ) i -1s the conditional consumption probability and F£,,; is expected

worker income for residence n and workplace .
Labor market clearing equates the measure of workers employed in workplace j in sector k

to the measure of workers commuting from all residences n to that workplace j in sector k:

]k—Z)\]km ke K, (23)
neN
where we use L;; without a tilde to denote the measure of workers without adjusting for effec-
tive units of labor; and recall that A%n is the conditional commuting probability.
Land market clearing equates the demand for residential floor space (/; ;) plus commercial
floor space in each sector (H; ;) to the total supply of floor space (H;):

Hi= Hiy+ Y Hip. (24)

keK
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4.8 General Equilibrium

We begin by considering the case in which productivity (A; ), amenities (5;) and the supply
of floor space (H;) are exogenously determined. The general equilibrium of the model is ref-
erenced by the price for floor space in each location (();), the wage in each sector and location
(w; 1), the price of the non-traded good in each service sector and location (P;?k)), the route
), the condi-

choice probabilities ()\f( k) ) the conditional consumption probabilities (Af( k)

nij(k ni
tional commuting probabilitji(es (Amn), the residence probabilities (/\f ), and the to‘tal measure of
workers living in the city (L), where we focus on the open-city specification, in which the total
measure of workers is endogenously determined by population mobility with the wider econ-
omy. These eight equilibrium variables are determined by the system of eight equations given
by the land market clearing condition for each location (24), the labor market clearing condi-
tion for each location (23), the non-traded goods market clearing condition for each location
and service sector (22), the route choice probabilities (7), the conditional consumption proba-
bilities (10), the conditional commuting probabilities (14), the residence probabilities (17), and
the population mobility condition that equates expected utility (18) to the reservation utility in

the wider economy ().

4.9 Agglomeration Forces and Endogenous Floor Space

We next extend the analysis to allow productivity and amenities to be endogenous to the sur-
rounding concentration of economic activity through agglomeration forces and to allow for an
endogenous supply of floor space. In both the traded and non-traded sector, we allow produc-
tivity (A; ) to depend on production fundamentals and production externalities. Production
fundamentals (a; ) capture features of physical geography that make a location more or less
productive independently of neighboring economic activity (e.g. access to natural water). Pro-
duction externalities capture productivity benefits from the density of employment across all

sectors (L;/ K;), where employment density is measured per unit of geographical land area:'*

N7
Aip = air (5) 25)

where L; = ), . L;  is the total employment in location 7, and n" parameters the strength of
production externalities, which we assume to the same across all sectors.

In addition to the pecuniary externalities from consumption access, we allow residential
amenities ([3,,) to depend on residential fundamentals and residential externalities. Residential

fundamentals (b,,) capture features of physical geography that make a location a more or less

“We assume for simplicity that production externalities depend solely on a location’s own employment density,
but we can also allow for the case in where are spillovers of these production externalities across locations.
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attractive place to live independently of neighboring economic activity (e.g. green areas). Res-
idential externalities capture the effects of the surrounding density of residents (L;/K;) and are

modeled symmetrically to production externalities:'

B

n

where n” parameters the strength of residential externalities.

We follow the standard approach in the urban literature of assuming that floor space is
supplied by a competitive construction sector that uses land K and capital M as inputs. In par-
ticular, we assume that floor space (H;) is produced using geographical land (K;) and building

capital (M;) according to the following constant return scale technology:
Hi=M'K™,  0<p<l. 27)

Using cost minimization and zero profits, this construction technology implies a constant elas-

ticity supply function for floor space as in Saiz (2010):

Q.= v.H," 28)

where ); depends solely on geographical land area (K;) and parameters.
Given these agglomeration forces and endogenous floor space, the determination of general
equilibrium remains the same as above, except that productivity (A,,), amenities (B,,) and the

supply of floor space (H,,) are now endogenously determined by equations (25), (26) and (28).

S Quantitative Analysis

In this section, we use our theoretical model to quantify the contributions of workplace access
and consumption access to location choices. The key insight underlying our approach is that
the observed consumption and commuting probabilities in our smartphone data can be used to
reveal the relative valuation placed by users on different locations as consumption and work-
place locations, and hence can be used to estimate travel access in a theory-consistent way. In
Section 5.1, we develop a sequential procedure to estimate the model’s parameters. In Section
5.2, we use these estimated parameters and model’s residential choice probabilities to quantify
the relative importance of workplace access, consumption access and residential amenities in

explaining the observed spatial concentration of economic activity.

I5As for production externalities above, we assume that residential externalities depend solely on a location’s
own residents density, but we can allow spillovers of these residential externalities across locations.
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5.1 Estimation Procedure

We begin by discussing the estimation and calibration of the model’s parameters. We proceed
in a number of steps, where each step uses additional model structure. First, we calibrate
the Fréchet dispersion parameters for commuting, consumption, and residence choices (6",
07, 0F, respectively), and the shares of consumer expenditure on housing (a'?), traded goods
(o), and each type of non-traded service (a,f ) using central values from the existing empirical
literature and the observed data. Second, we estimate the worker’s route choice problem for
each non-traded service and obtain an estimate of the expected travel cost for consumption trips
(ds i(k))- Third, we estimate her consumption choice problem conditional on her residence and
workplace, and obtain an estimate of the travel time parameter for consumption trips (¢; =
0; Ky /o) and consumption access (S,,;). Fourth, we estimate her commuting choice problem,
and obtain an estimate of the travel time parameter for commuting trips (¢ = 0" ") and
travel access (A,). Fifth, we calibrate the remaining parameters using the observed data and

central values from the existing empirical literature.

5.1.1 Preference Parameters (7", 05, 07, o1, o™ and o) (Step 1)

In our first step, we calibrate the preference dispersion parameters (6", 62 and 67) and expen-
diture shares (o, aT, o). We set the preference dispersion parameters for commuting, con-
sumption and residence choices equal to " = 67 = 6P = 6, which consistent with the range
of estimated values for these parameters. In the existing literature on commuting, Ahlfeldt,
Redding, Sturm, and Wolf (2015) estimates a preference dispersion parameter for workplace-
residence choices of 6.83 using the division of Berlin by the Berlin Wall; Heblich, Redding, and
Sturm (2020) estimates a value for the same parameter of 5.25 using the construction of Lon-
don’s 19th-century railway network; and Kreindler and Miyauchi (2019) estimates the same
parameter of 8.3 using information on the spatial dispersion of income in Dhaka, Bangladesh.
In Section D.2.1 of the online appendix, we provide an over-identification check on our model’s
predictions, using the property that its predictions for residential income depend importantly
on these parameter values. In particular, we compare the model’s predictions for residential
income in each Tokyo municipality to separate data on residential income not used in its cali-
bration. Although our model is necessarily an abstraction, we find a strong positive relationship
between the model’s predictions and the observed data.

Fewer empirical estimates are available for the preference dispersion parameter for con-
sumption trips (7)), which determines the elasticity of consumption trips and consumption ex-
penditure with respect to changes in the cost of sourcing non-traded services. Our calibrated

value for this parameter of # = 6 is in line with the existing empirical literature that has esti-
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mated elasticities of substitution across retail stores. In particular, Atkin, Faber, and Gonzalez-
Navarro (2018) estimates an elasticity of substitution of 3.9 using Mexican data, while Couture,
Gaubert, Handbury, and Hurst (2019) estimates an elasticity of substitution of 6.5 using US
data. In Section D.2.2 of the online appendix, we provide another overidentification check on
our model’s predictions, using the property that its predictions for non-traded service prices in
each location are sensitive to this parameter value. Again we show that there is a strong positive
relationship between the model’s predictions and the observed data.

Finally, we calibrate the Cobb-Douglas expenditure share parameters using aggregate data
on observed expenditure shares in Japan. We set the share of expenditure on residential floor
space equal to o/ = .25, which also corresponds to the values in Davis and Ortalo-Magné
(2011) and Ahlfeldt, Redding, Sturm, and Wolf (2015). We set the expenditure share parameter
for each type of non-traded service (o) equal to the observed expenditure share on that sector
for the Tokyo metropolitan area. Lastly, we solve for the implied traded goods expenditure

share: o =1 —aff =%, sy,

5.1.2 Estimating the Route-Choice Probabilities (Step 2)

In our second step, we estimate expected consumption travel costs (dii j(k)), using the model’s
predictions for route choice (HH, WW, HW, W H) and our smartphone data. From the route
choice probability (7), the probability of choosing route (k) for non-traded service k condi-

tional on residence n, workplace i, and consumption location j(k) can be written as:

eXp(—QZ5kR7'7i-j(k)r(k) )57}%1@) eXp(urljij(k)r(k))

R
Cos (k)

Ny = : (29)
where ufi k) (k) is a stochastic error that captures idiosyncratic determinants of route choice,
given residence, workplace, and consumption location.

We estimate this route choice probability using the Poisson Pseudo Maximum Likelihood
(PPML) estimator of Santos Silva and Tenreyro (2006).'® The estimated semi-elasticity of travel
time (¢F) in equation (29) is a composite of the response of consumption trips to travel costs
(67 and the response of travel costs to travel times (k7 ), such that ¢ = 02x?. The estimated
route fixed effect £ fz k) corresponds to the tendency that each route is chosen conditional on travel
time, such that ff(k) = Tﬁk). The estimated residence-workplace-consumption-location fixed
effect ¢t () captures the average tendency that routes are chosen for each residence, workplace,
consumption location, such that (1% = >~ Tyl exp(—0f K275 a))-

Table 2 presents the estimation results for each of the different types of non-traded services:

“Finance, Real Estate, Communication, and Professional”; “Wholesale and Retail”’; “Accom-

16We find a similar pattern of results if we estimate this choice probability using the multinomial logit model.
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modation, Eating and Drinking”’; “Medical, Welfare and Health Care”; “Other Services”. In the
first row, we report the coefficient on the travel time (¢£). In the second to fourth row report,
we report the coefficient on the dummy variables for each route choice, where (k) = HH is
the excluded category. Two features of Table 2 are noteworthy. First, we estimate a negative
and statistically significant composite coefficient on travel time (—¢® = —0Fx7), highlighting
its relevance for route choice. Second, we estimate negative and statistically significant coef-
ficients on the indicator variables for the included route choices (r(k) € {HW, W H, WW})
relative to the excluded category of (k) = H H. These results imply a high average preference
for consuming non-traded services from home, consistent with Figure 4 in Section 3.

Using these estimates of ¢!t and ff(k), we construct adjusted expected travel costs for con-
sumption trips conditional on residence n and workplace ¢ from equation (8) above as:

F
B0 = () = 0f [Z &8y exp(— 0S| (30)
reR

where 91! is again 9F =T (QZR > andrecall R = {HH, HW,WH, WW}.

In this second step of our estimation, the composite semi-elasticity of travel time (¢F =
0F Ky /ay) is a sufficient statistic for the impact of travel time on route choices, as estimated
from the route choice probabilities (29). We do not need to separate out the contributions of

0F and k7 to the overall value of this parameter. Similarly, our adjusted measure of expected

1/k% : : : - :
travel costs (dm] ) = (dfij ( k)) ) from equation (30) is a sufficient statistic for the impact of
expected travel costs on workers choice of consumption locations, workplace and residence in
the subsequent steps of our estimation below. We do not need to separate out the contributions

of 1/k7 and d;s; (k) 1O the overall value of adjusted expected travel costs (dm i k))

5.1.3 Estimating Consumption Access (S,;) (Step 3)

In our third step, we estimate the consumption choice probability and consumption access (S,,;),
using the observed frequencies of consumption trips to reveal the relative attractiveness of each
location for each type of non-traded service. From the conditional consumption probabilities
(10), the probability that a worker travels to consume non-traded service k in location j(k),
conditional on residence n and workplace i is:

S

)\S o = 55 (~nzj(k >_¢k exXp (Ufij(k)> 31)

nt S )
ni,k

where cig (k) is our estimated adjusted expected travel costs from equation (30); and u* ) isa

nij

stochastic error that captures idiosyncratic determinants of consumption travel costs.
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Table 2: Estimation Results for Route Choice

Dependent Variable: Route Choice Probability
Finance Wholesale Accomoda- Medical Other
realestate retail tions welfare services
communication eating healthcare
professional drinking
Model: (1) 2) 3) 4) (5)
Variables
Travel Time (Hours) -0.312 -0.269 -0.264 -0.297 -0.271
(0.004) (0.004) (0.004) (0.004) (0.004)
Dummy (HW) -1.58 -1.66 -1.75 -1.67 -1.61
(0.010) (0.010) (0.009) (0.011) (0.012)
Dummy (WH) -1.04 -1.16 -1.10 -1.23 -1.12
(0.009) (0.010) (0.009) (0.011) (0.010)
Dummy (WW) -1.03 -1.13 -1.30 -1.09 -1.09
(0.009) (0.009) (0.008) (0.010) (0.011)
Fixed-effects
Home-Work-Consumption Location Yes Yes Yes Yes Yes
Fit statistics
AIC 3,753,940.7 7,015,231.9 3,461,408.3 3,674,206.4 4,511,086.5
BIC 6,348,159.7 9,717,411.9 6,081,904.7 6,174,892.1 7,210,376.1
Observations 887,212 921,176 895,488 857,704 920,268

Note: Results of estimating the route choice probability (29) using the Poisson Pseudo Maximum Likelihood
(PPML) estimator. Observations are triplets of municipalities in the Tokyo metropolitan area (residence n, work-
place ¢, and consumption location j(k)) for each type of non-traded service k. We construct the empirical fre-
quencies of route choice (/\Zk)mij ( k)) using our smartphone data (aggregated across weekdays and weekends),

as discussed in Figure 4 in Section 3 above. The dependent variable is these empirical frequencies ()‘71"?( ) Iniji( k)),

where r € R = {HH,WW, HW, W H} corresponds to the different route choices: consuming non-traded ser-
vices from home (H H), from work (W W), on the way from home to work (H W), and on the way from work to
home (W H). The independent variables are travel time and the dummy variables for the different route choices,
where r(k) = HH is the excluded category. Regressions are weighted by the frequency of observations for each
residence, workplace, consumption-location, and sector, where we stochastically assign each trip to each sector
following the procedure described in Figure 4 in Section 3. Standard errors in parentheses are clustered at the level
of the combination of residence, workplace, and consumption location.

In a conventional gravity equation, travel flows are determined for a bilateral pair of loca-
tions. In contrast, in our extended gravity equation (31), consumption trips are determined at the
level of triplets of residence, workplace and consumption locations. Since workers can travel
to consume non-traded services from either their residence or their workplace, the adjusted ex-
pected consumption travel cost (d°, i

location j(k) depends on both residence n and workplace 1.

( k)) from equation (30) to consume non-traded service £ in

We estimate this extended gravity equation (31) separately for each type of non-traded ser-
vice using the Poisson Pseudo Maximum Likelihood (PPML) estimator. This estimator yields
theoretically-consistent estimates of the fixed effects (as shown in Fally 2015) and allows for
granularity and zeros in travel flows (as discussed further in Dingel and Tintelnot 2020). We
obtain three key sets of estimates from this extended gravity equation. First, the estimated elas-

ticity of consumption trips with respect to travel costs (¢7) is a composite of the elasticity of
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consumption trips with respect to travel costs (¢ /ay) and the elasticity of travel costs with

respect to travel times (Iik) in equation (10), such that gzﬁk = 03 / af . Second, the estimated

consumption destination fixed effect (£ JS( k)) in equation (31) captures the average attractiveness

of consumption destination j(k) for service k in terms of its price for that non-traded service
S . S o\ . )

(Pj(k)) and quality draws (Tj(k)) in equation (10), such that:

s s s \—0%
ity = Tiw (Pj(k)) o (32)

Third, the estimated residence fixed effect in equation (31) corresponds to the denominator in
the conditional consumption probability in equation (10) and captures the overall attractiveness

of residence n in terms of its access to all consumption locations ¢(k) for service k:

_¢£
ni, k Z Tf(k PE ) (dnzé ) : (33)

LeN

From these estimated fixed effects, we recover a theoretically-consistent estimate of con-
sumption access for each type of non-traded service (S,;;). Indeed, consumption access can be
recovered from either the consumption destination fixed effects or the residence fixed effects.

First, summing the estimated consumption destination fixed effects ({'f(k)) weighted by the es-

¢
timated bilateral travel cost (< M(k)> k) across locations, and using our calibrated values of

0?7 and o, we obtain our baseline estimate of consumption access:

) [pa e e

keKS LeN

Second, using the estimated residence fixed effects ( ;.x)» and our calibrated values of 65

s . : . . 05 /ap —1 S Tg
and o, we obtain another estimate of consumption access: Sy; = [[,cxs [F < ’;5 /’; s )} ( i, k) k.
As sample size becomes sufficiently large, these two sets of estimates of consumption access
converge asymptotically towards one another if the model is a correct specification of the true
data generating process, as shown in an international trade context in Fally (2015). In practice,
even in our finite sample, we find that these two estimates are extremely highly correlated with
one another, as shown in Section D.4 of the online appendix.

In Table 3, we report the results of estimating the consumption extended gravity equation
(31) for each type of non-traded service separately. In all cases, we estimate negative and
statistically significant semi-elasticities of consumption trips with respect to travel costs (—¢3 ).
We find that these estimated semi-elasticities are relatively constant across the different types
of consumption trips, ranging from -1.08 to -1.19, with the most localized consumption trips

observed for “Finance, Real Estate, Communication, and Professional” and ‘“Medical, Welfare
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and Health Care”. In Section D.3 of the online appendix, we report a specification check in
which model the relationship between consumption trips and travel costs non-parametrically

and demonstrate a similar pattern of results.!’

Table 3: Estimation Results for Consumption Location Choice

Dependent Variable: Consumption Location Choice Probability
Finance Wholesale Accomodations Medical Other
realestate retail eating welfare services
communication drinking healthcare
professional
Model: (€)) 2) 3) “) 5)
Variables
logrjfm(k) -1.15 -1.12 -1.09 -1.19 -1.08
' (0.040) (0.036) (0.035) (0.038) (0.036)
Fixed-effects
Home and Work Location Pairs Yes Yes Yes Yes Yes
Consumption Location Yes Yes Yes Yes Yes

Fit statistics

AIC 129,480.5 130,876.3 131,837.4 128,831.5 132,020.7
BIC 291,657.6 293,164.9 294,084.1 290,841.4 294,295.3
Observations 2,981,924 2,983,860 2,983,134 2,979,020 2,983,618

Note: Results of estimating the consumption trip probability (31) using the Poisson Pseudo Maximum Likelihood
(PPML) estimator. Observations are triplets of municipalities in the Tokyo metropolitan area (residence n, work-
place ¢, and consumption location j(k)). Each column regresses the consumption trip probability for each type

of non-traded service on the adjusted expected travel cost (dfw k)) from the previous step, consumption location

fixed effects, and residence-workplace pair fixed effects. Standard errors in parentheses are clustered two-way on
consumption location and residence-workplace pair.

5.1.4 Estimating the Workplace Choice and Travel Access (A,) (Step 4)

In our fourth step, we estimate the workplace choice probability and overall travel access (A,,),
by using the observed frequencies of commuting trips to reveal the relative attractiveness of
residences and workplaces. From our parameterization of commuting costs and equations (14)
and (15), the probability that a worker commutes from residence n to workplace ¢ can be written

as the following extended gravity equation:

- &V exp (— WTZ‘{) (Sm)ew exp (u%)
Ain = o |

(35)

where 1" is a stochastic error that reflects idiosyncratic determinants of bilateral commuting

ni

costs not captured in bilateral travel times (7,;).

17 As a specification check, we re-estimated the consumption gravity equation under the false assumption that
all consumption trips originate from home. As shown in Table D.5.1 in Section D.5 of the online appendix,
we find substantially smaller semi-elasticities in this robustness check (ranging from -0.8 to -0.6), highlighting the
importance of endogenous route choice. Furthermore, we find a better model fit incorporating route choice than this
alternative specification, as evident from the smaller Akaike Information Criteria (AIC) or Bayesian Information
Criteria (BIC) than in Panel (B) of Table D.5.1.
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In a conventional gravity equation for commuting, the key bilateral determinant of commut-
ing flows is bilateral travel time 77 In contrast, in our extended gravity equation for commuting
(35), a worker’s choice of workplace depends on the extent to which it enhances the worker’s
access to consumption opportunities, which in turn depends on the worker’s residence. There-
fore, consumption access (S,,;) varies bilaterally with both workplace and residence, and enters
as an additional determinant of bilateral commuting flows alongside bilateral travel time

We estimate this extended commuting gravity equation (35) using the Poisson Pseudo Max-
imum Likelihood (PPML) estimator, our measures of commuting travel times (T,YZ.V ), and our
estimates of bilateral consumption access (S,,;) from the previous step. We again obtain three
key sets of estimates from this extended gravity equation. First, the estimated semi-elasticity
of commuting flows with respect to travel times (¢"") in equation (35) is again a composite
of the response of commuting flows to commuting costs (") and the response of commuting
costs to travel times (k") in equation (14), such that ¢ = "W x". Second, the estimated
workplace fixed effect (¢}V) in equation (35) captures the average attractiveness of workplace i
across sectors in terms of its wage (w; 4) and productivity draws (ﬂ‘jgv :

&= Tl (36)
mekK
Third, the estimated residence fixed effect (¢!) in equation (35) corresponds to the denominator
in the conditional commuting probability in equation (14) and captures the overall attractiveness
of residence n in terms of its travel-time weighted access to all workplaces:
G =32 Tl e (0 nl) (8.)" (37)
LeN meK

From these estimated fixed effects, we recover a theoretically-consistent measure of overall
travel access. Indeed, as for consumption access in the previous step, we can recover travel ac-
cess in two different ways. First, summing the estimated workplace fixed effects (¢}V) weighted
using the estimated bilateral travel costs (exp (— WTZY )) across locations, and using 6", we

obtain our baseline estimate of travel access:

1

o —1 wl| @
A, =T (e—w) Z@W exp (—¢"7Y) (Sne)” _ (38)

LeN

Second, using the estimated residence fixed effects (¢!V) and 8", we obtain another estimate of
workplace access: A, =T’ <%) (CZV ) ﬁv. As sample size becomes sufficiently large, these
two sets of estimates of travel access again converge asymptotically towards one another if the
model is a correct specification of the true data generating process. In practice, even in our finite
sample, we find that these two estimates are extremely highly correlated with one another, as

shown in Section D.4 of the online appendix.
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In Table 4, we present the results of estimating our commuting extended gravity equation
(31). We include the commuting travel time, consumption access (S,,) with a known expo-
nent of 6", workplace fixed effects and residence fixed effects. We estimate a negative and
statistically significant semi-elasticity of commuting flows with respect to commuting time of
—¢" = —0.617. This estimated value of ¢" is significantly smaller than our estimates of ¢;
above, suggesting that consumption choices are more responsive to travel time than workplace
choices. In Section D.3 of the online appendix, we report a specification check in which we
model the relationship between commuting trips and travel time non-parametrically, and show

that our semi-log specification provides a good approximation to the data.'8

Table 4: Estimation Results for Workplace Choice

Dependent Variable: Commuting Choice Probability

Model: (€))]

Variables

Commuting Time (Hours) -0.617
(0.037)

Fixed-effects

Home Location Yes

Work Location Yes

Fit statistics

AIC 1,212.0

BIC 5,557.3

Observations 58,564

Note: Results of estimating the commuting probability (35) using the Poisson Pseudo Maximum Likelihood
(PPML) estimator. Observations are all pairs of municipalities in the Tokyo metropolitan area (residence n and
workplace 7). Each column regresses the commuting probability on commuting time, workplace fixed effects,
residence fixed effects, and consumption access ((S,,¢)) with a coefficient restricted to equal " . Standard errors
in parentheses are clustered two-way on residence and workplaces.

5.1.5 Other Model Parameters (Step 5)

Together Steps 1-4 are sufficient to undertake our decomposition of the observed spatial vari-
ation in economic activity into the contributions of travel access and a residual for amenities,
within an entire class of quantitative urban models with different specifications of production
technology and market structure. However, when we undertake counterfactuals, such as for
example for transport infrastructure improvements, we need to determine additional structural

parameters related to the supply-side of the economy (land supply, tradable and non-tradable

18As a further specification check, we re-estimated the commuting gravity equation excluding consumption

access (log (Sng)aw). As shown in Table D.5.2 in Section D.5 of the online appendix, we find a larger travel
time semi-elasticity when omitting consumption access (—0.649 instead of —0.617), highlighting the relevance of
controlling for this term. Furthermore, we find a better model fit for our specification incorporating consumption
access, as measured by the Akaike Information Criteria (AIC) or Bayesian Information Criteria (BIC).
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production, and production and amenity spillovers). In our fifth step, we calibrate these param-
eters directly from the data or using central values from the existing empirical literature.

We calibrate the Cobb-Douglas cost shares for labor in each sector (3°, 57) as 0.8, which
are broadly consistent with the labor share on production costs for Tokyo metropolitan area. We
assume a standard share of land in construction costs of ;1 = 0.75. We explore a range of values
for the production and residential agglomeration parameters ranging from zero to the values
estimated in Ahlfeldt, Redding, Sturm, and Wolf (2015): "V € [0,0.08] and n® € [0,0.15],
which spans most of the existing empirical estimates in the meta-analyses of Melo, Graham,
and Noland (2009) and Ahlfeldt and Pietrostefani (2019).

5.2  Quantifying the Role of Workplace and Consumption Access

We now use our estimates from Steps 1-4 above to quantify the contributions of travel access
and the residual of residential amenities to explaining the observed spatial concentration of
economic activity and to examine the relative importance of workplace access and consumption

access for overall travel access. Re-writing the residential choice probabilities (17), we have:
B
(B Qe = B,A,. (39)

The left-hand side of this relationship corresponds to a summary measure of the relative
attractiveness of locations. A larger share of residents (\?) and/or a higher price of floor space
(@) both imply that a location is a more attractive place to live. On the right-hand side, B,, is a
composite amenities parameter that includes common amenities (5,,), the parameter determin-
ing average idiosyncratic amenities (7'7), the common price of the traded good (P? = PT = 1),

and the common reservation level of utility (U):
B, = B, (TF)""" (P)™" (U /") (40)

In these residential choice probabilities (39), we observe the share of residents (/\f ) and the
price of floor space ((),,), and we estimated travel access (A,,) in equation (38). Therefore, we
can use these residential choice probabilities (39) to recover the unobserved composite ameni-
ties (B,,) as a structural residual that exactly rationalizes the observed data as an equilibrium
of the model. This residential choice decomposition has an intuitive interpretation. If a loca-
tion has a high share of residents (A\?) and high price of floor space (Q,,) on the left-hand side,
despite having relatively low values of composite access (A,,) on the right-hand side, this is
rationalized in the model by that location having relatively high residential amenities (B,,).

We now decompose the variance of our summary measure of the relative attractiveness of
locations into the contributions of travel access (A,,) and residential amenities (B,,). In partic-

ular, we use a regression-based variance decomposition from the international trade literature.
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We estimate an ordinary least squares (OLS) regression of each of the components on the right-
hand side of the residential choice probabilities (39) on our summary measure of the relative

attractiveness of locations from the left-hand side:

A, = i + et n ()7 Q5") + (41)

InB, =cf +ct ln(( )1/0 Qn )—i—uft,

Noting that OLS is a linear estimator with mean zero residuals, and using the residential
choice probabilities (39), we have ¢ + cf = 0 and ¢! + ¢? = 1. Implicitly, this variance
decomposition allocates the covariance terms equally across each of the two components. The
relative values of the slope coefficients {cP, c'} provide measures of the relative importance
of travel access (A,,) and residential amenities (B,,) in explaining the observed variation in our
summary measure of the relative attractiveness of locations.

We next examine the relative importance of workplace access and consumption access for
overall travel access, by considering a special case of our quantitative urban model without
consumption trips (o = 0 for all k € K°, o = 1 — afl, )\f(k)‘m =0andS,; = 1). In
this special case, we ignore the data on consumption trips, and estimate a standard quantitative
urban model of workplace-residence choice using only the data on commuting trips. As a result,
travel accessibility (A]°°°™) depends on workplace access alone, and can be constructed using
the estimates from our extended gravity equation estimation of equation (35), but omitting the

w
consumption access term (log (S,e)? ):

1

v — 1 o
AR = F( ) > & e (0"l | (42)

LeN

where ¢" and ¢}V are the estimated travel time coefficient and workplace fixed effects from the
extended commuting gravity equation (35). Using this measure of travel access without con-
sumption trips (A°°°™) in equation (39), we can recover a measure of amenities without con-
sumption trips (B"°°™), and implement our variance decomposition in equation (41) above."
Table 5 reports the results of these variance decompositions for our model including con-
sumption trips (Panel A) and the special case excluding consumption trips (Panel B). Obser-
vations correspond to municipalities in the Tokyo metropolitan area for which we have land

price data. We measure the price of floor space (Q,,) using the observed land price data (Q,,)

19 As a robustness check, Panel (B) of online appendix Table D.5.3 construct travel access without consumption
trips (A°°") using the estimates of ¢" and &}V from a conventional commuting gravity equation excluding
consumption access. Although the estimated travel time coefficients differ between these two gravity equation
specifications, we find a similar pattern of results for the relative importance of consumption access and residential
amenities in this robustness test as in our baseline specification.
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Table 5:  Decomposition of our Summary Statistic for Relative Attractiveness
B
(log [()\ff ) 1/6 QgH]) into Travel Access (A,,) and Residential Amenities (B,,)

log A, log B,
(D 2
Panel A: Baseline Model

log Q2" (AE)

Yo% 0566 0434

(0.049)  (0.049)

Observations 201 201
R? 0.403 0.284

Panel B: No Consumption Trips

log Q3" (A\F)

VP 0373 0627

(0.036)  (0.036)

Observations 201 201
R? 0.352 0.606

Note: Ordinary least squares (OLS) estimates of the regression-based variance decomposition in equation (41).
Panel (A) corresponds to our baseline model, in which we compute travel access (4,,) incorporating consumption
trips; Panel (B) corresponds to the special case of our model in which we abstract from consumption trips (A7),
such thatay =0 forallk € K9, o =1-afl, /\f( kyjni = 0and Sy; = 1. Observations are municipalities in the

Tokyo metropolitan area. Heteroskedasticity robust standard errors in parentheses.

and our assumption of competitive construction sector (such that ), o @}L_”). In our model
including consumption trips, we find that travel access (A,,) is about as important as the resid-
ual of residential amenities (B,,) in explaining variation in the relative attractiveness of locations
(QgH (/\f ) 16 ), with a contribution of 56 percent compared to 44 percent. In contrast, when we
consider a conventional quantitative urban model excluding consumption trips, we find a sub-
stantially reduced contribution from travel access (A]}°°°"*) of only 37 percent, with the residual
of residential amenities making up the remaining 63 percent. These results suggest that a sub-
stantial component of the variation in conventional measures of residential amenities that do not
control for consumption trips may reflect unobserved differences in consumption access. They
also suggest that workplace access (A°°°™) is far from perfectly correlated with overall travel
access incorporating consumption trips (A, ), because we find a much smaller contribution from

travel access when we restrict attention to commuting information alone.

6 Counterfactuals

We next use our theoretical framework to undertake counterfactuals for changes in travel costs to
provide further evidence on the role of consumption access in understanding the spatial concen-

tration of economic activity. In particular, we examine the role of consumption trips in shaping
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the welfare effects of transport infrastructure improvements. We undertake a counterfactual for
the construction of a new subway (underground) line in the city of Sendai and compare the
model’s predictions to the observed impact in the data.?”

Before the opening of its new subway (underground) line, the city of Sendai had only one
Nanboku (North-South) subway line, which had been in operation since 1987. In December
2015, the new Tozai (East-West) subway line opened, thereby providing a substantial expan-
sion in the overall subway network. In Section 6.1, we report reduced-form evidence on the
impact of the Tozai Subway line on floor space prices, residential population and travel access.
We compare the results of differences-in-differences specifications estimated using the actual
data and the counterfactual predictions of our model. In Section 6.2, we present the model’s
counterfactual predictions for the welfare gains from the opening of the Tozai Subway Line and
evaluate the contribution from consumption access towards these welfare gains.

To undertake the counterfactual simulation, we solve the system of equations for a general
equilibrium of the model using an exact-hat algebra approach, in which we rewrite the counter-
factual equilibrium conditions of the model in terms of the initial travel shares and endogenous
variables of the model and the counterfactual changes in these endogenous variables, as shown
in Section E of the online appendix. In our baseline specification, we use the fitted values
for the initial travel shares from our gravity equation estimation to address potential concerns
about granularity. In Section G.5 of the online appendix, we report a robustness test using the
observed initial travel shares, and demonstrate similar results using both approaches. In our
baseline specification, we consider the closed-city specification of the model, in which total
population for the city as a whole (L) is exogenous, and hence the change in travel costs affects

worker welfare.?!

6.1 Difference-in-Difference Effects of Tozai Subway Line

We start by analyzing in the impact of the Tozai Subway Line in our observed smartphone and

land price data. Our analysis is based on the following difference-in-difference regression:
AlogV, = co + 1T, + up, (43)

where n indexes Oaza; T,, is a dummy variable that equals one if the Oaza includes the new
stations of the Tozai Subway Line (except for Sendai station which is also a station for the ex-

isting Nanboku Subway Line) and zero otherwise; A log Y, is the log difference of an outcome

2In Section F of the online appendix, we provide further evidence on the relative importance of consumption
and workplace access for location decisions by comparing the results of separate counterfactuals for changes in
travel costs for commuting and consumption trips for the Tokyo metropolitan area.

211t is straightforward to instead consider the open-city specification, in which case total population is endoge-
nous, and the welfare effects of the change in travel costs accrue only to landlords, as in the public finance literature
following George (1879).
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of interest before and after the opening of the Tozai Line; any fixed effect in the level of the out-
come of interest is differenced out; the constant ¢ captures any common change in the outcome
of interest across all locations; and the coefficient ¢; is an estimate of the treatment effect from
the opening of a station on the new Tozai Subway Line. We consider the following outcomes:
(i) the price of floor space ((),,); (ii) the residential probability or share of the city’s residential
population in each Oaza (\?); (iii) travel access (A,,); and (iv) residential amenities (B,,).

We first estimate this regression using the observed data for the pre- and post-periods. We
measure the price of floor space ((),,) using the observed land price data (Qn) and our assump-
tion of competitive construction sector (such that ¢),, Q}f“). For the land price data, we use
2009 as the pre-period (the earliest available year to mitigate anticipation effects) and 2018 as
the post-period. We construct the residential probability (\Z) using our smartphone data. We
estimate travel access A, and residential amenities B,, using our smartphone data for the pre-
and post-period separately. For these variables constructed from our smartphone data, we use
June 2015 as the pre-period (shortly before the opening of the new subway line), and we use
June 2017 as our post-period (the same month two years after the pre-period). To better proxy
the changes in travel time from the opening of the new subway line in this context where res-
idents use different travel modes, we extend our baseline model to incorporate a mode choice
between public transportation and cars, as discussed in Appendix G.1.?

In Panel (A) of Table 6, we present the results of estimating equation (43) using the ob-
served data. As shown in Columns (1) and (2), we find larger increases in floor space prices
and residential population in Oaza containing new stations than in other Oaza following the
opening of the new subway line, which is consistent with these locations becoming relatively
more attractive. As reported in Column (3), we also observe a larger increase in our estimate
of travel access in locations with new stations, which is consistent with the idea that the in-
crease in floor space prices and residential population in these location is driven by the model’s
mechanism of an improvement in travel access. In contrast, as shown in Column (4), there is
no evidence of a larger increase in the structural residual of residential amenities in these loca-
tions. Therefore, we find that the model is quantitatively able to explain the observed increase
in floor space prices and residential population through its mechanism of an improvement in
travel access, without requiring increases in the residual of residential amenities in these loca-
tions. Notably, if we consider the special case of our model excluding consumption trips, we
find a smaller increase in travel access (0.042 instead of 0.054) and a larger increase in the resid-
ual of residential amenities (0.017 instead of 0.004), as shown in Table G.3.1 in Section G.3 of

the online appendix. Hence, we also find that incorporating consumption trips is important for

22We use the same parameters as above, except for ¢"" and d)f , which we re-estimate using our smartphone data
for the city of Sendai, as discussed in Section G.2 of the online appendix.
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the quantitative success of the model’s mechanism in explaining the observed data.

Table 6: Difference-in-Difference Estimates for the Opening of the Tozai Subway Line Using
the Observed Data and our Model’s Counterfactual Predictions

AlogQ, Alog)AZ Alogh, AlogB,
€)) (2) 3) )

Panel A: Data

Dummy (Tozai Line Stations) 0.046 0.311 0.054 0.004
(0.014) (0.210) (0.008) (0.036)

Observations 368 305 305 305
R? 0.030 0.007 0.123 0.0001

Panel B: Model Prediction (n° = 0;n" = 0.08)

Dummy (Tozai Line Stations) 0.091 0.300 0.073 0.000
(0.010) (0.032) (0.008) (0.000)

Observations 370 370 370 370
R? 0.197 0.191 0.199

Note: Results of estimating the difference-in-difference regression (43) using the observed outcome variables
(Panel A) and the counterfactual model predictions (Panel B). The treatment dummy is an indicator that takes the
value one when the Oaza includes stations of the new Tozai Subway Line (except for Sendai station which is also
a station for the existing Nanboku Subway Line) and zero otherwise. Observations are the 370 Oaza in the City
of Sendai. In Panel (A), 2 observations are missing in Column (1) because land price data is not available, and 65
observations are missing in Columns (2)-(4), because we observe no residents in either the pre- or post-period in
our smartphone data. Standard errors are clustered by Oaza.

To provide further evidence on the predictive power of our model, we next undertake coun-
terfactuals for the impact of the reduction in travel time from the opening of the new subway
line using only information from the pre-period, and estimate the same reduced-form regres-
sions using the model’s counterfactual predictions. In our baseline specification, we assume
the standard value for production agglomeration forces from the existing empirical literature
(n" = 0.08), and assume that our mechanism of consumption access captures all agglomera-
tion forces in residential decisions (n® = 0). In Panel (B) of Table 6, we present the results
from estimating equation (43) using these counterfactual predictions for the change in each
economic outcome of interest. We find that the model’s counterfactual predictions align closely
with the observed patterns in the data. In Column (1), we estimate a positive and statistically
significant treatment effect for the price of floor space, which is somewhat larger than that in
the observed data, perhaps in part because the model may not fully capture the expansion in
the supply of floor space following the opening of the new subway line. In Columns (2) and
(3), we also estimate positive and statistically significant treatment effects for the residential
probability and travel access, which lie within the 95 percent confidence intervals around the

estimated treatments in the observed data. Finally, in Column (4), the model necessarily implies
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zero treatment effect for residential amenities in the absence of residential agglomeration forces
(nP = 0), which is consistent with our finding above using the observed data that the estimated
treatment effect for residential amenities is close to zero and statistically insignificant.?’

As an additional specification check, we estimate the same reduced-form regressions, but
use a dummy variable that takes the value one for Oazas that contain stations on the exist-
ing Nanboku (North-South) Subway Line (which opened in 1987) rather than stations on the
new Tozai (East-West) Subway Line (which opened in 2015). If there are positive or negative
network effects from the new Tozai Subway Line on locations with stations on the existing
Nanboku Subway Line, we would expect to again detect statistically significant treatment ef-
fects. In Section G.4 of the online appendix, we show that we find no evidence of statistically
significant treatments effects on the price of floor space, residential population, travel access,
and residential amenities for this existing Nanboku Subway Line. These results are consistent
with a limited net impact of network effects on the existing subway line and suggest that our
earlier estimates for the Tozai Subway Line are indeed capturing effects specific to this new
subway line. Consistent with these findings using the observed data, we also find no evidence
of statistically significant treatment effects for the existing Nanboku Subway Line using our

counterfactual predictions of the model.

6.2 Welfare Gains from the Tozai Subway Line

We now use our baseline closed-city version of the model to evaluate the welfare impact of
the opening of this new subway line. In Table 7, we present the results for the different model
specifications shown in the left-most column. In the second column, we report the percent-
age point increase in expected utility for the residents of the city of Sendai. In our baseline
specification in the first row, we again assume the standard value for production agglomeration
forces from the existing empirical literature ("' = 0.08), and assume that our mechanism of
consumption access captures all agglomeration forces in residential decisions (n® = 0). In the
robustness checks in the subsequent rows, we report results for a number of alternative specifi-
cations. In the third column, we report the change in expected utility in each of these alternative
specifications as a percentage of that in our baseline specification in the first row.

As reported in Row (1), we find an increase in the flow of expected utility from the opening
of the new Tozai Subway Line of 2.74 percentage points in our baseline specification. Therefore,

even though we take into account the existence of other modes of transport prior to the opening

23In a robustness test in Section G.3 of the online appendix, we estimate n” using the identifying assumption
that the log change in residential fundamentals (b,, in equation (26)) is uncorrelated with proximity to new subway
stations. We find a small estimate of n” = 0.01. In the special case of the model that abstracts from consumption
trips, we obtain a somewhat larger estimate of ” = 0.05, again highlighting the importance of incorporating
consumption trips for the model’s mechanism of travel access to explain the observed data.
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of the new line (such as buses), we find substantial welfare gains from the reduction in bilateral
travel times achieved by the opening of the new subway line. To provide a point of comparison,
Row (2) reports results for the special case of our model excluding consumption trips (o = 0
forall k € K% of =1—a¥, )‘]S(k)mi = 0 and S,; = 1). In this specification, we find
a welfare gain from the new subway line of 1.44 percentage points, or 53 percent of that in
our baseline specification. Therefore, we find that the undercounting of travel journeys from
focusing solely on commuting trips is quantitatively important for the evaluation of the welfare
effects of observed transport infrastructure improvements.

In Row (3), we consider another special case of the model, in which we falsely assume that
all consumption trips originate from home locations, thereby ruling out travel to consume non-
traded services from work or on the way between home and work.?* In this special case, we find
somewhat larger welfare gains from the new subway line of 2.99 percentage points, or 9 percent
larger than our baseline specification. This pattern of results is intuitive, because excluding
consumption travel from work or on the way between home and work increases average travel
distances for consumption trips, and hence increases the magnitude of the welfare gain from the

reduction in travel times achieved by the opening of the new subway line.

Table 7: Counterfactual Increase in Expected Utility in Sendai from the new Tozai Subway Line

Percentage Point Increase in Residential Utility Relative to Baseline (%)

(1) Baseline (n® = 0; "V = 0.08) 2.74 1.00
(2) No consumption trips 1.44 0.53
(3) No trip chains for consumption trips 2.99 1.09
(4) Include residential spillover (n® = 0.15) 3.24 1.18
(5) Eliminate production spillover ("' = 0) 2.61 0.95

Note: The second column reports model counterfactuals for the percentage point increase in expected utility as a result of the reduction in travel
time from the opening of the new Tozai (East-West) subway line in the city of Sendai. The first row presents results for our baseline specification
(residential agglomeration forces of n® = 0, workplace agglomeration forces of n"' = 0.08) and the subsequent rows present results for
a number of alternative specifications. The third column reports the change in expected utility in each of these alternative specifications as a
percentage of the change in our baseline specification in the first row.

In the remaining two rows, we examine the sensitivity of our results to alternative assump-
tions about the strength of residential and production agglomeration forces. In Row (4), we
introduce residential agglomeration forces by assuming n” = 0.15 instead of n” = 0. In this
specification, we find welfare gains from the new subway line that are around 18 percent larger
than those in our baseline specification. In Row (5), we exclude productivity spillovers by as-
suming n"' = 0 instead of n"V' = 0.08. In this case, we find welfare gains from the new subway
line that are around 5 percent smaller than those in our baseline specification. Therefore, we
find that agglomeration forces magnify the welfare gains from transport infrastructure improve-

ments, consistent with the findings of existing studies, such as Tsivanidis (2018) and Heblich,

2*More specifically, we consider the limiting case in which Trlfk) — 0 for r (k) € {WW,HW,WH} and

TH,; > 0, which ensures that workers always travel to consume non-traded services from home.
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Redding, and Sturm (2020). Nevertheless, the impact of these agglomeration forces on the
welfare gains from transport infrastructure improvements (comparing Rows (4) and (5) to Row
(1)) is smaller than the impact of excluding consumption trips (comparing Row (2) to Row (1)),
again highlighting the relevance of consumption access for the evaluation of the welfare effects

of transport infrastructure improvements.

7 Conclusions

We provide new theory and evidence on the role of consumption access in understanding the
spatial concentration of economic activity. We use smartphone data that records the global po-
sitioning system (GPS) location of users every 5 minutes to provide high-resolution evidence
on patterns of travel by hour and day within the Tokyo metropolitan area. Guided by our em-
pirical findings, we develop a quantitative model of internal city structure that captures the fact
that much of the travel that occurs within urban areas is related not to commuting but rather
to the consumption of non-traded services, such as trips to restaurants, coffee shops and bars,
shopping expeditions, excursions to cinemas, theaters, music venues and museums, and visits
to professional service providers.

We begin by establishing four key empirical properties of these non-commuting trips. First,
we show that they are more frequent than commuting trips, so that concentrating solely on
commuting substantially underestimates travel within urban areas. Second, we find that they are
concentrated closer to home and are more responsive to travel time than commuting trips, which
implies that focusing solely on commuting yields a misleading picture of bilateral patterns of
travel within cities. Third, combining our smartphone data with highly spatially-disaggregated
data on employment by sector, we show that these non-commuting trips are closely related to
the availability of nontraded sectors, consistent with our modelling of them as travel to consume
non-traded services. Fourth, we find evidence of trip chains, in which these consumption trips
can occur along the journey between home and work, highlighting the relevance of jointly
modelling both commuting and consumption trips.

We next develop our quantitative theoretical model of internal city structure that incorpo-
rates these consumption trips. Workers choose their preferred residence, workplace and con-
sumption locations, taking into account the bilateral costs of travel and idiosyncratic draws for
amenities for each residence, productivity for each workplace, service quality for each con-
sumption location, and preferences for each route. We show that the observed travel data
and model’s gravity equations for commuting and consumption trips can be used to estimate
theoretically-consistent measures of travel access. We use the model’s residential choice prob-

abilities to derive a summary measure of the relative attractiveness of locations based on the
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observed share of residents and the price of floor space. We show that travel access is more
important than the residual of residential amenities in explaining variation in this summary
measure of relative attractiveness, with a contribution of 56 percent compared to 44 percent. In
a special case of our model excluding consumption trips, we find a substantially smaller con-
tribution from travel access of 37 percent, suggesting that conventional measures of amenities
may in part capture consumption access, and highlighting the usefulness of smartphone data in
measuring consumption trips that are otherwise hard to observe.

Finally, we show how the model can be used to undertake counterfactuals for changes in
transport infrastructure. We compare the model’s counterfactual predictions for the opening
of a new subway line in the city of Sendai to the observed impact in the data. We show that
our model incorporating consumption access generates a similar pattern of estimated treatment
effects as in the observed data. We show that focusing solely on commuting trips leads to
an underestimate of the welfare gains from the transport improvement by around one half,
because of the substantial undercounting of trips that results from abstracting from the many
other reasons besides commuting why individuals travel within urban areas.

Taken together, our findings suggest that access to consumption opportunities as well as ac-
cess to employment opportunities plays a central role in understanding the spatial concentration

of economic activity.
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A Data Appendix

This section of the appendix provides additional information about our smartphone data. In Section A.1 we
provide further evidence on the representativeness of our smartphone data by comparing coverage by residence
characteristics (income, age and distance to city center) and workplace characteristics (employment by industry
and distance to city center). In Section A.2, we report further evidence validating our smartphone commuting
data using census commuting data, supplementing the results reported in Section 2.3 of the paper. In Section
A.3, we provide further internal validation of smartphone data by reporting the average number of work and
non-work stays by day and hour of the week.

In Section A.4, we present descriptive statistics on users with missing work locations, showing that they
have more infrequent smartphone use, and demonstrating that the probability of assigning missing work loca-
tions is uncorrelated with the observable characteristics of users’ municipality of residence. In Section A.5, we
show that our findings from our smartphone data that non-commuting trips are more frequent than commuting
trips are consistent with evidence from separate Japanese travel survey data that reports travel behavior during
the working week.

In Section A.6, we provide further evidence on different types of non-commuting trips, supplementing the

evidence for Fact 2 in Section 3 of the paper.

A.1 Coverage of Smartphone Data

In this subsection of the appendix, we provide further evidence about the coverage of the samples of our
smartphone GPS data. In Figure A.1.1, we plot the coverage rates of our smartphone data by the users’ home
municipality (defined by the number of users whose home location is in the municipality divided by the number
of residents in the municipality in population census) against various characteristics of the municipalities, such
as the population density, the share of university graduates, average income, average age and the distance to
the central business district (Chiyoda Ward). The dots in each figure represents the average coverage rate
for each decile of the characteristics described in the horizontal axis, and the line segments indicate the 95
percent confidence interval. We find no systematic patterns between the the coverage rates and municipality
characteristics. The coverage rates have some inverse U-shaped pattern for the share of university graduates
and the average income. However, these variations are not quantitatively large.

Similarly, in Figure A.1.2, we plot the coverage rates of our smartphone data by the users’ work munici-
pality (defined by the number of users whose work location is in the municipality divided by the number of
employment in the municipality in population census) against various characteristics of the municipalities, such
as the employment density, employment share of manufacturing, employment share of service, and the distance
to the central business district (Chiyoda Ward). Similarly as the coverage rates by the residential locations, we

find no systematic association between the coverage rates and these municipality characteristics.
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Figure A.1.1: Representativeness of Smartphone GPS Data by Residential Location
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Figure A.1.2: Representativeness of Smartphone GPS Data by Employment Location
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A.2 Additional Validations for Commuting Flows from Smartphone Data

In this subsection of the online appendix, we show that we find the same pattern of spatial decay of bilateral
commuting flows with geographical distance in the smartphone data as in the official census data. In each
case, we regress the log of bilateral commuting flows between Tokyo municipalities on residence fixed effects,
workplace fixed effects and a set of indicator variables for deciles of log bilateral distance using the Poisson
Pseudo Maximum Likelihood (PPML) estimator, which allows for zero flows. In Figure A.2.1, we display the
estimated coefficients on the indicator variables for both the smartphone and official census data and the 95
percent confidence intervals. As sample size is smaller in our smartphone data than in the official census data,
we find marginally larger confidence intervals using the smartphone data, particularly for bilateral distances of
more than 50 kilometers for which there are relatively few commuters. Nonetheless, for distances of less than
50 kilometers, which account for the vast majority of all commuters in both datasets, we find that the estimates

in the smartphone and census data are lie extremely close to one another.

Figure A.2.1: Gravity Equation Estimates for Bilateral Commuting Flows Using Smartphone GPS and Official
Census Data
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Note: Gravity equation estimation including workplace fixed effects, residence fixed effects and indicator variables for deciles of
bilateral distance between workplace and residence using the Poisson Pseudo Maximum Likelihood (PPML) estimator; solid black
line and dark gray shading show point estimates and 95 percent confidence intervals respectively for the distance decile indicators
using the official census data; dashed black line and light gray shading show point estimates and 95 percent confidence intervals re-
spectively for the distance decile indicators using our smartphone GPS data. Online appendix Section A.2 shows that the fixed effects
and residuals from the gravity equations estimated separately using smartphone data and census data are also strongly correlated with
one another.

In Figure A.2.2, we compare the origin (residence) fixed effects (Panel A) and the destination (workplace)
fixed effects (Panel B) from the gravity equations estimated using our smartphone data and the official census

data. In each panel, vertical axis corresponds to the estimates from the smartphone GPS data and horizontal



axis corresponds to the estimates from the census data. Both fixed effects have approximately log-linear rela-
tionships with coefficients close to one and R-squared of above 0.9. Therefore, these results provide further
supportive evidence that the attractiveness of residential locations taking out the effects of proximity to work-
places (origin fixed effects; Panel A), and the attractiveness of employment locations taking out the effects of

proximity to residences (destination fixed effects; Panel B), are closely aligned between our smartphone data
and official census data.

Figure A.2.2: Correlation of fixed effects in commuting gravity estimation
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As another validation for our commuting flow data, in Figure A.2.3, we compare the residuals of the same
gravity equations using the two data sets. The vertical axis represents the residuals of the gravity equations
using smartphone data, and the horizontal axis takes the analogous objects using official census data. If these
two residuals are closely aligned, it implies that the idiosyncratic shocks to commuting flows at the bilateral pair

level that are not captured by the bilateral distances shows up in both data sets. We indeed find the regression
coefficient of 0.976 that is close to one and R-squared of 0.482.



Figure A.2.3: Correlation of bilateral residuals in commuting gravity estimation
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Together, these pieces of evidence support that our commuting flows constructed from smartphone data
closely replicates the rate of spatial decay (gravity coefficients on distances), the attractiveness of employment

and residences (residence and workplace fixed effects), and the residuals from gravity equations.

A.3 Work and Non-Work Stays by Day and Hour

In this section of the online appendix, we provide further evidence on travel patterns by reporting the average
number of work and non-work stays by day and hour of the week from 1-30 April 2019. Consistent with
the patterns discussed in Section 3 of the paper, we find that non-commuting trips are more frequent than
commuting trips for each day of the week, with non-commuting and commuting trips increasing and decreasing
respectively at weekends. In Panel (B) of Figure A.3.1, we show the average probability that a user stays at
home, work or other locations by hour, based on their most recent stays. A key difference from Panel (A) is that
stays in Panel (B) are implicitly weighted by the length of time that a user spends at each stay. This weighting
explains why work stays have a higher probability than other stays in the middle of day during weekdays in
Panel (B), even though there is a larger average number of other stays than of work stays in Panel (A). The
three probabilities in Panel (B) sum to one, since home, work, and other stays are mutually exclusive and sum
to the total number of stays. Even after weighting by time, other stays are quantitatively relevant compared
to work stays during both weekdays and weekends. Comparing across hours of the day, we find the expected
pattern that home stays fall and both work and other stays rise during the daytime (from around 6am-9pm).
During weekdays, the probability of a stay rises more rapidly during the waking hours for work stays than for
other stays. During weekends, we find the opposite pattern, with the probability of a stay rising more rapidly

during the waking hours for other stays than for work stays.



Figure A.3.1: Work and Other Stays by Day and Hour
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Note: Panel (A): Average number of work and other stays per day (excluding stays at home locations) for our baseline sample of
users in the Tokyo metropolitan area in April 2019. Gray shared areas indicate weekends and holidays in Japan. Panel (B): shows
the probability that each user stays at home, work or other locations by each hour of the day, where these three probabilities sum to
one. To construct Panel (B), for each user and for each hour of the clock for each day (e.g. at 11am), we measure the user’s location
as the stay location that has started most recently. We then compute the probability of each type of stay by averaging across days,
separately for weekdays and weekends, and for each hour. See Section 2 above for the definitions of home, work and other stays.



A.4 Patterns of Users without Workplace Assignment

As discussed in Section 2.1 of our main paper, “home” location and “work” locations are defined as the centroid
of the first and second most frequent locations of geographically contiguous stays, respectively. To ensure that
these two locations do not correspond to different parts of a single property, we also require that the “work”
location is more than 600 meters away from “home” location. In particular, if the second most frequent location
is within 600 meters of the “home” locations, we define the “work” location as the third most frequent location.
To abstract from noise in geo-coordinate assignment, all stays within 500 meters of the home location are
aggregated with the home location. Similarly, all stays within 500 meters of the work location are aggregated
with the work location. We assign “work” location as missing if the user appears in that location for less than
5 days per month, which applies for about 30 percent of users in our baseline sample during April 2019. In
this section of the online appendix, we characterize the pattern of users whose workplace is not assigned in this
procedure.

We first provide suggestive evidence that a large fraction of cases with missing “work™ locations is likely
to be due to the inactive usage of smartphone devices themselves. Figure A.4.1 shows the distribution of the
number of days that we observe any stays in April 2019, including stays at home. As discussed in Section
2.1, location information is collected regardless of what application the user has open, as long as the device
is turned on (upon users’ consent). Therefore, the number of days with any stays is a proxy for how active
the device is used (i.e., whether it is regularly turned on, or whether the user bring the device with them when
they move out). We find that the median active days is 22 for users without workplace assignment, which
is significantly smaller than 28 days for users with workplace assignment. Therefore, many devices we have

“missing” workplaces are not actively used in April 2019.

Figure A.4.1: Number of Stays by Users with and without Workplace Assignment
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If these devices are not actively used, one may worry about the potential bias due to this attrition. To check
this point, in Figure A.4.2, we display how the probability of missing “work” location is correlated with the

residential characteristics. In each of the panel, we plot the fraction of users whose workplace is assigned (on
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the vertical axis) against the characteristics of their residential municipality, such as the population density,
the share of university graduates, average income, average age and the distance to the central business district
(Chiyoda Ward). The dots in each figure represents the average fraction of non-missing “work” for each decile
of the characteristics described in the horizontal axis at the users’ “home” location, and the line segments
indicate the 95 percent confidence interval. We find no strong associations between non-missing “work” with
these municipality characteristics. There is a mild decreasing pattern in the share of university graduates and the
average income, but the magnitudes are not quantitatively large. Therefore, along the dimensions of observable

residential characteristics, we find limited evidence of the bias in the probability of missing “work™ locations.

Figure A.4.2: Pattern of the Ratio of Users with Workplace Assignment
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A.5 Comparison with Travel Survey

In this section of the online appendix, we validate our smartphone GPS data using a separate travel survey
(person trip survey). We show that similar patterns of urban trips documented in our paper using our smartphone
data also hold with the travel survey data.

In greater Tokyo Metropolitan Area, travel surveys (person trip surveys) are conducted at a decennial fre-
quency. For this validation, we use the information from person trip survey data conducted in 2008. The

respondents of this survey are members of households residing in Tokyo, Saitama, Chiba, and Kanagawa and a
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part of Ibaraki prefectures, which is mostly consistent with our definition of Greater Tokyo Metropolitan Area.
The respondents are asked about their travel behavior on a specific weekday. The survey asks about a sequence
of of travel she made during the day (a sequence of segments of movements from one place to another). For
each trip segment, the survey asks where and when the trip starts and ends, the purpose of the trip, and what
transportation mode is used. This survey also asks basic demographic information, work status, and home
address. We use all non-student samples for the following validation exercises.

Figure A.5.1 compares the number of stays per day per person in our smartphone data and in this person trip
survey. The left panel depicts the number of stays at workplaces and the number of stays at other (non-work)
stays separately for the two data sets. The right panel depicts the same information. Given that the travel survey
only asks about the pattern on a specific weekday, the number of stays from the travel survey is missing in the
right panel, showing frequency of stays on weekends.

Focusing on the pattern on weekdays (left panel), we find that the number of stays is greater for smartphone
data than for the person trip survey. One possible reason for this difference is under-reporting of trips in the
person trip survey. Recall that we define “stays” if a user is static for more than 15 minutes. In the person trip
survey, if the actual stay length is as short as 15 minutes, one may not report the stay in the survey. Despite
this difference, the relative number of work stays and other (non-work) stays is similar between the two types
of data sets. In smartphone data, 58 percent (= 1.6/(1.6 + 1.14)) of all stays are related to other purposes. In
person trip data, this number is 56 percent (= 0.95/(0.95 + 0.73)), which is approximately the same as the

same number from smartphone data.

Figure A.5.1: Frequency of Stays at Work and Other Locations
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We next compare the types of non-commuting stays between our smartphone data and the person trip sur-
vey. In our main paper, we assign sectors of “Other” stays from our smartphone data using separate economic
census data, and presented the decomposition of these non-commuting stays into different sector (Figure 1).
As a comparison with Figure 1, Figure A.5.2 displays the average number of stays per day for other locations

in Person Trip Survey data by the stated purpose of the trip. While the precise comparison with our assign-
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ment of trip sectors from smartphone data is difficult due to different classifications, we find a similar overall
pattern. In particular, we find that “Shopping” is the most frequent category (34 percent), consistent with out
finding from our smartphone data that “Retail and Wholesales™ sectors are the most frequent category of non-
commuting stays with the share of 43 percent on weekdays (Figure 1). We also find a substantially smaller
fraction of business-related trips (e.g., business meetings, procurement; 20 percent) compared to trips related

to consumption.

Figure A.5.2: Frequency of Stays at Other Locations by purpose using trip survey data
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As a final comparison between our smartphone data and the travel survey, Table A.5.1 displays the average
distances to work and other stays in kilometers; from home location for smartphone GPS data (Column 1)
and the person trip survey data (Column 2). In Column 1, we find that the destinations of other stays are
more concentrated around home location than commuting trips from smartphone data (as documented by Fact
3 of Section 3 of our main paper). Consistent with this finding, we find a similar pattern using our travel
survey data in Column 2. Moreover, the average distance to work locations form home locations are closely
aligned between smartphone GPS data and the survey data (12.68 and 12.78 kilometers, respectively). For
other (non-work) stays, the average distances are slightly more distant from home locations in our smartphone
data (10.95 kilometer) than our travel survey data (7.39 kilometer). These differences potentially come from
a noisier measure of distances in our travel survey data due to a coarser geographic aggregation, or due to
underreporting of stays in the survey in far distances from home in travel survey data (for example, people may

not report small errands along the commuting paths, or the lunch or coffee during the office hours).
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Table A.5.1: Average Distances of Work Stays from Home Locations

Smartphone Person trip survey
Work 12.68 12.78
Other 10.95 7.39

Note: Average distances of work stays and other (non-work) stays from home location (in kilometers); from smartphone data (first

column) and from travel survey data (second column).

A.6 Additional Validation of Sector Assignment of Non-Commuting Stays

In this subsection of the appendix, we provide additional validation of our assignment of “other” stays (stays at
neither home nor work locations) to sectors using separate economic census as defined in Figure 1 in the paper.
Figure A.6.1 displays the density of each type of other stay by starting hour and day, as a share of all stays for
our baseline sample for the Tokyo metropolitan area in April 2019. We find that our probabilistic assignment
captures the expected pattern of these different service-sector activities over the course of the week. First, we
typically find a higher density of other stays during the middle of the day at weekends than during weekdays,
which is in line with the fact that many of these services are consumed more intensively during leisure time.
The one exception is “Finance, Real Estate, Communication, and Professional,” which displays the opposite
patter, consistent with the fact that establishments providing these services are often closed at the weekends
in Japan. Second, we find that the peak densities of stays for “Wholesale and Retail” and “Accommodations,
Eating, Drinking” occur at around 6pm on weekdays, corroborating the fact that these activities are typically
concentrated after work during the week. For “Accommodations, Eating, Drinking,” we find a smaller peak
around noon on weekdays, as expected from the typical timing of lunch in Japan. Third, and finally, both of
these activities are more concentrated in the middle of the day on weekends than during the week, which again

is in line with workers having greater leisure time in the middle of day at weekends.
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Figure A.6.1: Other Stays by Type, Day, and Hour
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B Theoretical Framework Appendix

In this section of the online appendix, we report the detailed derivations of the results in Section 4 of the paper.
We consider a city (Tokyo) that is embedded in a larger economy (Japan). We consider both a closed-city
specification (in which total city population is exogenous) and an open-city specification (in which total city
population is endogenously determined by population mobility with the wider economy that offers a reservation
level of utility /). The city consists of a discrete set of locations 7,j,n € N that differ in productivity,
amenities, supply of floor space and transport connections. Ultility is defined over consumption of a single
traded good, a number of different types of non-traded services (e.g. restaurants, coffee shops, stores), and
residential floor space use. Both the traded good and the non-traded services are produced with labor and
commercial floor space according to constant returns to scale under conditions of perfect competition. Floor
space is supplied by a competitive construction sector using land and capital according to a constant returns to
scale construction technology.

A continuous measure of workers (L) choose a residence, a workplace and a set of locations to consume

non-traded services in the city.!

We assume the following timing or nesting structure for workers’ location
decisions. First, each worker observes her idiosyncratic preferences or amenities (b) for each location within the
city, and chooses her residence n. Second, given a choice of residence, each worker observes her idiosyncratic
productivities (a) for each workplace ¢ and sector g, and chooses her sector and location of employment.
Third, given a choice of residence and workplace, she observes idiosyncratic qualities (g) for each type of non-
traded service k available in each location 7, and chooses her consumption location for each type of non-traded
service. Fourth, given a choice of residence, workplace, and the set of consumption locations, she observes
idiosyncratic shocks () of whether to visit the consumption location from their residence, returning to their
residence after the visiting the consumption location, from their workplace, again a round trip, or on the way
to work from home (which we call a “route”), and chooses the route for each consumption location . We
choose this nesting structure because it permits a transparent decomposition of residents and land prices into
the contribution of travel accessibility and the residual of amenities. We also compare the predictions of our
model with the special case abstracting from consumption trips, which corresponds to a conventional urban
model, in which workers choose workplace and residence and consume only traded goods. In the open-city
specification, population mobility ensures that the expected utility from living in the city equals the reservation

utility in the wider economy.

B.1 Preferences

The indirect utility for worker w who chooses residence n, works in location ¢ and sector g, and consumes

non-traded service k in location j(k) with the route r(k) (the choice of whether to visit consumption locations

'In our theoretical analysis, we assume for simplicity a continuous measure of workers, which ensures that the expected values of
variables equal their realized values. In our empirical analysis, we allow for granularity and a finite number of workers in both our
estimation (using the PPML estimator) and our counterfactuals (using predicted shares from this estimation).
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from home, from work, or in-between) is assumed to take the following Cobb-Douglas form:

7 —aTl o H
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where we use the notation j(k) to indicate that that non-traded service & is consumed in a single location j
that is an implicit function of the type of non-traded service k; r(k) € R = {HH,WW, HW, W H } indicates
the “route” choice of whether to visit consumption locations from home (H H), from work (W W), on the way
from home to work (HW), or on the way from work to home (W H) for each non-traded service k; K C K is
the subset of sectors that are non-traded; the first term in brackets captures a residence component of utility; the
second term in brackets corresponds to a workplace component of utility; the third term in brackets reflects a
non-traded services component of utility; the fourth term in brackets reflects a travel cost component of utility.

The first, residence component, includes amenities ([3,,) that are common for all workers in residence n;
the idiosyncratic amenity draw for residence n for worker w (b, (w)); the price of the traded good (P71); and
the price of residential floor space ((),,). We allow the common amenities ([3,,) to be either exogenous or
endogenous to the surrounding concentration of economic activity in the presence of agglomeration forces, as
discussed further below. The second, workplace component, comprises the wage per efficiency unit in sector
g in workplace i (w;4); the idiosyncratic draw for productivity or efficiency units of labor for worker w in
sector g in workplace i (a; ,(w)).? The third, non-traded services component, depends on the price of the non-
traded service k in the location j(k) where it is supplied (Pf&m for k € K*); the idiosyncratic draw for quality
for that service in that location (g;x)(w) for k € K %). The fourth, travel cost component, includes iceberg
form of travel cost for each combination of residence, workplace, the consumption locations and their routes
(dpigj(k),r(k)}); and the idiosyncratic draw for route preference for each non-traded sector (v, (1) (w)fork € K 9.

To make a precise mapping between the travel cost (dy;g;r),-(x)}) and the travel time between any bilateral

locations, we parametrize d;{j(x)r(x)} as follows:

nifj(kyr(kyy = exp(— H exp(— nzj( (k) (B.2)
keKS

In this expression, the first term before the product sign captures the cost of commuting from residence n to
workplace 7 without any detour to consume non-traded services, which depends on travel time (7%) and the
commuting cost parameter (k"), where overall commuting travel time is the sum of the travel time incurred in
each direction:

W =+ T (B.3)

nt

The second term in equation (2) captures the additional travel costs involved in consuming each type of non-

traded service k in location j(k) by the route r(k), which depends on the additional travel time involved

2 Although we model the workplace idiosyncratic draw as a productivity draw, there is a closely-related formulation in which it is
instead modelled as an amenity draw.
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(3 ) and the consumption travel cost parameter (7). This additional travel time depends on the route

nij(k
taken. Whether the worker visits consumption location j(k) from home (r(k) = HH), from work (IWW), on

the way from home to work (H1V), or on the way from work to home (W H):

S _

Tnij(k)HH = Tnj T Tjns (B.4)
S _

Trij(kyww = Tij T Tjis
S _

Tnij(k)HW = Tng + Tji = Tnis

S _
ThijkyWH = Tij T Tjn = Tins

where the negative term at the end of the third and fourth lines above reflects the fact that the worker travels
indirectly between residence n and workplace ¢ via consumption location 7 on one leg of her journey between
home and work, and hence does not incur the direct travel time between residence n and workplace ¢ for that
leg of the journey.

We make the conventional assumption in the location choice literature following McFadden (1974) that the
idiosyncratic shocks are drawn from an extreme value distribution. In particular, idiosyncratic amenities (b),
productivity (a), quality (q), route preferences (v) for worker w, residence n, workplace ¢ and consumption

location j(k) for non-traded service k are drawn from the following independent Fréchet distributions:

GE (b) = (—be—eB) , TE >0, 67 > 1, (B.5)
GZ‘; (a) = ( TV a *ew) , TV >0, 6" > 1,
o (@) = ex ( T3, )q*é’f), Ty >0, 07 > 1,k € K%,
(u) ( T f’ff), TR, >0, 68 > 1,k e K°
where the scale parameters {7)5, TZVZ, T (k) T( ) } control the average draws and the shape parameters {67, 6"

0, 01} regulate the dispersion of amenities, productivity and quality respectively. The smaller these dlspers1on
parameters, the greater the heterogeneity in idiosyncratic draws, and the less responsive worker decisions to
economic variables.’

Using our assumption about the timing or nesting structure, the worker location choice problem is recursive
and can be solved backwards. First, for given a choice of residence, workplace and sector, and the set of con-
sumption locations, we characterize the probability that a worker chooses each route for each non-traded sector
(whether to visit consumption locations from home, from work, or in-between). Second, for given a choice
of residence, workplace and sector, we characterize the probability that a worker chooses each consumption
location in each non-traded sector, taking into account the expected travel cost for consumption trips. Third, for
given a choice of residence, we characterize the probability that a worker chooses each workplace and sector,
taking into account the expected consumption access of that workplace and sector. Fourth, we characterize the
probability that a worker chooses each residence, taking into account its expected travel accessibility for both

commuting and consumption.

3 Although we assume independent Fréchet distributions for amenities, productivity and quality, some locations can have high
expected values for all three shocks if they have high values for T2 TZZV and Tjs - Additionally, correlations between the shocks

n >’

can be introduced using a multivariate Fréchet distribution, as in Hsieh, Hurst, Jones, and Klenow (2019).
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B.2 Route Choices

We begin with the worker’s decision of the route choice for each non-traded service sector k. More specifically,
conditional on residence, workplace, and consumption location, the worker chooses whether to visit consump-
tion location j(k) from home (r(k) = H H), from work (W W), on the way from home to work (HW), or on
the way from work to home (W H). Given the indirect utility (B.1) and the specification of the travel cost (B.2),

the indirect utility is rewritten as:

Unig{j(kyr(k)} (W) = {Bnbn (w) (P )_QT Q. aH} {aig (W) wig},

S

X { 1 [/ (g (w))}ak} {GXP( YT T exp(=r570 5 0m) Ve e )(w)}

kEKS keKS

The component of the utility that depends on the route 7 (k) for non-traded service k is given by:

Onij (ke (k) (W) = exp(—r° ﬁgz](k)r(k)) (k) (W) (B.6)

where the first component is the route-specific travel cost and the second component is the idiosyncratic route
preference. Under our assumption of independent route-preference draws v,(;)(w) across each non-traded
sector k, each worker chooses the route (k) that maximizes 6,;;(x)-) (w) independently for each sector k.
Using our independent extreme value assumption for idiosyncratic preference shocks for the route choice,
the route choice probability is characterized by a logit form. In particular, the probability that a worker living
in residence n and employed in workplace ¢ consuming non-traded service & in location j(k) chooses the route

r(k) ()\ Knij(k)) 1S derived as follows:

Al = Pr [5m'j(k>r<k>( ) > max { Gnijryery (@) : €A 7}

/ H exXp < nij(k)e(k )5 ) QRQ)ﬁJ (k)r(k )5_@5“) exp <_(I)§ij(k)r(k)579§> 4o,

:/0 eXp( nij(k)0 QR) A (9541) as,

where

m] = Z q)mj(k Z T eXp 0 TLZ_j( )r’(k))‘

r'(k)eER r'(k)ER

Note that

d 1 R _pR —oR Rc—(6F+1
dy[ exp( UM k)] :exp< CI>mJ(k6 k>«9k5 (08 +1).,

Using this result to evaluate the integral above, we have:

[e.e]

1 R
R _ &R R 50
ArBlniit) = Prijck) [@R exp < Dy )] ;
nij(k) 0
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which becomes: R R SS9
T exp(—0j ’%ng(k)r(k)>
> rrer Tl eXD(=07 KTy i)

Using our independent extreme value assumption for idiosyncratic preference shocks for route choice, we

R
Ar®nij (k) =

B.7)

can also compute the expected contribution to utility from the travel cost from consumption trips as follows.
Using the property that the maximum of a sequence of Fréchet distributions is itself Fréchet distributed, the

contribution to utility from the preferred route choice also has a Fréchet distribution:

nzj H an] H eXp < nij(k r/(k)éieli%) )

r’(k)eR r’'€R

R _ R —6R —
GTLZ] (5) = exp < (I)mj( )6 k) ) m] = Z (I)mj(k

r’(k)eR
Given this Fréchet distribution for the contribution to utility from the preferred location, the expected contribu-

tion to utility from from the preferred route choice is:

m] / 6971@] k) do.

Now define the following change of variables:

R —eR —(0F+1
(I)mj( sy dy - (ek) (I>nzj(l<:)(5 ( » )d5
2
5= ( d ) b ds = 4y
= ~ 7 = .
<I>m.j(k) (OF) @fw(k)(; (0F+1)
Using this change of variables, we can write the expected contribution to utility as:
y dy
Em](k) [5] = / (ek ) nij(k (I)R— exp (_y) 6F+1’
’ i) R\ HR y %
(OF) @ ) <<1>§”(k)
= | yexp(—y) T
0 ko
R E—) "
nig (k) (‘I’ﬁm@)
[e'e) 7% dy
= /O y ’F exp (—y) T

where




and I'(-) is the Gamma function. To summarize,

)
e

dosi) = Bnijtr) [Gnsimyecy(@)] = 08 | D Ty exp(=08 K5 T s000) (B.8)

r’'eR

which corresponds to equation (8) in the paper.

B.3 Consumption Choices

We begin with the worker’s decision of where to consume each type of non-traded service. Conditional on
living in residence n, each worker chooses consumption location j (k) for non-traded service & to to maximize

the contribution to indirect utility (B.1) from consuming that non-traded service:

i) (@) = [Piny/ (@) (@))] o Aoy, ke KS. (B.9)

We thus have the following monotonic relationship between the contribution to utility from consuming non-

tradable services and quality:

Qj(k)( ) (%ﬂ] ( )/dmj )1/% (Pj(k))

Therefore, using this relationship and the Fréchet distribution for idiosyncratic quality, we have:

oS
Pr [y < 7] = Grijon ( o P () k) :

,@S” ‘9E/a£ S o S S — S QS/aS
Gy (7) = e Tnw)? , 5500 = Ty (Piiy) ™ (d n)

nij nij(k

Using this distribution for the contribution of nontradable services to utility, the probability that a worker in

residence n consumes nontradable service & in location j (k) is:

Xwyini = P [mjeye > max {yuery s - € # 5},

= [ TL65a (s )

L#]

S /0,5 S /oS _05/aS
/ Hexp o, )7 o/ k) (953/045) m](kz)”Y ~((O2/e)+1) exp( (I)gw(k’ﬂ gk/ k) @,
]

:/ eXp( (I)m Y O /a£> (Qk;s/ag) m](k)’y ((QS/QE)_‘—I)d’%

0

where
—gs QS/aS
m’f - Z(I)mf - ZTZ%’@) (Pébgk)) * (dgij(k)) R
LeN leN
Note that
d S /o S /08 —((65 /aS
o [q)s,kexp( Oy k)] :exp< Oy k) (05 /o) v~ ((6/eE) 1),
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Using this result to evaluate the integral above, we have:

1 s —05/a8 >
_ S - k/%

At = P [(I)S‘ e kT ] )

ni,k 0
which becomes: s
g 78 (pS 0% ds %

Dok j(k)( j(k)) ( m’j(lc>>

Altiini = 35, R (B.10)

s _k_
M STy (Pi) " (d0)
and corresponds to equation (10) in the paper. We refer to this probability as the conditional consumption
probability, since it is computed conditional on living in residence n.
Using the property that the maximum of a sequence of Fréchet distributions is itself Fréchet distributed, the
contribution to utility from the preferred location for consuming nontradable services of type £ from residence

n also has a Fréchet distribution:

S /asS
m k H anf(k H exp ( an ’Y (Gk/ k)> ’

leN LeN

_(pS OLS
ank ( ) = exXp (_q)gz,k’}/ (9’“/ k)) , TL’L]C - Z CI)nw(k

teN
Given this Fréchet distribution for the contribution to utility from the preferred location, the expected contribu-
tion to utility from consuming nontradable services of type k from residence n is:

Now define the following change of variables:

Y= (I)m Vel Gf/af’ dy = (elf/af) ©§i7k7_<<ef/af)+l)d’7.

y _GE/O‘E dy
) ’ W= (/)
ni,k (9 /ak) (I)nl k7 ROE
Using this change of variables, we can write the expected contribution to utility as:
Eachl = [ (0/08) @5 gt exp(—y) L
ni 0 k nqu);sl'lk (Gf/af)+l )
s _y ) (eR/eF)
(0 /ak) nzkz( Szk)
= [ ves () L
= o yeXp y (05/a£)+1 Y

* (st7) G0

o0 1 d
:/ y 5% exp (—y) Y ,
0 (
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where

95 =T (M) — /Oo yi (GE;QE) exp (—y) dy,

S/ S
(07 /0%)
and I'(+) is the Gamma function. We thus obtain the following measure of residence n’s consumption access

for non-traded service k:

ﬁ —9S i %
Snit = Bnik [Ynijny] = 0% (®rik) = Z Te Pe n) (dsié(k)) af] ; (B.11)
teN

which corresponds to equation (11) in the paper.
Aggregating across sectors using the Cobb-Douglas function form for consumption of non-tradeable ser-

vices, we arrive at the following expression for consumption access:

s
s
O%

—69 S S :Tf
Z Te (Pery) (dme(k)) k ;

leN

Sm = H Snzk H 193

keKS keEKS

which corresponds to equation (12) in the paper.

B.4 Workplace Choice

We next turn to the worker’s choice of workplace. In making this choice, each worker takes into account access
to surrounding consumption possibilities. In particular, conditional on living in residence n, each worker
chooses the workplace 7 and sector g that offers the highest utility, taking into account the wage per efficiency
unit (w; ,4), the idiosyncratic draw for productivity (a; ,(w)), commuting costs (dm ), and expected consumption

access (Sy;):
Uniyg (W) = Wi g9 (W) exp (=67 71 ) Spi. (B.12)

We thus have the following monotonic relationship between the contribution to utility from income and pro-

ductivity:
Uning (W)
w; gexp (—kY TS,

Qg (W) =

Therefore, using this relationship and the Fréchet distribution for idiosyncratic productivity, we have:

Privy, <v] = G,‘fgg ( Y ) ,

w; g exp (—kW TS,

w

G (v) = exp (—@lf "), OV =T wly exp (—6" k") (S.)’
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Using this distribution for the contribution to utility from income, the probability that a worker in residence n

commute to workplace 7 in sector g is:

/\zgln = Pr[vn g > max{vyem}; V0, m],
/ HGHM [H H Gt (v ] Gnig (V) v,
lFi LeN m#g
/ Hexp CDngg H H exp ( ngm 9W>] HWCIDZQ —(0"+1) exp ( @Kjgv%w) dv,
01 LeN m#g
= / exp (—d)xvv_e ) Ve, -(0"+1) 4 ,
0
where
B =Y S B, = 3 S Tl exp (<67 R )
leN meG leN meG
Note that J .
p {@ exp (2} erﬂ —exp (=@ v ) (8,)" OV ("),

Using this result to evaluate the integral above, we have:

[e.e]

1 w
— W W, —0
)\Zg‘n Qg [@W exp (—<I>n v >} .

which becomes: v
w TzW zeg eXp (—9W WTXL-/) (Sni)

T e S Tl exp (—6% 5 717 (S

and corresponds to equation (14) in the paper. We refer to this expression as the conditional commuting

(B.13)

9W7

probability, since again it is computed conditional on living in residence n. Aggregating across sectors, we also

obtain the overall commuting probability between residence n and workplace ¢:
A=) A (B.14)
geK

Using the property that the maximum of a sequence of Fréchet distributions is itself Fréchet distributed, the

distribution of income for residence n across all workplaces ¢ and sectors m also has a Fréchet distribution:

=TI e, ) =TT I e ™"

{eN meG {eN meG
w WY wo_ Z Z
Gn (U) =€ " ) (I) (I)nfm
eN meG

Given this Fréchet distribution for the contribution to utility from income from the chosen workplace, the

expected contribution to utility from income is:
o0
EY = [ gl ()
0

/ QWQZVU_GW exp <—(I>TVZVU_9W> dv.
0
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Now define the following change of variables:

Y= CIDZVU*QW, dy = QWCIDZJVU_(QWH)dU. (B.15)

_ 1
v = i " dv = dy
oW ’ OV OW (0 1)

Using this change of variables, we can write the expected contribution to utility as:

> d
E, [v] = / VY Y exp (—y) A

n w
o, QWCDXY(L) oW

W
dy

where

= g )= ) v exp (—y) dy,

and I'() is the Gamma function. We thus have the following expression for expected income conditional on
living in residence n:
1
Ap =E, [vp;g] = 9V [Z STl exp (—0VEV ) S| (B.16)
teN meK
which corresponds to equation (16) in the paper.
While expected utility is equalized across all workplaces conditional on residence, expected income is
different because of the heterogeneity of consumption access S,; for bilateral commuting pairs. Therefore,

expected income for workers in residence n and workplace ¢ is given by:

A
Eni = B.17
S, (B.17)
and expected income by residents in n is given by:
E, =Y Eu\,. (B.18)

iEN
B.5 Residence Choice

Having characterized a worker’s consumption and workplace choices conditional on her residence, we now

turn to her residence choice. Each worker chooses her residence after observing her idiosyncratic draws for
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amenities (b), but before observing her idiosyncratic draws for productivity (a) and the quality of non-traded
services (q). Therefore, each worker w chooses the residence n that offers her the highest utility given her
idiosyncratic amenity draws (b, (w)), expected travel accessibility (A,,), and other residence characteristics (the

price of floor space (Q,,), the price of the traded good (P!) and common amenities (B,,)):
Un (@) = Babu () (P1) ™ Q7" A,
We thus have the following monotonic relationship between idiosyncratic amenities and utility:
b (@) = Un () B, ' (P1)™ Q3
Therefore, using this relationship and the Fréchet distribution for idiosyncratic amenities, we have:
Pr (U, (@) < o] = G2 (uB; A (1) @2")
G () = exp (—@fu™") ®) = TPBAY (BT Qe
Using this distribution for utility, the probability that a worker chooses residence n is:

A3 = Pr[U, > max {U; : i # n}],

/ H GP (u) P (u) du,

0 izn
/ Hexp< oPy —68 >€B<DB —(0" +1)exp< oPy —6B )d :
i#n
— /OO exp (_®Bu—93> 0B 0B, (0741) gy,
0
where
v =Y o= o rrnal () o
ieN ieN
Note that . ] i i
T [QDB exp (—@Bu_e )} = exp <—<I>Bu_6 ) g8y~ (67+1).

Using this result to evaluate the integral above, we have:

1 o0
B = @B {—B exp (—@BuaBﬂ ,
® 0

which implies that the probability that each worker chooses residence n (\?) is given by:
TBBGBAHB (PT) faTGBQfaHGB
—_aT9B —a )
Seen TPBI"A] (PF)™ 7 Q™™

A=

n

(B.19)

which corresponds to equation (17) in the paper.
Using the property that the maximum of a sequence of Fréchet distributions is itself Fréchet distributed, the

distribution of utility across all locations is also Fréchet:

= HGlB Hexp( dPu *93)

1EN 1EN
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GP (u) = exp (—@Bu’eB) , PP = ZCI)?.

iEN
Given this Fréchet distribution for utility, expected utility is: )
E” [u] = /OO ug® (u) du,
0
= /00 OB By 0" exp (—@Bu*0B> du.
0
Now define the following change of variables:
y = CDBU_QB, dy = QB(DBU—(BB-H)du‘

u = <i>_0}3 du = B
~ \PpB ) ~ PBPBy—(0F+1)"
Using this change of variables, we can write expected utility as:

EP [u] = / 6707 Y cxp (—y) .
o " (6%) 27 (3)

[}
= [ yexp(~y) ——57>
0 o8 ()

1 dy
=/ y " exp(—y) ———5
0 _

where

68 — 1 1
o= (D) = [ e cna
0

and I'(+) is the Gamma function. We thus have the following expression for the expected utility from living in

the city:

1

0B
ZTEBﬁBAfPﬁ”BQzW] : (B.20)

leN

E[u] = 9P

which corresponds to equation (18) in the paper.
Having characterized workplace and residence choices, we can also recover the demand for residential floor
space in each location, using the implication of Cobb-Douglas utility that expenditure on residential floor space

is a constant share of income:
o"E.R,

Qn

where R, = APL is the measure of residents in location n; recall that L is total city population; and E,, is

H,y = (B.21)

expected income in residence n.
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B.6 Production

When we undertake counterfactuals in our quantitative analysis below, we do need to take a stand on production
technology and market structure, in which case consider a version of the canonical urban model. In particular,
we assume that both the traded good and non-traded services are produced using labor and commercial floor
space according a constant returns to scale technology. We assume for simplicity that this production tech-
nology is Cobb-Douglas and that production occurs under conditions of perfect competition. Together these

assumptions imply that profits are zero in each location in which a tradable good and non-tradable service is

produced:
pr— Lo 0<pr <1 ke K/KS (B.22)
TR ; 7 :
1
pifk):A w? QI8 0<p%<1, ke K°,
ik

)

where A, j, is productivity in location ¢ in sector k. Using the first-order condition for profit maximization, we
can obtain demand for commercial floor space in each sector and location (/; ;) as a function of the goods or
service price (Pifk)), productivity (A, ), the price of floor space (();) and labor input adjusted for effective units
of labor (L; 1):

1

1-87 (PiTAi,k> T ZN;“{’ ke K/KS

Qi
(P{?k)Az‘,k) B3 Ezk ke KS

k3

where f)i,g denotes labor input adjusted for expected idiosyncratic worker productivity, i.e.,

Lig=— > Enidly, B
Wia nen
where E,; is the labor income earned by workers who reside in n and work in .

We allow productivity in equations (B.22) and (B.23) to be either exogenous or endogenous to the surround-
ing concentration of economic activity in the presence of agglomeration forces, as discussed further below. We
assume no-arbitrage between residential and commercial floor space, and across the different sectors in which
commercial floor space is used, such that there is a single price for floor space within each location (();) in
equation (B.22). In general, the wage per efficiency unit (w; ;) differs across both sectors and locations in
equation (B.22), because workers draw efficiency units for each combination of sector and location pair, and
hence each sector and location pair faces an upward-sloping supply function for effective units of labor. Finally,
we assume that the traded good is costlessly traded within the city and wider economy and choose it as our
numeraire such that:

P'=1 VieN. (B.24)

1

B.7 Market Clearing

The price for each type of non-traded service % in each location j (Pjs(k) for k € K*®) is endogenously deter-

mined by market clearing, which requires that revenue equals expenditure for that non-traded service £ and
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location j:

- S -
Pl Aik (’; ) (f’gs) O D B D NN Bris KEKS, (B25)
neN €N
where expenditure on the right-hand side equals the sum across locations of workers travelling to consume non-
traded service k in location j; R, is the measure of residents in location n; recall that )\f(k)‘n is the conditional
consumption probability and F,,; is expected income by workers with residence n and workplace .
Labor market clearing implies that the measure of workers employed in workplace j in sector k equals the

total measure of workers from all residences n who commute to that workplace j in sector k:

=Y MR k€K, (B.26)
neN
where we use L;; without a tilde to denote the measure of workers without adjusting for effective units of
labor; and recall that )\%n is the conditional commuting probability.
Land market clearing requires that the demand for residential floor space (H; ;7) plus the sum across sectors

of the demand for commercial floor space in each sector (H; ;) equals the total supply of floor space (H;):

Hy=Hiy+ Y Hy. (B.27)

keK

B.8 General Equilibrium with Exogenous Location Characteristics

We begin by considering the case in which productivity (A; ), amenities (5;) and the supply of floor space
(H;) are exogenously determined. The general equilibrium of the model is referenced by the price for floor
space in each location (();), the wage in each sector and location (w; 1), the price of the non-traded good in
each service sector and location (PS ) the route choice probabilities (/\ ) nij( k)), the conditional consumption
probabilities (A3 Tk ‘m) the condltlonal commuting probabilities (A" k‘n) the residence probabilities ()\f ), and the
total measure of workers living in the city (L), where we focus on the open-city specification, in which the total
measure of workers is endogenously determined by population mobility with the wider economy. Given these
seven equilibrium variables, we can solve for all other endogenous variables of the models. These equilibrium
variables are determined by the system of seven equations given by the land market clearing condition for
each location (B.27), the labor market clearing condition for each location (B.26), the non-traded goods market
clearing condition for each location and service sector (B.25), the conditional consumption probabilities (B.10),
the conditional commuting probabilities (B.13), the residence probabilities (B.19), and the population mobility
condition that equates expected utility in the city (B.20) to the reservation level of utility in the wider economy
).

B.9 General Equilibrium with Agglomeration Forces and Endogenous Floor Space

We next extend the analysis to allow productivity and amenities to be endogenous to the surrounding con-
centration of economic activity through agglomeration forces and to allow for an endogenous supply of floor

space.
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Agglomeration in Production. In both the traded and non-traded sector, we allow productivity (A; ;) to de-
pend on production fundamentals and production externalities. Production fundamentals (a; ;) capture features
of physical geography that make a location more or less productive independently of neighboring economic
activity (e.g. access to natural water). Production externalities capture productivity benefits from the density of
employment across all sectors (L;/K;), where employment density is measured per unit of geographical land

area.*
w

L:\"
Aig = aip (?) (B.28)

where L; = >, _, L; is the total employment in location i, and n"' parameters the strength of production

externalities, which we assume to the same across all sectors.

Agglomeration in Residents. Similarly, we allow residential amenities (5,,) to depend on residential fun-
damentals and residential externalities. Residential fundamentals (b,,) capture features of physical geography
that make a location a more or less attractive place to live independently of neighboring economic activity (e.g.
green areas). Residential externalities capture the effects of the surrounding density of residents (L;/K;) and

are modeled symmetrically to production externalities:’

B

R, \"
B, =0b,| — B.29
(1) ®29
where n parameters the strength of residential externalities.

Floor Space Supply We follow the standard approach in the urban literature of assuming that floor space
is supplied by a competitive construction sector that uses land K and capital M as inputs. In particular, we

assume that floor space (H;) is produced using geographical land (K;) and building capital (M;) according to

the following constant return scale technology:
Hy=M'K/™  0<p<l. (B.30)

Using cost minimization and zero profits, this Cobb-Douglas construction technology implies that payments

for building capital are a constant share of overall payments for the use of floor space:
pQiH; = PM;, (B.31)

where P is the common user cost of building capital. Using the construction technology (B.30) to substitute
for building captial (M;) in equation (B.31) linking payments for floor space and building capital, we obtain a

constant elasticity supply function for floor space as in Saiz (2010), with the inverse supply function given by:

Qi = le% (B.32)

“We assume for simplicity that production externalities depend solely on a location’s own employment density, although it is
straightforward to allow for spillovers of these production externalities across locations.

3 As for production externalities above, we assume that residential externalities depend solely on a location’s own residents density,
but it is straightforward to allow for spillovers of these residential externalities across locations.
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p—1
where ¢); = PK, " /u depends solely on geographical land area (K;) and parameters.

Furthermore, the cost minimization and zero profit condition also implies that:

1 5\
Qi = g) <1CEZM> (B.33)

where Q; is the price of land per unit area.

Given this specification of agglomeration forces and endogenous floor space, the determination of general
equilibrium remains the same as above with exogenous location characteristics above, except that productivity
(A,,), amenities (B,,) and the supply of floor space (H,,) are now endogenously determined by equations (B.28),
(B.29) and (B.32).
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C Model Extensions

In this section of the online appendix, we discuss a number of different extensions of our theoretical mode. In
Section C.1, we generalize the model to incorporate different frequencies of trips across the non-traded sectors,
and show that the resulting model is isomorphic to our baseline specification up to the interpretation of the
parameter r; that captures the response of commuting costs to travel times. In Section C.2, we show that
our specification of the supply-side of the model with competitive markets and external economies of scale
(through agglomeration forces in production) is isomorphic to a model of monopolistic competition under free

entry.

C.1 Incorporating Frequency of Consumption Trips

In Section 4 of the paper, we capture the relative importance of each non-traded sector using its expenditure
share, assuming for simplicity that users make one trip for each type of non-traded service. More generally,
the frequency of trips can also differ across the non-traded sectors, as shown in Figure 1 in the paper. In this
section of the online appendix, we explicitly incorporate this additional type of heterogenegity and show that
the model is isomorphic up to a reinterpretation of the parameters ;. Therefore, all of our counterfactual
results are unaffected by this extension of the model except for the interpretation of the estimated & .
Similarly to equation (2) in our main paper, we assume that the iceberg travel cost for each combination of

residence n, workplace ¢, consumption location j(k), and route 7 (k) (dnigjkyrr)y) as follows:

dnigiyrmy = oxp(—6" 70 ) T exp(=rimis00m0)- (C.1)
keKS
In this expression, the first term before the product sign captures the cost of commuting from residence n to
workplace i without any detour to consume non-traded services, which depends on travel time (") and the
commuting cost parameter (k"), where overall commuting travel time is the sum of the travel time incurred in
each direction:

w _
Tni = Tni + Tin-

The second term in equation (C.1) captures the additional travel costs involved in consuming each type of
non-traded service & in location j(k) by the route (k). Unlike in our main text, here we assume that workers
have to visit the location of consumption ¢ times to meet their needs, where d; is an exogenous parameter
depending on the model. J; can be less than one, in which case workers do not have to make a trip every day,
while d; can be greater than one, in which case workers have to visit the location multiple times. J, intuitively
captures the relative frequency of travel for different sectors as documented in Figure 1. For example, relatively
frequent trips are required for grocery shopping, while less frequent trips are required for visiting banks. Ac-

commodating the differences of the total travel time driven by these frequencies of trips, the additional travel
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time for each route taken is given by:

Toitys = Ok (Tnj + Tin)

ﬁgz] oww = Ok (Tij + 7ji)
7'52] = 0k (Tnj + Tji — Tni)
T;?U WWH = = 0k (Tij + Tjn — Tin) -

Here, 4, enters multiplicatively with consumption travel cost 7 in equation (C.1). Therefore, this spec-
ification of the travel cost is isomorphic to our main specification by replacing »; in our main paper with
K3 O

It is important to note that this specification does not affect any of our counterfactual simulation results.
When undertaking counterfactual simulations, we only need the composite elasticity of travel time (¢ (=

S ﬁf / a,f)), which we estimate following the procedure in Section 5.1. With this extension, we estimate the
same values of ¢7, except that the interpretation of these parameters is different (¢3 = 05 k3 0x /). Intuitively,
given the observed spatial decay patterns ¢, less frequency of making trips for nontradable sector k (a smaller
;) implies that travel cost for this sector & is higher (mf ), but whether gbf is driven by /{E or d; do not matter
for our counterfactual simulations. For this reason, our counterfactual simulation results are unaffected by this

extension of our model.

C.2 Monopolistic Competition and Firm Entry

The model in our main paper assumes that firms are perfectly competitive in each location, and there are
agglomeration spillovers for production. In this appendix, we instead assume that firms are monopolistically
competitive, and firms enter in each location following the free-entry condition. We show that this alternative
model leads to a similar expressions for the equilibrium conditions with a slight modification of the functional
form of the agglomeration spillovers.

In this alternative model, we assume that there are potential entrepreneurs who consider setting up a store
in each location in sector k. Below we discuss the case of nontradable sector & € K*°, but the discussion
is isomprphic to the tradable sector k& € K/K?®. Each entrepreneur has access to a distinct variety of goods
and services. Entering in each location i requires a fixed cost payment [ % in the unit of the Cobb-Douglas
composite of labor and floor space with the labor share of 3°, such that an entry requires a lump-sum pay-
ment of fzskw & Ql 7" After the entry, she produces her good or service using the Cobb-Douglas production
technology with labor and input. Therefore, the marginal cost is given by

Cég(k) = 1 Z’B : - ﬁs

We assume that consumers have a constant elasticity of substitution (CES) utility over these differentiated

varieties with elasticity of substitution ¢. Firms are monopolistically competitive, and hence charge the prices

with a constant markup:

s o 1 B85 ~1-5
Pigry = lawi,k i
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The measure of firms M;? k) is determined by the free entry condition. Under this condition, firm profit after

entry is exactly offset by the fixed cost payment. Since firms earn 1/o fraction of the revenue as profit, the free

~ B _gs
S BT 1 BT . L H’i,k ! ﬁ
k)fz kw - pz(k BS 1 — 55

~ B _
o Wi kL s QiHip\' p
S o—1\ pS 1— 5 '

where f}i,k and H, ;, is the aggregate efficient unit of labor input and commercial floor space in location ¢ and

entry condition is given by

sector k. By reformulating this equation, we have

~ B _
e Lo (L) (CHe N
i(k) fZSk c—1\ B 1-p35 :

Using the standard property of the CES utility function, the price index of the composite of goods offered

in location in ¢ in sector k is given by

1

Pfk) = pf(k) (Mi(k))E

~ ,BS 1_55
o 1 g5 14| 1 o0 Liy Hi .
= w:. . —_—
o—lag "7 fzsk c—1\ p% 1-—p%

1 s s
= —uw/, Q" (C2)
A

where /IM is defined by

~ . = \o-1 1-85
Aig =g (Lan) ™ (i) 77 (€3)

o B°

the parameters of the model.

g 155 71 .
where ;) = <1 {ﬁ (L> (ﬁ) } ( f}gk) ' a; . Note that a; , is exogenously determined by

. . . o S _1-8S
Therefore, we have shown that the price index is a function of the cost of composite inputs (wf K Qi %,

location fundamentals (a; x), and additional terms corresponding to the benefit of the love of variety in con-
B85 s
. =4 o— i . . . . . . . .
sumption (<Li,k> ' (H, ) =1). Note that this expression of the price index is isomorphic to the model with
perfect competition (equation 20), as long as we assume that external agglomeration spillover takes the form
w
n
of equation C.3 (unlike in equation 25 of our main paper, where we assume A, , = a; ; (é—) ).
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D Additional Estimation Results and Model Validation

This section of the appendix provides additional estimation results and model validation, supplementing the
results reported in Section 5 of our main paper. In Section D.1, we summarize the calibrated and estimated
parameters of the model. In Section D.2, we present a number of overidentification checks on the model’s
predictions using separate data not used its calibration, including data on residential income and prices. In
Section D.3, we provide additional evidence on the fit of our extended gravity equations for consumption and
commuting trips, supplementing the results reported in Section 5.1 of the paper.

In Section D.4, we demonstrate that we find a similar pattern of results whether we construct consumption
access and travel access using destination or origin fixed effects, consistent with the predictions of our the-
oretical model. In Section D.5, we compare the estimates of our baseline theoretical model from the paper,
which allows for endogenous route choice and trip chains, with those of an alternative specification in which

all consumption trips are (falsely) assumed to originate from home.

D.1 Parameter Values
In Table D.1.1, we summarize the calibrated and estimated parameters of the model.

Table D.1.1: Calibrated and Estimated Structural Parameters

Parameter Description Value
ov dispersion of Fréchet shocks for workplace 6
68 dispersion of Fréchet shocks for residence 6
07 dispersion of Fréchet shocks for consumption 6
ay expenditure share for nontradable sector
GJKL finance realestate communication professional 0.25
I wholesale retail 0.31
M accomodations eating drinking 0.01
P medical welfare healthcare 0.03
Q other services 0.05
aff expenditure share for residential floor space 0.25
ot expenditure share for tradable sector 0.09
W(=0"k")  elasticity of commuting cost with travel time 0.62

#7(=07K3 /o) elasticity of consumtpion travel cost with travel time
GJKL finance realestate communication professional 1.15

I wholesale retail 1.12

M accomodations eating drinking 1.09

P medical welfare healthcare 1.19

Q other services 1.08
B° labor share in production for nontradable sector 0.8
BT labor share in production for tradable sector 0.8
" elasticity of production spillover [0, 0.08]
n¥ elasticity of residential amenity spillover [0, 0.15]
I share of capital for floor space production 0.75

Note: The table presents the set of calibrated and estimated parameters following the procedure discussed in the text of Section 5.1
in the paper.
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D.2 Overidentification Test for Model Validation

In this subsection of the appendix, we provide additional model validation by comparing our model’s predic-
tions with separate data. In particular, we validate our model’s prediction about residential income and the price
index in each location, using separate data that we do not use for estimation (see Section 2.2 of our main paper
for these other data sources.) Because we do not use these separate data in our model estimation procedure,

these comparisons serve as an overidentification test for our model.

D.2.1 Residential Income

We first compare our model’s prediction of residential income. Our model predicts that the aggregate residential

income for workers in home location n is given by equations (B.17) and (19):

EModel Z )\z|n Z /\z|nS (Dl)

1EN 1EN

where A, is our estimate of travel access, and S,,; is our estimate of consumption access under the parameter
values of 9"V = 6 and #? = 6 for all nontradable sector k. We compare this model-predicted residential income
with separate data of municipality income from tax-base information, E2!,

Table D.2.1 presents the results of a linear regression of the log of income from the tax-base information
on the log of model-predicted income. Our model is necessarily an abstraction and does not capture all of
the idiosyncratic factors that can affect residential income in individual locations. For example, the tax base
data includes non-labor income, whereas our model focuses on labor income. Nevertheless, we estimate a
slope coefficient that is close to one and is not statistically significantly different from one: coefficient 0.987
(standard error 0.135). We find a regression R-squared of 0.213, which is in line with the values typically found
in univariate regressions using cross-section micro data, and is consistent with the many idsiosycratic factors
that affect residential income in individual locations.

This validation in particular supports our choice of the Fréchet dispersion parameter, particularly for 6"
From equation (16), one can see that 6" is directly related to the variation in travel access (A,,), which affects
residential income. Therefore, the choice of /" = 6 is not only consistent with the estimates from previous lit-
erature (Ahlfeldt, Redding, Sturm, and Wolf 2015, Heblich, Redding, and Sturm 2020, Kreindler and Miyauchi

2019), but also consistent with external data on residential income for the Tokyo metropolitan area.

D.2.2 Price Index

In our last model validation exercise, we validate our model’s prediction of price indices in each location. We
construct model-predicted price index from our estimated destination fixed effects of our consumption gravity
equations. We compare this model-predicted price index with the analogous objects constructed from external
data. Because we do not directly observe price indices of each municipality, we construct the price index
consistent with the constant elasticity of substitution (CES) utility function in each location, following our
extended model with monopolistic competition and firm entry (Section C.2). While these auxiliary assumptions
can potentially add substantial measurement errors for our price indices, we find that our model prediction of

price index is closely aligned with the price index that we observe in the data.
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Table D.2.1: Model Validation of Price Index

log income (data)

log income (model) 0.987**
(0.135)

Observations 198

R2 0.213

Note: Results of the linear regression of the logarithm of the residential income from tax-base data on the logarithm of model-
predicted residential income. Observations are weighted by the residential population. Heteroskedasticity robust standard errors in

parentheses.

For the purpose of this validation, we construct our model-predicted proxy for the price index using the
destination fixed effects of our consumption location choice estimation. More specifically, the destination fixed
effects of consumption location choice is given by equation (32) in our main paper, reproduced here:

,95
=T (Piwy) (D.2)

J J

where P]S( 5 is the price index, and TJS( k) is the parameter that shifts the attractiveness of each consumption loca-

tion other than from the factors related to price index P]S(k) To recover the price index from equation (D.2), we

impose an auxiliary assumption that T]S(k) is uncorrelated with price index Pfé k) such that Var(TjSE k) P]S( k)) = 0.

Under this assumption, we construct an mean-unbiased proxy for our model price index as

1 1
S,Model __ S . S S oS | S 05
P =E[Piy] =E [Tjw) (&) " } = (&w) ™ (D.3)
where the last transformation used our auxiliary assumption of Var(TfEk), stgk)) = 0 and the normalization
that E[T}*"E p) = 1. We assume 07 = 6 consistent with our main calibration (Table D.1.1).

We compare this model-predicted price index with the analogous object constructed from external data.
Because the price index is not observed at the municipality level, we construct our proxy for price index under
the constant elasticity of substitution (CES) demand system. More specifically, under CES demand system, the
price index of location 7 in sector k is given by:

1

S,Data =1
Py = (Mja) 7 piw. (D.4)

J(

where M, is the number of varieties in location j in sector k; p;) is the price of each variety in location
J in sector k; and o is the elasticity of substitution. We proxy M, by the number of establishments in each
location j from economic census data. We proxy pj) from the separate retail survey data that provides the
relative prices for broad categories of products at the level of prefecture level (4 prefectures covering 240
municipalities in Tokyo Metropolitan Area). Lastly, we set o such that o = 5 from the central estimates from

the literature of this parameter in the context of retail products (Broda and Weinstein 2006).
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Table D.2.2 presents the results of the OLS regression of the log of the price index constructed from the

PS’ Data PS ,Model

observed price data ( ) on the log of our model-predicted price proxy ( ). Again our model is
necessarily an abstractlon, but for all nontraded sectors, we find a strong and statlstlcally significant correlation
between our model’s predictions and the price data. Furthermore, across the board, the slope coefficient ranges
from 0.522-1.114, centered around one. As discussed above, the choice of 5 crucially governs the dispersion
of the model-predicted price index (equation (D.2)). Therefore, our choice of 67 = 6 is not only consistent with
estimates from the existing empirical literature (Atkin, Faber, and Gonzalez-Navarro 2018, Couture, Gaubert,

Handbury, and Hurst 2019), but also consistent with external data on price indices for the Tokyo metropolitan

area.
Table D.2.2: Model Validation of Price Index
Dependent Variable: log(Price Index (data))
Finance Wholesale Accomo- Medical Other
realestate retail dations welfare services
communication eating healthcare
professional drinking
(D () 3) 4) (5)
log(Price Index (model)) 1.114* 0.677*** 0.718*** 0.874*** 0.522%**
(0.103) (0.108) (0.108) (0.106) (0.103)
Observations 240 240 240 240 240
R? 0.331 0.142 0.157 0.222 0.098

Note: Results of the linear regression of the logarithm of the price index constructed from external data on the logarithm of model-

predicted price index. Heteroskedasticity robust standard errors in parentheses.

D.3 Fit of Gravity Equations

In this section of the appendix, we discuss the fit of our empirical models of consumption location choice
probability and workplace choice probability (Table 3 and Table 4 of our main paper).

As a specification check, we estimate our workplace and consumption location choice probabilities by
including the dummies of the bins of the travel time instead of the linear term. Namely, for the consumption

location choice probabilities, we estimate:

3 () €XD ( Yo qbk,b [log diw = bD exp (uf;ij(k))

g )
ni,k

(D.5)

S _
Aini =

where b indicates the deciles of the consumption travel cost d k) and the difference from equation (31) is that
we replace ¢ log dm ok With 32, gbhb [log dm i) = b]. Therefore, if our specification of exponential travel

cost is correct, we expect that q?)fb has a linear relationship with b.
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For the workplace choice probabilities, we estimate:

& exp (= 32,0 [7 = b)) (Su)" exp (ul)
z\n— v , (D.6)

9W

where b indicates the decﬂes of the commuting travel time 77, and the difference from equation (35) is that we

Thi s
replace ¢"V' 7V with Zb 1 [7W¥ = b]. Therefore, if our specification of exponential travel cost is accurate,
we expect that ¢b has a linear relationship with b.

Figure D.3.1 plots the estimated coefficients on these bins of travel time with their 95 percent confidence
intervals. We plot the estimated coefficients gzsz and ngXV against the consumption travel cost and commuting
travel time (b in the equations above). The coefficients exhibit an approximately linear relationship with travel
time on the horizontal axis for the commuting choices. For consumption choices, there is some convex pattern,
but the relationship is approximately linear for the first few deciles where most trips are concentrated. This
pattern of results supports our specification of the workplace and consumption location choice, in which travel

time enters exponentially in the iceberg travel cost.

D.4 Robustness of Access Measures by Using Origin Fixed Effects

In Section 5.1 of our main paper, we construct consumption access measure S,; and travel access measure A,
as the distance-weighted sum of the destination effects of the consumption location choice and the commuting
choice, respectively. As we discuss in our main paper, an alternative way of constructing these measures is to
use the origin fixed effects. In this appendix, we show that our access measures are robust to these choices.

In Section 5.1.3 of our main paper, we estimate the consumption location choice probability using the

s 7 —% s
ST ( ma(k)) exp (“m’j(k))
Ay = 5 ) (D.7)

ni,k

following equation:

and the consumption access measures can be constructed by:

63/af 1 ik

An alternative theory-consistent way of estimating the consumption access is to use residence-and-workplace

fixed effects:
07 i — 1 -
S, in = {F (%)] 51
’“ /ey )] Cie)

Similarly, in Section 5.1.4 of our main paper, we estimate the workplace choice probability using the

>
Ea Eo‘a-(a

)
3‘(/)‘?7(/)

(D.9)

following equation:

&V exp (— WTE;/) (Sm-)ew exp (u,‘f{)

iln — CW )
n

PV (D.10)

and the travel access measures can be constructed by:

_1

v —1 o |0
A, :F( ) [Zfe exp (="' 77 ) (Sne) ] : (D.11)

leN
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Figure D.3.1: Estimation Results of Nonparametric Gravity Equations
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An alternative theory-consistent way of estimating the consumption access is to use residence fixed effects:

oW —1 1
A,=T <9—W) Q). (D.12)

In Table D.4.1, we present the results of the OLS regression of the origin fixed effects of commuting gravity
equations (Column 1) and consumption gravity equations (Column 2-6) on the weighted sum of the destination
fixed effects. We find that the regression slopes are essentially one, and the R-squared is also extremely close to
one. Therefore, the two measures are essentially identical. In fact, Fally (2015) show that these two measures
are asymptotically equivalent. Even within a finite sample, we find that this approximation performs closely as

the asymptotic theory predicts.
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Table D.4.1: Robustness to Alternative Definitions of Consumption and Travel Access

Dependent Variable: Origin fixed effects

Commut- Finance Wholesale Accomo- Medical Other
ing realestate retail dations welfare services
communication eating healthcare
professional drinking
@ &) 3 “ (&) )
Weighted sum of destination fixed effects 0.985*** 1.000*** 1.000*** 1.000*** 1.000** 1.000**
(0.004) (0.000) (0.000) (0.000) (0.000) (0.000)
Observations 242 12,322 12,330 12,327 12,310 12,329
R? 0.997 1.000 1.000 1.000 1.000 1.000

Note: OLS regression of the origin fixed effects of commuting gravity equations (Column 1) and consumption gravity equations
(Column 2-6) on the weighted sum of the destination fixed effects. Heteroskedasticity robust standard errors in parentheses.

D.5 Estimation of Commuting and Consumption Location Choice without Trip Chains

In Section 5.1 of our main paper, we estimate our baseline model assuming that visits to consumption location
may happen not only from home but also workplaces or on the way between home to work. In this section, we
show how our estimation results compare if we instead assume that visits to consumption locations originate
solely from home locations.

More specifically, we consider a special case of our model where workers receive an infinitely negative pref-
erence shocks for the consumption route of (r(k) = W), such that Tﬁk) = —ooforr(k)=WW, HW, WH.

In this special case, the expected travel cost for consumption trips (equation 8 of our main paper) simplifies to

1
diij(k) = Enij() [Onigoriny(@)] = 0% [T ] % eXP(_ﬁgTi'j(k)HH) (D.13)

0F—1
where 9F =T ( o

consumption location j from home location n. Therefore, our estimating equation for consumption location

) and I'(-) is the Gamma function, and 7> J(oHH = Tnj T Tjn s the travel time for visiting

choice (equation 31 in our main paper) simplifies to:

Ssk eXp <_¢£Tri' k HH) exXp (ui@ k >
)‘f(k)\m' _ 3 (k) J(S) 3 (k) ‘ (D.14)

ni,k

Therefore, the relevant consumption travel cost is simply a function of the bilateral travel time from home to
consumption location. Furthermore, because the travel time for consumption trips 7'52- iHH = Tnj + Tin does
not depend on workplace ¢, the consumption location choice /\f( k) ni does not depend on workplace i. Therefore,
we can estimate the consumption location choice at the bilateral pair of home and consumption locations.
Furthermore, because the consumption location choice is independent of work location, the consumption
access S,,; does not depend on workplace i. Therefore, this terms is now irrelevant for the commuting choice,

and the commuting choice (equation 35 of our main paper) comes down to

W exp (—gW 7V w
A &V exp ( CVT;Z)eXp (i) D.15)
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where the difference from equation (35) is again the omission of the consumption access term (Sm)ew

Table D.5.1 presents our estimation results of consumption location choice when we assume that all con-
sumption trips originate from home (Tf?k) = —oo forr(k) = WW, HW, W H). This table corresponds to Table
3 of our main paper where we allow for trip chains for consumption trips. Because we can now estimate these
equations at the bilateral location pairs of home location and consumption location (because work location is
irrelevant to this choice), we report the results of the estimation at the unit of the bilateral location pairs of home
location and consumption location in Panel (A), and the results of the estimation where we define the unit of the
observations at the triplets of home, work and consumption locations in Panel (B). (The estimated coefficients
are similar between the two panels, despite the large differences in sample size). We find that the travel time
coefficient for consumption trips somewhat smaller in magnitude when we restrict consumption trips are only
generated from home (ranging from -0.8 to -0.6, instead of -1.2 to -1.0 in Table 3). This is suggestive of the
measurement error of travel time by assuming all trips originate from home location. Furthermore, we find a
better model fit with the consumption gravity equation with route choice than this alternative specification, as
evident from the smaller Akaike Information Criteria (AIC) or the Bayesian Information Criteria (BIC). This
is the expected pattern of estimates if in reality consumption trips can originate from either work or home.
Workers may frequently consume non-traded services that are close to work but far from home, precisely be-
cause they can easily access these non-traded services from work. In the model that falsely assumes that all
consumption trips originate from home, the way the model tries to rationalize these consumption trips far from
home is with artificially low semi-elasticities with respect to travel time.

Table D.5.2 presents our estimation results of commuting choices when we assume that all consumption
trips originate from home (Tffk) = —oo for r(k) = WW, HW, W H). This table corresponds to Table 4 of our
main paper where we allow for trip chains for consumption trips. We find that the travel time coefficient for
commuting trips somewhat larger when we restrict that all consumption trips are generated from home (-0.649
instead of -0.617 in Table 4). Furthermore, we find a better model fit with the consumption gravity equation
with route choice than this alternative specification, as evident from the smaller Akaike Information Criteria
(AIC) or the Bayesian Information Criteria (BIC). This pattern of results is consistent with the idea that workers
willingness to commute longer bilateral distance may reflect not only higher wages or other characteristics of
their workplace itself but also the greater access to consumption possibilities that this workplace provides.
As for other large metropolitan areas such as London and New York, the downtown area of Tokyo to which
workers commute long distances on average provide dense access to bars, restaurants and other non-traded
consumption services.

Lastly, we conduct the same decomposition exercise of the observed concentration of the attractiveness of
the summary measure of the relative attractiveness of locations for residence. We follow the same procedure in

Section 5.2 and present our regression-based decomposition with the following equations:
A\1/07 o
InA, =cA +ciln (( M e ) ul, (D.16)
lan:cquchln(( )1/9 Qn >+uft

Table D.5.3 presents our results. Panel (A) presents the results of the regressions (41) from our baseline

model, and Panel (B) presents the same regression results from our special case of omitting consumption trips
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Table D.5.1: Estimation of Consumption Location Choice without Trip Chains

(A) Estimate at the pair of home and consumption location

Dependent Variable: Consumption Location Choice Probability

Finance Wholesale Accomoda- Medical Other

realestate retail tions welfare services
communication eating healthcare
professional drinking

Model: (@) 2 A3) (@) &)
Variables
Consumption Travel Time (Hours) -0.758*** -0.697*** -0.693*** -0.780*** -0.656***

(0.040) (0.038) (0.039) (0.041) (0.037)
Fixed-effects
Home Location Yes Yes Yes Yes Yes
Consumption Location Yes Yes Yes Yes Yes
Fit statistics
AIC 1,374.5 1,805.7 1,409.3 1,412.7 1,527.3
BIC 5,719.8 6,151.0 5,754.6 5,758.0 5,872.6
Observations 58,564 58,564 58,564 58,564 58,564

(B) Estimate at the triplets of home, work and consumption location

Dependent Variable: Consumption Location Choice Probability

Finance Wholesale Accomoda- Medical Other

realestate retail tions welfare services
communication eating healthcare
professional drinking

Model: ) (2) 3) “ (&)
Variables
Consumption Travel Time (Hours) -0.690*** -0.699*** -0.698*** -0.737*** -0.665***

(0.026) (0.023) (0.025) (0.024) (0.022)
Fixed-effects
Home and Work Location Yes Yes Yes Yes Yes
Consumption Location Yes Yes Yes Yes Yes
Fit statistics
AIC 140,263.4 141,209.4 141,197.0 139,977.4 142,431.2
BIC 302,440.5 303,498.0 303,443.7 301,987.4 304,705.8
Observations 2,981,924 2,983,860 2,983,134 2,979,020 2,983,618

Note: A version of Table 3 of our main paper where we assume that all consumption trips originate from home (Tf?k) = —oo for

r(k) = WW, HW, W H). Results of the estimation of regression (D.14) by the Poisson Pseudo Maximum Likelihood (PPML)
estimator. In Panel (A), we estimate the model with the observations at all bilateral pairs of municipalities in the Tokyo metropolitan
area (residence n and consumption location j(k)). In Panel (B), we estimate the model with the triplets of municipalities in the Tokyo

metropolitan area (residence n, workplace 7, and consumption location j(k)). See the footnote of Table 3 for other comments.

(af =0forall k € K% o' =1—a', X, = 0andS,; = 1). Compared to the results which incorporate
the possibility of trip chains, we find a greater coefficients for both panels compared to the case which include
trip chains (0.56 and 0.35, respectively; Table 5). This difference primarily arise from the difference of the
estimate of the travel cost elasticity (¢"). As discussed above, ¢" is overestimated by omitting trip chains
(Table D.5.2). A greater ¢" tend to give a greater variation of travel access A,,. Despite this difference,

our main conclusion stays the same: As evident from the comparison between Panel (A) and (B), omitting the
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Table D.5.2: Estimation of Commuting Choice on Residence without Trip Chains

Dependent Variable: Commuting Choice Probability
Model: (1)
Variables
Commuting Time (Hours) -0.649***
(0.034)
Fixed-effects
Home Location Yes
dest_cityid Yes
Fit statistics
AIC 3,097.1
BIC 7,442 .4
Observations 58,564
Note: A version of Table D.15 of our main paper where we assume that all consumption trips originate from home (Tr]fk) = —00

for (k) = WW, HW, W H). Results of the estimation of regression (D.15) by the Poisson Pseudo Maximum Likelihood (PPML)
estimator. Observations are all bilateral pairs of municipalities in the Tokyo metropolitan area (residence n and work location ¢). See

the footnote of Table 4 for other comments.

consumption trips tend to underestimate the contribution of travel access (A,,) and overestimate the contribution

of B,, for the revealed attractiveness of residential location.®

®Panel (B) of Table D.5.3 also corresponds to the exercise where we omit consumption trips and construct A™°°°"$ using the
w
estimates the commuting gravity equations by omitting consumption access terms log (Snz)e , as opposed to Panel (B) of Table 5

w
of our main paper where we construct A7°“°"® using the estimates of gravity equations including the term of log (Sng)e
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Table D.5.3: Variance Decomposition of the Relative Attractiveness of Locations without Trip Chains

log A, logB,
(1 (2)
Panel A: Baseline Model

log Q2" (A\F)

V%0845 0.155%

(0.067) (0.067)

Observations 201 201
R? 0.441 0.026

Panel B: No Consumption Trips

log Q2" (AF)

1/ 0.479**  0.521™

(0.038) (0.038)

Observations 201 201
R? 0.450 0.491
Note: A version of Table 5 of our main paper where we assume that all consumption trips originate from home (Tﬁk) = —oo for

r(k) = WW, HW,W H). Panel (A): Ordinary least squares (OLS) estimates of the regression-based variance decomposition in
equation (41) when we commute travel access A,, with consumption trips; Panel (B) presents the results when we omit consumption
access to construct A, (oz,f =0forallk € K% o =1—-a¥, )‘gs(kﬂm = 0 and S,; = 1). Note that Panel (B) is equivalent
to a version of Panel (B) of Table 5 using the estimates of ¢" and ¢}V from a conventional commuting gravity equation excluding
consumption access. Observations are municipalities in the Tokyo metropolitan area. Heteroskedasticity robust standard errors in
parentheses.
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E Details of Calibration and Simulation Procedure

This section of the online appendix explains further details of the counterfactual simulation procedure of Sec-
tion 6 of the paper. In Section E.1, we report the derivation of the system of equations that we use to solve
for a counterfactual equilibrium. In Section E.2, we provide further details on the calibration of the baseline
variables in the initial equilibrium that are used in this system of equations to solve for a counterfactual equi-
librium. In Section F, we present additional empirical results for our counterfactuals for changes in travel costs
in the Tokyo Metropolitan Area. In Section G, we report further empirical results for our counterfactuals for

the opening of the Tozai subway line in the city of Sendai, as discussed in Section 6 of the paper.

E.1 Mathematical Details for the System of Equations for Counterfactual Simulation

In this section of the online appendix, we derive the system of equations that we use to solve for a counterfactual
equilibrium. In our baseline specification, we consider the closed-city specification of the model, in which
total population for the city as a whole (L) is exogenous, and hence the change in travel costs affects worker
welfare. We denote the value of a variable in the initial equilibrium by z, the value of this variable in the
counterfactual equilibrium by 2’ (with a prime), the relative change in this variable by & = 2’ /x (with a hat).
Given values for the model parameters (@, o, {ag}, {65}, 0", 68, sV, &5, 0P, 0", 55, BT, 1), assumed
bilateral changes in travel cost {dm, nij( k)} and observed values for the endogenous variables in the initial
equilibrium ({)\gﬂn, )\f( Blnis An BY {Hjk, Hyv}, {Eni}), we solve for the counterfactual equilibrium by solving

the following system of equations for the general equilibrium of the model.

(i) Changes in Commuting and consumption probabilities From equations (10) and (14), the counterfac-
tual changes in conditional commuting probabilities (5\2;‘”) and conditional consumption probabilities (S‘fkln)
satisfy:
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Using equations (10), (12), (14) and (16), the corresponding changes in travel access (An) and consumption

A . . . < w . N S .
access (S,) can be written in terms of own commuting shares ()\nT‘n) and own consumption shares (/\n( k)|ni)'

1
1 W NCA / oW | oW
A = ZzeN ZmeK szwz?m (dm) (Sne)
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1
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(ii) Changes in residential location decision From equations (20) and (17), the counterfactual changes in

residential probabilities (5\5 ) satisfy:

B /eB /eB il —aTGB ’_ H@B B eB QB T 7O£TQB _ HQB
S\B_Tan An (Pn) Qna ZEGNTZ B£ AZ (PZ) Qéa
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= L (E.5)
> een AP QT BEEAY

(iii) Changes in commercial and residential floor space demand The changes in commercial floor space

in each sector (ﬁi,g) are given by:

~

g = —=—2, (E.6)
Qi

where the change in labor input adjusted for effective units of labor (f/i,g) can be derived from equation (B.6)

as:
Liy= Lnew g (E.7)
wiy ZNEN Eni)\ig‘nAn

The changes in residential floor space (Hi,U) satisfy:

A A

. E\B
Hiyy = ——, (E.8)
Qi
where the counterfactual residential income E; is given by equation (19):
E, =) B\, (E.9)

1€EN
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and the changes of commuting-pair specific income E,; is derived from equation (B.17):

Ei= (E.10)

(iv) Changes in the price of floor space From equation (28), the change in the price of floor space (Qi) and

the overall quantity of floor space (H;) are related as follows:

~ N lzp
Qi=H", (E.11)

where the change in this overall quantity of floor space (H)) is a weighted average of the changes in the

quantities of commercial floor space in each sector (f]i ) and the quantity of residential floor space (ﬁw):

2 HZ Hl ’LHl
) p— Ut Lnere HigeHi (E.12)

U+Zk6K i,k

(v) Changes in endogenous productivities and amenities From equations (25) and (26), the changes in

endogenous productivities (AM) and amenities (B,,) as a result of agglomeration forces satisfy:
A =L7", (E.13)

(E.14)

(vi) Changes in nontraded goods prices From equation (22), the changes in non-traded goods prices (P ik)

satisfy:
~ 1 an N E;LZ)\ (k m)\erIz/)\nB
pS = — < U LIRS (E.15)

~ w
A kLﬁSHl Bs Zn JAEN ”1)\](143 \nz>\z|n/\ﬂ

(viii) Changes in Wages From the zero-profit condition (20), the changes in wages in each sector and location

with positive production (w; ;) are given by:

~ ~ S

N Ai,kpf?k) v

Wik = | 2155 . (E.16)
Q

i
We solve this system of equations, starting with an initial guess of the relative change in each endogenous
variable (£ = 1), and updating this initial guess until the solution to this system converges to equilibrium.

Using the resultlng counterfactual changes in the endogenous variables of the model NP A, S, )\B

ig|ln® 7Vj(k)|ni?

HZ 90 HLU, Li,g, Qi, Ai,k, Bn, P(,C), w; 1), together with equation (18), we can compute the implied change in

(2

expected utility (IE[\U]) induced by the change in travel costs as follows:

1
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where we have used our choice of numeraire (P} = 1 forall £ € N).

E.2 Calibration of Baseline Variables

In this section, we discuss the calibration of the initial equilibrium variables used in the system of equations
from the previous section to solve for a counterfactual equilibrium. In general, the system of equations for a
counterfactual equilibrium can be solved using either the observed initial travel shares or using the initial travel
shares predicted by the estimated model. In our baseline specification, we use this covariate-based approach
to address concerns about granularity. In later sections of this online appendix, we report robustness tests, in
which we use the observed initial travel shares following the conventional exact-hat algebra approach. In our
empirical application, we find a relatively similar pattern of results using both approaches.

In addition to the parameters as presented in Table D.1.1, we use a set of baseline variables ({\!"] /\f( k)

igln’

{Lix}» {Hjx, Hop}» { Eni}) and the changes of travel cost {d"” ciil i(k)} for this counterfactual simulation. Be-

ng

[ng?

low, we discuss how we construct these baseline variables using our smartphone data and separate data sources
(see Section 2.2 of our main paper for these other data sources).

Spatial Units. We first need to take a stand on the spatial units at which we conduct counterfactual simula-
tions. In the counterfactual of reducing travel cost in Tokyo Metropolitan Area (Section F), the spatial unit is
specified as 242 municipalities, which together form the Tokyo Metropolitan Area. In the counterfactual of the
subway opening in Sendai City (Section 6), the spatial unit is specified as 370 Oazas, which together form the
municipality of Sendai City.

w
igln

Calibration of commuting probability {\” }. We construct )\?g/‘n using our smartphone data and separate

economic census data. From our smartphone data and its assignment of “home” and “work™ locations for each

W

in At specified bilateral spatial units. Our model assumes that

device, we define the bilateral commuting flows A,

the probability that each worker works in a certain industry ()\}/Vgﬂn /> kek )\f"mn) is independent of the worker’s
residential location n. Therefore, we use the separate economic census data to construct the employment share

of each sector (L; ,/ > wer Lik), and define the commuting probability for each bilateral location and sector
by )\?gfm = )\mn X Lig/ > ke Lik-

In measuring the commuting shares in the initial equilibrium, one potential concern is granularity (the
difference between realized and expected values because of a small integer number of commuters on some
bilateral routes). In particular, Dingel and Tintelnot (2020) show that counterfactuals using the observed ini-
tial commuting shares can be potentially biased, because of the model overfitting from using the observed
commuting flows to calibrate the model. Instead, they recommend “covariate-based approach,” in which one
calibrates the commuting flows by the predicted flows using covariates such as travel time. Following their
recommendations, we use the predicted commuting flows from our commuting choice probability estimation
(equation (35)) to construct the initial commuting shares in the baseline specification for our counterfactuals.
As a robustness test, we also report the results of counterfactuals based on the conventional exact-hat algebra

approach using the observed initial commuting shares.
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Calibration of consumption probability {)\f(k) }. We construct )‘f(k)lm‘ using our smartphone data and

ni
separate economic census data. Using our smartphone data, we assign “Other” stays to each nontradable service
sector as discussed in Section 3 of our main paper. Using this assignment, we define the travel for consumption
trips for each location and sector given residential and work locations. In our baseline specification, we again
follow the ‘covariate-based approach,” in which we use the predicted consumption flows from our consumption
choice probability estimation (equation (31) to construct the initial travel shares in the baseline specification for
our counterfactuals. As a robustness test, we also report the results of counterfactuals based on the conventional

exact-hat algebra approach using the observed initial travel shares.

Calibration of residential share {\?}. We construct A? from our smartphone data using the devices’

“Home” locations.

Calibration of floor space {H;, H,}. We construct {H,, H, s/} using our building use data and eco-
nomic census data. From the building data, we construct the floor space in each location separately for resi-
dential purposes (H,, ;) and commercial purposes (> wex Hijx). We allocate commercial floor space into each

sector k proportionally to the employment share of the sector in each locations using economic census data.

Calibration of income {E,;}. We construct { £,,;} using equation (B.17) such that £,,; = A,,/S,,;, where A,
and S,,; are estimated following the procedures in Section 5.1 of our main paper.

dV dS

ni) 'nij

Calibration of changes in travel cost { )+ We construct the travel cost change {dV cfi] ()} from
the specified parameter changes of x" and k7 (for the counterfactual in Tokyo Metropolitan Area in Section
F) and the travel time change (for the counterfactual in Sendai City in Section 6). We construct {d"} from
equation (14) such that

dV = exp(—s" ATY) (E.18)

where A indicates the difference operation. We construct {ci;fz j(k)} from our definition of dY; in equation (30)

such that

Q
=0

>
3

diij(k) =07 Z fﬁ(k) eXP(—éﬁgATfij(k)w(k)) : (E.19)
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F Counterfactual Simulations for Tokyo Metropolitan Area

In this section of the appendix, we report counterfactuals examining the role of travel costs within the Tokyo
Metropolitan Area. We undertake counterfactuals for changes in travel costs for commuting and consump-
tion, both separately and jointly, and examine their relative importance in shaping the spatial concentration
of economic activity. In a first exercise, we halve travel costs for commuting trips ("' = 0.5 - 5""), main-
tain travel costs for consumption trips equal to their estimated value (k7 = ¢« /07 > 0), and solve for the
counterfactual equilibrium distribution of economic activity. In a second exercise, we halve travel costs for
consumption trips (Fd,f, = 0.5 - k7)), maintain travel costs for commuting trips equal to their estimated value
(k" = ¢ /0" > 0), and solve for the counterfactual equilibrium. Finally, in a third exercise, we halve travel
costs for both commuting and consumption trips ("' = 0.5 - &' and k7 = 0.5 - x7), and solve for the
counterfactual equilibrium. In our baseline specification, we use the parameter values from Table D.1.1 of this
online appendix, with the agglomeration parameters given by n” = 0.08 and """ = 0.15. In robustness tests,

we examine the sensitivity of the results to alternative values for these agglomeration parameters.

F.1 Counterfactual Results

In Figure F.1.1, we display the results of these three counterfactuals. In Panel (A), we show counterfactual
employment by residence against observed employment by residence (both variables are normalized to have
a mean of zero in logs). In Panel (B), we show the corresponding figure for employment by workplace. To
provide a point of comparison, we begin by displaying the 45 degree line (labeled “Baseline”). On top of this,
we overlay the linear fit and its confidence interval for the same outcomes under our three counterfactuals. If
employment is unaffected by the change in travel costs, the counterfactual plot coincides with the 45-degree
line. If the regression slope is flatter than 45 degree line, counterfactual employment is more decentralized than
actual employment, because employment decreases in locations with higher actual employment, and increases
in locations with lower actual employment.

We first discuss how the three counterfactuals change the spatial distribution of employment by residence
(Panel A). We start with our first counterfactual of halving the travel cost for consumption trips. We find that
the regression slope is shallower than 45 degree line (a coefficient is 0.77 instead of one), such that the spatial
inequality of the residential population decreases by about 23 percent (= 1 — 0.77). This result is intuitive. In
the initial equilibrium in the data, employment in non-traded services is spatially concentrated, and workers
trade off the lower prices of floor space in outlying locations against the higher costs of travelling to consume
non-traded services. When we halve the travel cost parameter for consumption trips in the counterfactual, we
reduce this difference in consumption travel costs between central and outlying locations, which increases the
relative attractiveness of outlying locations.

In our second counterfactual, we halve travel costs for commuting trips (labelled “reduce travel costs for
commuting trips”). We again find that the regression slope is significantly flatter than 45 degree line (a co-
efficient of 0.39), such that the observed spatial inequality of the residential population decreases by about
61 percent (= 1 — 0.39). The intuition is similar to our first counterfactual. When we halve the travel costs

for commuting trips in the counterfactual, we reduce the difference in commuting costs between central and
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Figure F.1.1: Counterfactuals for Reducing Travel Costs for Commuting and Consumption Trips

(A) Employment by Residence (B) Employment by Workplace
Slope: Slope:
5.0 Reduce travel costs for consumption trips: 0.771 Reduce travel costs for consumption trips: 0.921
Reduce travel costs for commuting trips: 0.396 Reduce travel costs f ting trios: 0.674
Reduce travel costs for commuting and consumption trips: 0.209 2 Gdlice travel costs for commuiting trips: 0.

Reduce travel costs for commuting and consumption trips: 0.783 ,"(, <

25

0.0

Employment by residence (Counterfactual)
Employment by workplace (Counterfactual)

25

-4 2 0 2 25 0.0 25
Employment by residence (Baseline) Employment by workplace (Baseline)
— Baseline — Baseline
-~ Reduce travel costs for consumption trips -- Reduce travel costs for consumption trips
— Reduce travel costs for commuting trips — Reduce travel costs for commuting trips
= Reduce travel costs for commuting and consumption trips = Reduce travel costs for commuting and consumption trips

Note: Panel (A) shows counterfactual employment by residence against observed employment by residence; right panel shows
the analogous plot for employment by workplace; baseline corresponds to the observed distributions for our baseline sample for
April 2019; the three counterfactuals halve travel costs for consumption trips, for commuting trips, and for both consumption and
commuting trips, respectively. All counterfactuals use the parameter values from Table D.1.1, with the agglomeration parameters
given by n” = 0.08 and »"V' = 0.15. In Table F.2.1 in Section F of the online appendix, we report robustness tests using alternative
values for these agglomeration parameters.

outlying locations, which increases the relative attractiveness of outlying locations. Comparing the magnitude
of these first and second counterfactuals, commuting costs are more important than consumption travel costs
for the spatial concentration of residents, but the contribution from consumption travel costs is more than half
that from commuting costs.

In our third counterfactual, we halve travel costs for both commuting and consumption trips (labelled “re-
duce travel costs for commuting and consumption trips”). Here the reductions in travel costs for the two types
of trips reinforce one another, resulting in an even flatter regression slope (a coefficient of 0.20), such that the
spatial inequality of the residential population decreases by about 80 percent (= 1 — 0.20).

We now turn to how the three counterfactuals would change the spatial distribution of employment by
workplace (Panel B). In our first counterfactual of halving the travel cost for consumption trips, the regression
slope of counterfactual employment by workplace is 0.92, such that the spatial inequality of employment by
workplace decreases by 8 percent (= 1 — 0.92). Theoretically, there are two counteracting forces for how the
reduction in consumption travel costs affects the spatial concentration of employment by workplaces. On the
one hand, consumers can now travel more easily to locations that offer lower prices for nontradable services.
This force tends to increase the concentration of employment by workplace. On the other hand, firms in the

outskirts can now expect a higher volume of consumer travel, increasing the relative attractiveness of these
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locations for firms. This force acts to decrease the concentration of employment by workplace. Quantitatively,
we find that the latter force dominates, such that the reduction in consumption travel costs decreases the spatial
concentration of employment by workplace.

In our second counterfactual of halving the travel cost for commuting trips, the regression slope of coun-
terfactual employment by workplace is 0.67, such that the spatial inequality of employment by workplace
decreases by 33 percent (= 1 — 0.67). As in our first counterfactual, there are two counteracting forces for how
the reduction of commuting travel cost affects the spatial concentration of employment by workplace. On the
one hand, workers can now more easily commute to central locations that offer higher wages. This force tends
to increase the spatial concentration of employment by workplace. On the other hand, firms can now expect
more commuters even if they locate in the outskirts. This force tends to decrease the spatial concentration of
employment by workplace. Quantitatively, we find that the latter force dominates, such that the reduction in
commuting travel costs also decreases the spatial concentration of employment by workplace.

In our third counterfactual of halving the travel costs for both commuting and consumption trips, we find
that the regression slope of counterfactual employment by workplace is 0.78, such that the spatial inequality
of employment by workplace decreases by 22 percent (= 1 — 0.78). Interestingly, this reduction is smaller
than our second counterfactual of halving only the commuting cost, which reflects the interaction of the two
counteracting forces from the reduction in consumption and commuting travel costs discussed above.

Overall, the results of these counterfactuals for changes in travel costs provide further evidence that con-
sumption access is quantitatively important for the spatial concentration of economic activity in urban areas

relative to the workplace access that has received much greater emphasis in previous research.

F.2 Robustness

We now examine the sensitivity of our results to alternative values for the residential spillover parameter n” and
the production spillover parameter ""'. Overall, regardless of the choice of n” and n"", we find that a robust
pattern that consumption access is quantitatively important for the spatial concentration of economic activity
in urban areas relative to workplace access.

In our first set of counterfactuals, we provide further evidence on the role of travel costs for commuting
and consumption in shaping the spatial concentration of economic activity, by shutting down each of these
sources of spatial frictions. In a first exercise, we halve travel costs for commuting trips ("' = 0.5 - k"),
maintain travel costs for consumption trips equal to their estimated value in the data (x; > 0), and solve for
the counterfactual equilibrium distribution of economic activity. In a second exercise, we halve travel costs for
consumption trips (k; = 0.5 - £7), maintain travel costs for commuting trips equal to their estimated value in
the data (v > 0), and solve for the counterfactual equilibrium. Finally, in a third exercise, we halve travel
costs for both commuting and consumption trips (""" = 0.5 - " and mf/ = 0.5 - k7), and solve for the
counterfactual equilibrium.

Table F.2.1 presents the results of our three counterfactuals (reduce consumption travel cost, reduce com-
muting travel cost, and reduce both consumption and commuting travel cost). Each entry in the table corre-
sponds to the regression slope of the counterfactual prediction of the employment by residence (Table (i)) and

employment by workplace (Table (ii)) on those variables from actual data. Within each table, Panel A-C cor-
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responds to the counterfactual simulations under different values of % and ", and each of the three columns
indicates our three counterfactuals. If employment is unaffected by the change in travel costs, counterfactual
employment is more decentralized than actual employment, because employment decreases in locations with
higher actual employment, and increases in locations with lower actual employment.

By comparing the panels in Table (i) and (ii), we find that the counterfactual predictions are affected by
the choice of n® and n"V. In particular, when we increase n” from 0 to 0.15, the counterfactual changes of
regression slopes become larger (from Panel A to Panel B). Furthermore, we decrease the value of " from
0.08 to 0, the counterfactual changes become smaller (from Panel B to Panel C). Therefore, we find that both
n® and n" amplify the changes in counterfactuals. Nonetheless, our main conclusions continue to hold under
different choices of n” and n"V: consumption access is quantitatively important for the spatial concentration of

economic activity in urban areas relative to the workplace access (comparing Column 1 to 2).
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Table F.2.1: Counterfactuals for Reducing Travel Costs for Commuting and Consumption Trips

(i) Employment by Residence

Dependent variable: log(R)

Reduce travel

Reduce travel

Reduce travel

costs costs costs
for consumption for commuting for commuting
trips trips and
consumption
trips
) @) 3
Panel A: % = 0,7V = 0.08
log(R) (baseline) 0.943*** 0.807*** 0.778***
(0.013) (0.018) (0.030)
Panel B: n”® = 0.15, " = 0.08
log(R) (baseline) 0.771%* 0.396*** 0.209
(0.069) (0.117) (0.263)
Panel C: % = 0.15,7" =0
log(R) (baseline) 0.795*** 0.481*** 0.235
(0.053) (0.145) (0.289)
Observations 242 242 242

(i1) Employment by Workplace

Dependent variable: log(L)

Reduce travel

Reduce travel

Reduce travel

costs costs costs
for consumption for commuting for commuting
trips trips and
consumption
trips
@ @) 3
Panel A: % = 0,7" = 0.08
log(L) (baseline) 0.976** 0.939* 0.919**
(0.017) (0.021) (0.034)
Panel B: n® = 0.15, n"V = 0.08
log(L) (baseline) 0.921* 0.674* 0.783***
(0.027) (0.029) (0.032)
Panel C: % = 0.15,7" =0
log(L) (baseline) 0.948"* 0.794* 0.855***
(0.016) (0.017) (0.021)
Observations 242 242 242

Note: Each entry in the table corresponds to the regression slope of the counterfactual prediction of the employment by residence
(Table (i)) and employment by workplace (Table (ii)) on those variables from actual data. Within each table, Panel A-C corresponds to
the counterfactual simulations under different values of n and ", and each of the three columns indicates our three counterfactuals.
Figure F.1.1 of our main paper displays the graphical version of the relationships in Panel B (n® = 0.15;7" = 0.08).
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G Additional Results on Sendai Subway Analysis

In this section of the appendix, we present additional results for our analysis of the opening of the new Tozai
(East-West) Subway Line in the city of Sendai as discussed in Section 6 of the paper. In Subsection G.1, we
discuss the extension of our baseline theoretical model to incorporate an endogenous transport mode choice
between the railway and road transportation. In Subsection G.2, we discuss our estimation of travel access in
the city of Sendai, following the same approach as developed in Section 5.1 of the paper.

In Subsection G.3, we report additional difference-in-differences estimates for the impact of the opening
of the new Tozai (East-West) Subway Line in the city of Sendai, as discussed in Section 6 of the paper. In
Subsection G.4, we present the results of our Placebo specification, in which we repeat our empirical analysis
for the already-existing Nanbuko (North-South) Subway Line.

In Subsection G.5, we compare our baseline counterfactual results for the new Tozai (East-West) Subway
Line using the predicted values of the initial equilibrium travel shares from our estimation with the alternative
approach of using the observed initial travel shares. In our empirical application, we find a relatively similar

pattern of results using both approaches.

G.1 Incorporating Transportation Mode Choice

In this subsection, we extend our baseline model (Section 4) to incorporate the mode choice between the railway
and the road transportation. This extension is important for the correct assessment of subway opening, because
the welfare estimates are greatly influenced by the intensity at which residents use railways as opposed to road
traffic. In Section G.1.1, we set up our extended model and show that the extended model remains isomorphic
to our main model by replacing the travel time with mode-adjusted travel time. In Section G.1.2, we estimate

the mode choice and mode-adjusted travel time.

G.1.1 Model Extension to Incorporate Transportation Mode Choice

We introduce the mode choice as an additional choice of transportation made by each worker for each leg of
travel (for each movement from one place to another). These decisions are made after workers decide their
residence, workplace, the set of consumption locations, and the routes (as in our baseline model). After the
worker chooses the set of routes for each consumption location (whether to visit her consumption location from
home, from work, or in between), she observes an idiosyncratic preference shock for each transportation mode

for each leg of her travel, and decides her optimal transportation mode for each leg of travel.

Utility. The indirect utility of the worker is given as follows:

T —aT —af
Unig{j(eyrk)y (W) = {Bnbn (W) (P) " @ } {aig (W) wig}, (G.1)
oS
X { 1T [P/ (g @))] k} {dm‘{jw)r(kz)} @ I] Vr(m(w)}
keKS keKS
O<04T,04H,04,f<1, &T—i-ozH—i-Za;f:l,
keEKS
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The only difference from our main specification (equation 1 in the main paper) is that the travel cost d,,;¢(k)r (k) (w)
now depends on worker w, which reflects the optimal mode choice specific to each individual. Similarly as in
our baseline model, we specify that d,,; ;) k) (w) is decomposed into the component related to commuting

and consumption trips. More specifically, we assume:

dm{j(k)r(k:)} (w) = exp( H eXp Rk nzg(k)r( )( ))7 (G.2)
keKS

where 7V (w) is the travel cost required for commuting from residence n to workplace i without making any
detour, and Tn”(k)r(k) is the travel cost additionally required to visit consumption location j(k) by the route
r(k) by deviating from the commuting path. Again, the only difference from the definition of travel cost from
our baseline model (equation 2) is that 7,/ (w) and 7. i(kyr() (@) now depend on worker w through the optimal
choice of transportation mode.

We proceed by specifying 7V (w). Noting that workers decide the transportation mode for each leg of travel

(separately for traveling from home to work and from work to home), we have:’

TZ;/ (w> = Tni (W, mnl) + Tin ((A), mzn) 5
where 7,,; (w, m,;) is the expected travel cost from n to ¢ using mode m,; € M inclusive of the preference

shock for each mode. Denoting these mode-specific preference shock by v/

'I’Ll m?

We can express 7,; (w,m) as:
Toi (W, M) = dpim + log V%m (w)

where 0, ,, is the travel time from n to ¢ using mode m, and v}/ .m (w) is again the stochastic preference shock
for mode m for the leg of travel from n to :.
Similarly, the consumption trip component of travel time (77 oy ( (w)) in equation (G.2) is given by:

m]

)

w) = Tij (w, mi) + 75 (W, myi)
) = Tnj ((JJ, mnj) + Tji (W7 mji) — Tni (W, mm) )
)

= Tij (w7mij) + Tin (W, M) — Tim (W, Mg

where each component is the the sum of the mode-specific travel time and the preference shock given by
equation (G.1.1).

Similarly as the idiosyncratic shocks for residence choice, workplace choice, consumption location choice
and the route choice, we assume that v/, (w) is drawn from the following independent Fréchet distributions:

GM (v) = exp (—TTJnV[V_eM> , TM >0, 0M > 1,

m

where the scale parameter {7} control the average draws and the shape parameter 6§ regulates the dispersion
of the shock.

"While we assume that workers can use different transportation modes for each direction of travel, it is straightforward to assume
that the same transportation mode is used for both directions.
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Mode choice. After making decisions about the residence, workplace, set of consumption locations, and the
routes (as discussed in the main paper), and after observing the idiosyncratic shocks v/ .m (), each worker
chooses the optimal mode for each leg of travel (e.g., travel from home to work, work to consumption loca-

tions). The optimal choice of the mode for the leg of travel from n to 7 is given by:

My (W) = arg max {8nim + log vM m (w)}-
where d,,; ,, is again the travel time from n to ¢ using mode m. Using the same property of the Fréchet
distributions as used in the main paper (see, for example, Section 4.2 for the route choice), the probability that
workers use mode m for moving from n to i (\Y ) is given by:

m|ni
. TB exp( 6M5n17m>
Y ens T exp(—0M 6 0)

As we assumed above, workers decide their residence, workplace, the set of consumption locations, and

M

(G.3)

the routes (as discussed in the main paper) before observing the realizations of the idiosyncratic shock for each
mode and travel leg (v wi.m (W)). Therefore, workers make these decisions based on the expected travel cost for
each leg of travel.

The expected commuting cost in the indirect utility function (equation G.2) is given by

E [exp( HWTW (w))] =F [exp(—/iWTm (W, My;)) eXp(—HWTm (w, mm))]
= E [exp(—£" Ti (w, mp;))] E [exp(—£" 7, (w, min))] (G4)

M

Vim (W), and the second transformation used the property that

where the expectations are with respect to v,

vM  (w) are independent for each segment of travel (for each movement of one location to another). The first

ni,m

term is transformed as:

E [exp(—/ﬁWTm (w, mm)ﬂ =E {mn%x exp(—k" ((5m m + log M Vi m (w)))}

o
= 9yM (Z B exp( 9M5m,mf)> 7

m'eM

M/, M _ . . . .
where VM =T <%) , and we use the same property of the Fréchet distribution (see, for example, Section

4.2 for the route choice).

Mode-adjusted travel cost. For notational convenience, we define “mode-adjusted travel time” 7,,; such that:

oM
; = log M <Z TE, exp( eMam-,m,)) : (G.5)

m/eM
where 7,,; is a summary statistic for the travel cost relevant for moving from n to ¢ by anticipating the mode
choice. The reason why we call this object by 7,,; will be immediately clear below. By combining this definition

of 7,,; with equation (G.4), the expected commuting cost is given by:
E [exp( VW (w))} =K [eXp(—HWTm' (w, mm)ﬂ E [eXp(—IiWTm (w, mm))]

= exp (—/iwf'm-) exp (—/{Wﬁ-n) .
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Furthermore, we can derive the expected consumption travel cost similarly as in the derivation for the expected
commuting cost.
Together, the expected travel cost over the mode choice (conditional on the choice of residence, workplace,

consumption locations and the routes) is given by:

E [duigjmriy @) = E [exp(—=c" 7l (@)] T E [exp(—£75 00 @))]

keKS
= exp(—k"V 7)) H exp(— Ky T (kye(k))
kEKS
where
W — 7+ Fin
and

~S o~ ~
nij(kyHH = Tnj + Tjn,

~S o~ ~

Tnijeyww = Tij + Tji,

~S o~ ~ ~

Tnij(kyHW = Tnj T+ Tji = Tnis

~S’ o~ ~ ~
Thij(kyWH = Tij T Tjn — Tin-

Note that this expression of the travel cost is isomorphic to the baseline model without the mode choice
(equation 2) except that the travel time 7,,; is replaced by the “mode-adjusted travel time” 7,,;. Therefore, the
choices of residence, workplace, consumption locations, and the route choice are as discussed in the baseline

model except that travel time 7,,; is replaced by mode-adjusted travel time 7,,;.

G.1.2 Estimation of Mode Choice Probability and Estimation of Mode-Adjusted Travel Time 7,,;

Now we discus the data that we use for estimating the mode choice probability and the mode-adjusted travel
time 7,;. To construct 7,,; from expression (G.5), we need (1) the mode-specific travel time 9, ,, for each
bilateral pair of locations, and (2) the parameter #* and T'%. (Note that ¥ is a constant term common to all
bilateral pair of locations and hence the value of 9" does not affect any of our results.)

We construct the mode-specific travel time 9, ,,, for each bilateral pair of locations as follows. First, we
assume that workers face two possible transportation modes: public transportation and cars. We extract the
travel time after Tozai Subway Line has opened using public transportation by the web-based route choice
service, Eki-spert API, as discussed in Section 2.2. Since Eki-spert API does not allows us to extract the
travel time before Tozai Subway Line has opened, we construct the travel time with public transportation in the
following procedure. We first compute the approximate travel time with and without the Tozai subway line for
all pairs of Oazas in Sendai City using ArcGIS and the geocoded data of subways and bus lines under certain
assumptions of the travel speed for each mode.® We then compute the ratio of the travel times without Tozai

Subway Line relative to that with Tozai Subway Line. Finally, we multiply this ratio by the travel time from

8We assume that 80 meter per minute for walk, 600 meter per minute for rail, and 150 meter per minute for buses. We obtain the
geocoded railway and bus networks from the website of the Ministry of Land, Infrastructure, Transport and Tourism.
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Eki-spert API to obtain our final estimates for the travel time with public transportation in the absence of Tozai
Subway Line.

We construct car travel time by Open Source Routing Machine (OSRM), a routing service based on Open-
StreetMap.” OSRM finds the shortest routes on public roads by car, bicycle and on foot between a pair of
coordinates. We collected data on all the pairs of the centroids of Oazas in Sendai City in October 2020.

We estimate the mode choice probability (G.4) to obtain parameters 6 and 7. To do so, we use the
travel travel survey data from Sendai City conducted in 2017. From a representative households, the survey
collects information of the origin location, destination location and what travel mode is used. From this data,
we construct the probability that railway (including other public transportation) or road transportation mode is
used for each movement of the respondent.

Table G.1.1 presents our results of the mode choice estimation in equation (G.4) by Poisson Pseudo-
Maximum Likelihood (PPML) with origin-destination fixed effects. Column (1) starts with the specification
with the dummy of public transportation. The negative significant coefficient for this dummy indicates that
people have a strong preference to use cars instead of using public transportation. In Column (2), we show
our estimation results where we additionally control for travel time. The coefficient on travel time is negative
and statistically significant, indicating that people have strong tendency to choose the transportation mode that
provides shorter travel time. However, the dummy for public transportation is still negative and significant,
indicating that people have strong preference to travel by cars even after controlling for the fact that travelling

cars provides shorter travel time.

Table G.1.1: Mode Choice Estimation

Dependent Variable: Mode Choice Probability
Model: (1 (2)
Variables

Dummy (Public Transportation Including Railways)  -1.50*** -0.953**
(0.020) (0.042)

Travel Time (Hours) -0.318***
(0.023)

Fixed-effects

Origin and Destination Locations Yes Yes

Fit statistics

Pseudo R? 0.12210 0.12512

Log-Likelihood -42,367.3  -42221.4

AIC 121,474.7  121,184.8

BIC 290,555.3  290,274.6

Observations 73,436 73,436

Note: The results of the mode choice estimation in equation (G.4) by Poisson Pseudo-Maximum Likelihood (PPML). The unit of
observations are all bilateral pairs of Oazas where there are positive flows. Heteroskedasticity robust standard errors in parentheses.

Using the estimates of these parameters and the mode-specific travel time, we construct the changes of the
mode-adjusted travel time 7,,; using the expression (G.5). As discussed above, the counterfactual simulation

procedure is unaffected from our baseline model except that we replace travel time 7,,; by the mode-adjusted

9See http://project-osrm.org/ for more detail.
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travel time 7,,;.

G.2 Estimation of Travel Access A, in Sendai City

In Section 6, we study the impacts of Tozai Subway Line on the travel access A,,. In this appendix, we discuss
how we construct A,, in pre-period (before the subway opening) and post-period (after the subway opening) in
more detail.

We construct travel access A, in the pre-period following the same procedure in Section 5.1, except that we
use the mode-adjusted travel time as discussed in Appendix G.1. In this procedure, we also recover travel time
elasticity (¢" and ¢7). We then estimate the post-period consumption location choice and commuting choices
given estimated parameters ¢ and ¢;. Using these estimates, we construct the post-period travel access A,
following the same expression.

Below, we present our estimation results of the route choice probability (Table G.2.1), consumption loca-
tion choice probability (Table G.2.2), and commuting choice probability (Table G.2.3). Each of these tables
corresponds to Table 2, Table 3, and Table 4 of the main paper estimated using data in Tokyo Metropolitan
Area. The qualitative findings are broadly the same as in our estimates from Tokyo Metropolitan Area, except

that the coefficients on travel time for route choice, consumption location choice and commuting choice are

greater.
Table G.2.1: Estimation of Route Choice in Sendai City
Dependent Variable: Route Choice Probability
Finance Wholesale Accomoda- Medical Other
realestate retail tions welfare services
communication eating healthcare
professional drinking
Model: (€)) 2) 3) “ )
Variables
Travel Time (Hours) -0.394** -0.387** -0.332%* -0.376** -0.355**
(0.032) (0.027) (0.026) (0.044) (0.028)
Dummy (HW) -1.37% -1.49% -1.57 -1.44% -1.44%
(0.050) (0.047) (0.043) (0.053) (0.051)
Dummy (WH) -0.784** -0.911** -0.809*** -0.964*** -0.816***
(0.039) (0.034) (0.034) (0.045) (0.036)
Dummy (WW) -0.917** -1.01+* -1.16%** -1.03*** -1.00***
(0.056) (0.055) (0.057) (0.065) (0.056)
Fixed-effects
Home-Work-Consumption Location Yes Yes Yes Yes Yes
Fit statistics
AIC 74,821.5 185,222.9 69,038.2 83,774.2 97,380.3
BIC 96,834.8 207,420.2 90,941.0 105,604.8 119,501.4
Observations 98,385 102,227 96,137 94,331 100,975

Note: A version of Table 2 where we use pre-period data from Sendai City. See the footnote of Table 2 for other comments.
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Table G.2.2: Estimation of Consumption Location Choice in Sendai City

Dependent Variable: Consumption Location Choice Probability

Finance Wholesale Accomodations Medical Other

realestate retail eating welfare services
communication drinking healthcare
professional

Model: (1) 2) 3) 4) 5)
Variables
log inj(k) -3.48"* -3.43 -3.26" -3.48"* -3.34%

(0.117) (0.100) (0.104) (0.099) (0.110)
Fixed-effects
Home and Work Location Pairs Yes Yes Yes Yes Yes
Consumption Location Yes Yes Yes Yes Yes

Fit statistics

AIC 26,702.4 27,301.8 26,449.9 27,684.4 26,821.4
BIC 54,680.9 55,630.4 54,185.5 55,567.7 55,125.2
Observations 565,455 594,395 538,876 561,708 593,865

Note: A version of Table 3 where we use pre-period data from Sendai City. See the footnote of Table 3 for other comments.

Table G.2.3: Estimation of Commuting Choice in Sendai City

Dependent Variable: Commuting Choice Probability

Model: (D

Variables

Commuting Time (Hours) -2.29
(0.105)

Fixed-effects

Home Location Yes

Work Location Yes

Fit statistics

AIC 1,289.9

BIC 7,334.8

Observations 100,650

Note: A version of Table 4 where we use pre-period data from Sendai City. See the footnote of Table 4 for other comments.

G.3 Additional Results of the Difference-in-Difference Estimates of Tozai Subway
Line

In this appendix, we provide additional results of our difference-in-difference effects of Tozai Subway Line
(Table 6 of our main paper). In Section G.3.1, we show how our results are biased when we omit the consump-
tion trips to construct travel access A,,. In Section G.3.2, we show the sensitivity of our results under different
values of the residential spillover elasticity n” and productivity spillover elasticity n". In Section G.3.3, we
provide a procedure to estimate n” using the difference-in-difference estimates and present our estimation

results.
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G.3.1 Bias of Omitting Consumption Trips

In this subsection, we show how we obtain biased conclusions about the reduced-form effects of Tozai Subway
Line when we omit the consumption trips to construct travel access A,,. In Table G.3.1, we compare our
results by including and omitting consumption trips when constructing travel access A,,, following the same
difference-in-difference specification as in Panel (A) of Table 6 of our main paper. Panel (A) uses outcome
variables constructed directly from observed data, and it is identical to Panel (A) of Table 6. In Panel (B), we
construct travel access A,, and residential amenity B,, by omitting consumption trips (o = 0 for all k € K*,
al =1-a’, /\f( K)ni = 0and S,; = 1). Columns (1) and (2) are identical between the two panels because they
are directly obtained from data and unaffected by the construction of travel access A,,. In Column (3), we find
an underestimation of the effects of Tozai Subway Line on travel access A,, (0.042 instead of 0.054), and an
overestimation on residential amenity (0.017 instead of 0.004). Therefore, by omitting consumption trips, one
would mis-attribute the changes of residential values from subways due to unobserved changes in residential
amenity. Hence, we find that incorporating consumption trips is important for the quantitative success of the

model’s mechanism in explaining the observed data.

Table G.3.1: Bias of Difference-in-Difference Effects of Tozai Subway Line by Omitting Consumption Trips

Alog@, Alog)B AlogA, AlogB,
(1) (2) 3) “)

Panel A: Data

Dummy (Tozai Line Stations)  0.046*** 0.311 0.054*** 0.004
(0.014) (0.210) (0.008) (0.036)

Observations 368 305 305 305
R? 0.030 0.007 0.123 0.0001

Panel B: Data (Travel Access Constructed by Omitting Consumption Trips)

Dummy (Tozai Line Stations) ~ 0.046*** 0311  0.042**  0.017
(0.014)  (0210)  (0.010)  (0.036)

Observations 368 305 305 305
R? 0.030 0.007 0.057 0.001

Note: In Panel (A), we construct travel access A, and residual amenity B,, by including consumption trips, and it is identical to Panel
(A) of Table 6 of our main paper. In Panel (B), we construct travel access A,, and residential amenity B,, by omitting consumption
trips (af =0forallk € K a7 =1—-al, )\f(k)lm = 0 and S,;; = 1). By construction, columns (1) and (2) are identical between
the two panels.

G.3.2 Robustness to Different Elasticities of Agglomeration Spillovers

In this section of the appendix, we show the sensitivity of our results of the difference-in-difference regression

of Tozai Subway Line under different values of the elasticities of agglomeration spillovers.
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Table G.3.2 presents the results. Panel (A) uses outcome variables constructed directly from observed data,
and Panel (B) is those from model prediction under ” = 0 and " = 0.08, and the two panels are identical
to those of Table 6. As discussed in the main paper, the results between Panel (A) and Panel (B) closely align
with each other, validating our model and our choice of the parameter values for n? and n'.

In Panel (C), we report the results of the difference-in-difference regression with outcome variables con-
structed from model prediction when we increase residential amenity spillover n” from 0 to 0.15. The model
substantially over-predicts the impacts on floor space price (Column 1) and the residential probability (Col-
umn 2). This overestimation primarily comes from the predicted increase of residential amenity (Column 4),
which we do not find from our observed data (Panel A). Therefore, we find that the model is quantitatively
able to explain the observed increase in floor space prices and residential population through its mechanism of
an improvement in travel access, without requiring increases in the residual of residential amenities in these
locations.

In Panel (D), we report the results of the difference-in-difference with outcome variables constructed from
model prediction when we decrease the productivity spillover n"V from 0.08 to 0. By comparing with Panel
(B), we find somewhat smaller changes of floor space price and residential population, while this difference is

modest.
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Table G.3.2: Robustness of Difference-in-Difference Effects of Tozai Subway Line under Different Elasticities
of Agglomeration Spillovers

AlogQ, Alog)B Alogh, AlogB,
(1) (2) (3) “4)
Panel A: Data
Dummy (Tozai Line Stations)  0.046*** 0.311 0.054 0.004
(0.014) (0.210) (0.008) (0.036)
Observations 368 305 305 305
R? 0.030 0.007 0.123 0.0001
Panel B: Model Prediction (n® = 0; 7" = 0.08)
Dummy (Tozai Line Stations) ~ 0.091**  0.300***  0.073*** 0.000
(0.010) (0.032) (0.008) (0.000)
Observations 370 370 370 370
R? 0.197 0.191 0.199
Panel C: Model Prediction (n” = 0.15; 7" = 0.08)
Dummy (Tozai Line Stations)  0.206*** 1.182%** 0.074*** 0.175%**
(0.022) (0.127) (0.008) (0.019)
Observations 370 370 370 370
R? 0.198 0.189 0.196 0.190
Panel D: Model Prediction (n” = 0; 7"V = 0)
Dummy (Tozai Line Stations)  0.077*** 0.295*** 0.068*** 0.000
(0.008) (0.031) (0.007) (0.000)
Observations 370 370 370 370
R? 0.203 0.197 0.203

Note: The results of the difference-in-difference regression of Tozai Subway Line using the observed outcome variables (Panel A) and
the model prediction (Panel B-D). Panels A and B are identical to Table 6 of our main paper. Panel C and D use our model prediction
under different values of agglomeration spillovers (7 and V) Standard errors are clustered at Oaza level. See the footnote of Table
6 for other comments.

G.3.3 Estimation of Residential Amenity Spillover Elasticity n”

In this section of the appendix, we show how we can estimate the residential spillover elasticity n” using
the opening of Tozai Subway Line. To do so, we introduce an identification assumption that the changes

unobserved residential amenity is uncorrelated with the proximity to the stations of Tozai Subway Line. More
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specifically, from equations (26) and (40), we have:
B, = B, (T2)""" (PT)™" (U/9")"

B

LAEN 1/67 —aT -1

_, (— ) () ()" (09%)
K,

By assuming the geographic area K, and the shifter for idiosyncratic preference shocks T'Z are time-invariant

and tradable prices are equalized across locations as numeraire, we obtain our estimating equation for n? by

log-differencing the above equation:
AlogB, = co +n°Alog \Z + u, (G.6)

where ¢cp = Alog (L”B U _1> + EAlogb,, and u,, is the mean-zero error term capturing the idiosyncratic shift
of the exogenous component of the residential amenity (u,, = Alogb, — EAlogb,). We assume that wu,, is
uncorrelated with whether Oaza n has a Tozai Subway Line station (7},). Under this assumption, we obtain a
consistent estimate of residential spillover elasticity n” by the instrumental variable (IV) regression using 7},
as an instrument for A log A5,

Table G.3.3 presents our estimates of 7. In Column (1), we present our results when we include consump-
tion trips for constructing A log B,,. We find a small point estimate of n” = 0.015. In Column (2), we present
our results when we omit consumption trips for constructing AlogB,, (use A log A" instead of Alog A,
as discussed in Section 5.2). Interestingly, when we omit the consumption trips to estimate 1”, we obtain a
larger point estimate of n” = 0.054. Therefore, by omitting consumption trips, one would overestimate the

residential spillover elasticity.

Table G.3.3: Estimation of Residential Amenity Spillover Elasticity in Sendai City

AlogB,

(1) (2)

Alog \B 0.014 0.054
(0.105) (0.080)

First Stage F-Statistcs 1.1 1.1
Specification Include Consumption Trips ~ Omit Consumption Trips
Observations 305 305
Adjusted R? 0.155 0.509

Note: This table presents our estimation results of 7. We estimate these parameters using the IV regression (G.6) where we

instrument A log )\ff by whether Oaza n has a Tozai Subway Line station (7},).

G.4 Network Effects on Nanboku (North-South) Subway Line

As an additional specification check, we repeat the same difference-in-difference regression with Tozai Subway

Line (Table 6), but use a dummy variable that takes the value one for Oazas that contain stations on the existing
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Nanboku (North-South) Subway Line (which opened in 1987) rather than stations on the new Tozai (East-
West) Subway Line (which opened in 2015). If there are positive or negative network effects from the new
Tozai Subway Line on locations with stations on the existing Nanboku Subway Line, we would expect to again
detect statistically significant treatment effects.

In Panel (A) of Table G.4.1, we show that we find no evidence of statistically significant treatments effects
on the price of floor space, residential population, travel access, and residential amenities for this existing Nan-
boku Subway Line. These results are consistent with a limited net impact of network effects on the existing
subway line and suggest that our earlier estimates for the Tozai Subway Line are capturing effects specific to
this new subway line. Consistent with these findings using the observed data, in Panel (B), we find no evi-
dence of statistically significant treatment effects for existing Nanboku Subway Line using our counterfactual

predictions of the model.

Table G.4.1: Network Effects of Nanboku Subway Line

AlogQ, Alog)B  Alogh, AlogB,
(1) (2) 3) “4)

Panel A: Data

Dummy (Tozai Line Stations) —0.002 0.086 0.004 0.009
(0.011) (0.160) (0.006) (0.027)

Observations 357 296 296 296
R? 0.0001 0.001 0.002 0.0004

Panel B: Model Prediction (n® = 0; 7" = 0.08)

Dummy (Tozai Line Stations) —0.003 —0.010 —0.003 0.000
(0.008) (0.027) (0.006) (0.000)

Observations 359 359 359 359
R? 0.0005 0.0004 0.0005

Note: The results of the difference-in-difference regression by defining treatment by the stations around Nanboku (North-South)
Subway Line (which already opened in 1987) instead of Tozai (East-West) Subway Line (which actually opened in 2015) for the
same time interval. We exclude the observations of Oazas containing Tozai Subway Line from this analysis. We use observed
outcome variables in Panel A and the model prediction in Panel B. See the footnote of Table 6 for additional comments.

G.5 Implications of Granularity

As discussed in Section 6 of the paper, one important issue of the counterfactual simulation of this type of
)\S

(k) ni>
using the predicted initial values of travel shares from our consumption location choice and workplace choice

model is the granularity of observed travel flows ({\"] AB1). In our main paper, we presented results

ig|n’

estimation. In this section, we compare these baseline results with the alternative specification of using the
observed initial values of travel shares in the data.
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Table G.5.1 shows how our results of the difference-in-difference regression of Tozai Subway Line is af-
fected by this choice of the calibration strategy. Identically to Table 6 of our main paper, Panel (A) corresponds
to the estimates using the observed data. Panel (B) estimates the same reduced-form regressions using the
model’s counterfactual predictions when we calibrate the model using predicted travel flows (as in Panel (B)
of Table 6 of our main paper). In Panel (C), we present the estimates based on the model prediction when we
instead calibrate the model with actual travel flows. Comparing Panel (B) and (C), we find somewhat smaller
impacts on the model prediction of floor space price, residential probability, and the travel access. This dif-
ference is intuitive. We observe zero travel flows in many pairs of locations in our data due to granularity.
Some of these routes are directly affected by the new subway line. Therefore, if we use actual travel flows to
calibrate the model, we implicitly assume no direct gains from the travel time reduction of these routes with
zero travel flows in baseline. Therefore, the model predicts smaller effects from subway line. Lastly, we cannot
conclude which of the two assumptions perform better (by comparing Panel B and C with Panel A) because of
the relatively large standard errors in these estimates.

In Table G.5.2, we compare our estimates of the welfare gains from Tozai Subway Line under these two
calibration strategies. Consistent with the observation above, we find a smaller welfare gain using the model
calibrated with actual travel flows (2.74 percentage points as opposed to 2.55 percentage points). While this
difference is non-negligible, it is significantly less than the difference in the results arising from the omission
of consumption trips (Table 7). Therefore, the main message of the paper about the importance of consumption

trips remains robust across these two different calibration strategies.
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Table G.5.1: Impacts of Tozai Subway Line: Granularity

AlogQ, AlogAZ  AloghA, AlogB,

n

@ @ 3) “4)

Panel A: Data

Dummy (Tozai Line Stations)  0.046*** 0.311 0.054*** 0.004
(0.014) (0.210) (0.008) (0.036)

Observations 368 305 305 305
R? 0.030 0.007 0.123 0.0001

Panel B: Model Prediction with Smoothed Flows (n® = 0; 7"V = 0.08)

Dummy (Tozai Line Stations) ~ 0.091™*  0.300"*  0.073*** 0.000
(0.010) (0.032) (0.008) (0.000)

Observations 370 370 370 370
R? 0.197 0.191 0.199

Panel C: Model Prediction with Actual Flows (n° = 0; 1" = 0.08)

Dummy (Tozai Line Stations)  0.062*** 0.205*** 0.050*** 0.000
(0.010) (0.037) (0.009) (0.000)

Observations 370 370 370 370
R? 0.092 0.079 0.083

Note: The results of the difference-in-difference regression of Tozai Subway Line using the observed outcome variables (Panel A)
and the model prediction (Panel B-C). Panels A and B are identical to Table 6 of our main paper. In Panel C, we calibrate the model

WoAS

using actual consumption travel flows and commuting flows ({\; aln® Nj (k) i AB1) instead of the predicted flows as reported in Panel

(B). See the footnote of Table 6 for other comments.

Table G.5.2: Counterfactual Increase in Expected Utility in Sendai from the new Tozai Subway Line: Granu-
larity

Percentage Point Increase in Residential Utility Relative to Baseline (%)
(1) Use Smoothed Travel Flows in Baseline 2.74 1.00
(2) Use Actual Travel Flows in Baseline 2.55 0.93

Note: The second column reports model counterfactuals for the percentage point increase in expected utility as a result of the reduction in travel time from the
opening of the new Tozai (East-West) subway line in the City of Sendai. The first row presents results for our baseline specification (n® = 0, W' = 0.08), and this
corresponds to Table 7 of our main paper. The second row presents the same results by calibrating the model using actual consumption travel flows and commuting

w S B
flows ({)\ig‘n, )‘j(k)\m" An D).
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