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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 compar-

ing coverage by residence characteristics (income, age and distance to city center) and workplace characteris-

tics (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 Sec-

tion 3.3 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

locations is uncorrelated with the observable characteristics of users’ municipality of residence. In Section

A.5, we show that our �ndings 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 work days.

In Section A.6, we further investigate the patterns of non-commuting stays for di�erent types of nontrad-

able sectors in combination with spatially disaggregated economic census data, supplementing the evidence

for Fact 2 in Section 4 of the paper. In Section A.7, we provide further evidence about trip chains, such that a

major fraction of non-commuting trips on weekdays occur as a part of trip chains involving workplaces, and

that on weekends occur as a part of trip chains without workplaces, supplementing Fact 4 in Section 4 of our

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 (de�ned 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 munici-

palities, 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 �gure represents the average

coverage rate for each decile of the characteristics described in the horizontal axis, and the line segments

indicate the 95 percent con�dence interval. We �nd 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 (de�ned 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). Similar to the coverage rates by the residential lo-

cations, we �nd 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 further validation of the commuting �ows from smart-

phone data, supplementing the validation in Section 3.3.

In Figure A.2.1, we show that the commuting �ows from our smartphone data have a similar rate of spatial

decay with geographic distance as in the o�cial census data. In particular, the �gure plots the results of the

Poisson Pseudo Maximum Likelihood (PPML) estimator where the outcome variable is the log of bilateral

commuting �ows between Tokyo municipalities and the dependent variable is the set of indicator variables

for deciles of log bilateral distance, conditional on the residence �xed e�ects and workplace �xed e�ects.

The �gure displays the estimated coe�cients on the indicator variables for both the smartphone and o�cial

census data and the 95 percent con�dence intervals. We �nd that the estimates in the smartphone and census

data lie extremely close to one another.

Figure A.2.1: Gravity Equation Estimates for Bilateral Commuting Flows Using Smartphone GPS and O�cial

Census Data

Note: Gravity equation estimation including workplace �xed e�ects, residence �xed e�ects 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 con�dence intervals respectively for the distance decile indicators

using the o�cial census data; dashed black line and light gray shading show point estimates and 95 percent con�dence intervals

respectively for the distance decile indicators using our smartphone GPS data. Online appendix Section A.2 shows that the �xed

e�ects 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) �xed e�ects (Panel A) and the destination (workplace)

�xed e�ects (Panel B) from the gravity equations estimated using our smartphone data and the o�cial 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 �xed e�ects have approximately log-linear re-

lationships with coe�cients close to one and R-squared of above 0.9. Therefore, these results provide further
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supportive evidence that the attractiveness of residential locations taking out the e�ects of proximity to work-

places (origin �xed e�ects; Panel A), and the attractiveness of employment locations taking out the e�ects of

proximity to residences (destination �xed e�ects; Panel B), are closely aligned between our smartphone data

and o�cial census data.

Figure A.2.2: Correlation of �xed e�ects in commuting gravity estimation

(A) Origin �xed e�ects

(B) Destination �xed e�ects

As another validation for our commuting �ow 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 o�cial census data. If these

two residuals are closely aligned, it implies that the idiosyncratic shocks to commuting �ows at the bilateral

pair level that are not captured by the bilateral distances shows up in both data sets. We indeed �nd the

regression coe�cient of 0.976 that is close to one and R-squared of 0.482.

Together, these pieces of evidence support that our commuting �ows constructed from smartphone data

closely replicates the rate of spatial decay (gravity coe�cients on distances), the attractiveness of employment
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Figure A.2.3: Correlation of bilateral residuals in commuting gravity estimation

and residences (residence and workplace �xed e�ects), and the residuals from gravity equations.

A.3 Work and Non-Work Stays by 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 hour of the week from 1-30 April 2019. In 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. The three probabilities 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 �nd 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 �nd the opposite pattern, with the probability of a stay rising more

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

7



Figure A.3.1: Home, Work and Other Stays by Hour

Note: This �gure 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 this �gure, 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 3 for the de�nitions of home,

work and other stays.

A.4 Patterns of Users without Workplace Assignment

In this section of the online appendix, we characterize the pattern of users whose workplace is not assigned

in this procedure (see Section 3.1 for the discussion of how we assign workplace and when the algorithm

assigns missing for workplace). We show that the devices with missing “work” locations have signi�cantly

fewer number of active days (even at home locations), indicating that these devices are less likely to be

actively used. We also show that the probability of assigning missing “work” locations is uncorrelated with

the observable characteristics of the municipality of residence.

We �rst 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

3.1, 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 actively the

device is used (i.e., whether it is regularly turned on, or whether the user brings the device with them when

they move out). We �nd that the median active days is 22 for users without workplace assignment, which is

signi�cantly smaller than 28 days for users with workplace assignment. Therefore, many devices that have

“missing” workplaces were not actively used in April 2019.
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Figure A.4.1: Number of Stays by Users with and without Workplace Assignment

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

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 �gure 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 con�dence interval. We �nd 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 �nd limited evidence of the bias in the probability of

missing “work” locations.

A.5 Comparison with Travel Survey

In this section of the online appendix, we validate our smartphone GPS data using a separate travel sur-

vey (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

frequency. 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 part of Ibaraki prefectures, which is mostly consistent with our de�nition of Greater Tokyo Metropolitan

Area. The respondents are asked about their travel behavior on a speci�c weekday. The survey asks about a

sequence 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
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Figure A.4.2: Pattern of the Ratio of Users with Workplace Assignment

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 speci�c weekday, the number of stays from the travel survey

is missing in the right panel, which shows frequency of stays on weekends.

Focusing on the pattern on weekdays (left panel), we �nd that the number of stays is greater for smart-

phone data than for the person trip survey. One possible reason for this di�erence is under-reporting of trips

in the person trip survey. Recall that we de�ne “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 di�erence, 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 number from smartphone data.

We next compare the types of non-commuting stays between our smartphone data and the person trip
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Figure A.5.1: Frequency of Stays at Work and Other Locations

survey. In our main paper, we assign sectors of “Other” stays from our smartphone data using separate

economic census data, and present the decomposition of these non-commuting stays into di�erent sectors

(Figure A.6.2). As a comparison with Figure A.6.2, 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 assignment of trip sectors from smartphone data is di�cult due to di�erent classi�cations, we �nd

a similar overall pattern. In particular, we �nd that “Shopping” is the most frequent category (34 percent),

consistent with our �nding from the smartphone data that “Retail and Wholesales” sectors are the most

frequent category of non-commuting stays with a share of 43 percent on weekdays (Figure A.6.2). We also

�nd a substantially smaller fraction of business-related trips (e.g., business meetings, procurement; 20 percent)

compared to trips related to consumption.

As a �nal 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 �nd 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 4 of our main paper). Consistent with this �nding, we �nd 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 di�erences 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 when it comes to farther distances from home in travel survey data (for example,

people may not report small errands along the commuting paths, or the lunch or co�ee during the o�ce

hours).
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Figure A.5.2: Frequency of Stays at Other Locations by purpose using trip survey data

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 (�rst

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

A.6 Patterns of Non-commuting Trips and Nontradable Service Sectors

In this section, we investigate the patterns of non-commuting stays for di�erent types of nontradable sectors

in combination with spatially disaggregated economic census data, supplementing the evidence for Fact 2 in

Section 4 of the paper.

We stochastically assign other stays (stays at neither home nor work locations) to di�erent 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 × 500 meter grid cell in the Tokyo metropolitan area, we compute the

employment share of each service sector in total service sector employment. We disaggregate service-sector

employment into the following �ve categories: “Finance, Real Estate, Communication, and Professional”,

“Wholesale and Retail”, “Accommodations, Eating, Drinking”, “Medical and Health Care”, and “Other Ser-
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vices”.
1

For each other stay in a given grid cell, we allocate that stay to these �ve 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.” Therefore, if non-commuting trips are unrelated to the

availability of nontradable services, our algorithm assigns these stays to ”Z Others.”

As a check on this probabilistic assignment of other stays, Figure A.6.1 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 �nd that our probabilistic assignment captures the expected pattern of these di�erent

service-sector activities over the course of the week. First, we typically �nd 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 pattern, consistent with the fact that

establishments providing these services are often closed on the weekends in Japan. Second, we �nd 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 �nd a smaller peak around noon on weekdays, as expected

from the typical timing of lunch in Japan. Third, and �nally, 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 on weekends.

1
This categorization of service sectors follows the one-digit classi�cation of the Japan Standard Industrial Classi�cation (JSIC),

for which we have data available by 500×500 meter grid cells. “Finance, Real Estate, Communication, and Professional” correspond

to sectors 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.
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Figure A.6.1: Other Stays by Type, Day, and Hour

(A) Number of other stays by day

(B) Number of other stays by starting hour
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In Panel (A) of Figure A.6.2, we show the average number of these di�erent types of other stays per day

during the working week and at weekends. We �nd 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, Panel (B) of Figure A.6.2 also reports the share of each individual service sector in overall

service-sector employment for the Tokyo metropolitan area as a whole (penultimate column) and the aver-

age share of each individual service sector in overall service-sector employment across the 500× 500 meter

grid cells (�nal column). Comparing the two panels, we �nd that “Wholesale and Retail” stays are substan-

tially 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 disproportionately targeted towards locations with relatively high shares of the “Wholesale

and Retail” sector in employment, which is consistent with these other stays capturing access to consump-

tion opportunities. Although “Wholesale and Retail” stays are by far the most frequent, there is considerable

variation in the composition of service-sector employment across the locations visited by users, with “Ac-

commodations, Eating and Drinking,” “Finance, Real Estate, Communication, and Professional,” and “Medical

and Health Care” all accounting for around 10 percent or more of the total number of stays. Lastly, “Other”

stays are infrequent, con�rming that non-commuting trips are indeed strongly related to the availability of

nontradable services.
2

2
Some of these non-commuting trips could include business-related trips rather than consumption trips (e.g., business meetings,

procurement). 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.
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Figure A.6.2: Frequency of Non-Commuting Trips and Service-Sector Employment Shares

(A) Number of Non-Work Stays in Each Sector

(B) Number of Non-Work Stays and Employment in Each Sector

Industry Weekdays Weekends Employment Share in Service (%)
Stays / Day Share (%) Stays / Day Share (%) Total Average (500m Grids)

GJKL �nance 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: Panel (A): Average number of each type of other stay per day for weekdays and weekends (excluding stays at home locations)

for our baseline sample of users in the metropolitan area of Tokyo in April 2019. Other stays are allocated probabilistically to each

of these �ve categories using the shares of these service sectors in total service-sector employment, as discussed in the main text.

Panel (B) reports the same information in table form, together with 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 × 500 meter grid cells. See Section 3 above for the de�nitions of

home, work and other stays.

A.7 Additional Evidence on Trip Chains

In this section, we provide further evidence about trip chains, such that a major fraction of non-commuting

trips on weekdays occurring as a part of trip chains involve workplaces, and that on weekends occur as a

part of trip chains without workplaces, supplementing Fact 4 in Section 4 of the paper. In Figure A.7.1, 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
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term “trip chains.” 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 di�erent types of other stays aggregating across weekdays and weekends, while Panel B shows their

frequency for weekdays and weekends separately. We �nd 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 signi�cantly less likely to visit workplaces. Nevertheless, a substantial fraction of non-commuting trips

still occur as part of commuting trips (47 percent), highlighting the relevance of jointly modelling these two

types of trips.

Figure A.7.1: Fractions of Di�erent Types of Other Stays on Round Trips from Home

(A) Aggregating across Weekdays and Weekends (B) Separately for Weekdays and Weekends

Note: Fractions of di�erent 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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B Appendix for Importance Sampling Method

In this section, we discuss additional details about the importance sampling method described in Algorithm

1. Appendix B.1 describes our practical choice of auxiliary distribution. Appendix B.2 shows that, given

our choice of the number of importance samples R for estimation and simulation, the sampling errors are

negligible.

B.1 Choice of Auxiliary Distribution for Importance Sampling

In this section, we describe our choice of auxiliary distribution Fhj(·) that we use to implement Algorithm 1.

As emphasized in the main text, an advantage of this algorithm is that the choice of the auxiliary distribution

Fhj(·) does not a�ect the results asymptotically as R → ∞. At the same time, under �nite R, the precision

of the approximation depends on how close Fhj(·) is to the original distribution ΛI|hj , as discussed by Kloek

and van Dijk (1978) and Ackerberg (2009). In our application, the following choice of Fh(·) performs well

in practice. For each h and j, we �rst sample the number of trips and the timing of work stay (if j 6= ∅)
following the empirical distribution observed in the data. We then simulate that agents choose a location to

visit in sequence myopically. Formally, the procedure is given as follows:

Algorithm 2 (Auxiliary Distribution for Importance Sampling) The proposed itinerary I is simulated in
the following order:

1. For each h and j, randomly generate the total number of stays, |I|, and the number of stays that agents
make up to the stay at workplace (if any), ι, from the observed distribution in the data.

2. Determine the i-th location ni starting from i = 1. If the i-th location of the day is at workplace (i.e.,
i = ι), set the stay location as ni = j. If the i-th location of the day is not at workplace, assume that agents
choose the location myopically without considering subsequent stays. Namely, denoting the itinerary up to
(i− 1)-th stay by Ii−1, we sample ni following the probability:

Πi
ni

=

[(∑
n∈{ni,Ii−1} P

1−σ
n

)− 1
1−σ

τ−1{Ii−1,ni}|hj

]θ
∑

`∈N

[(∑
n∈{`,Ii−1} P

1−σ
n

)− 1
1−σ

τ−1{Ii−1,`}|hj

]θ
3. Repeat Step 2 for i = 1, . . . , |I|.

This distribution Fhj(I) has full support, which guarantees the consistency of the importance sampling

procedure in Algorithm 1 as R → ∞. Furthermore, this proposed auxiliary distribution is easy to simulate.

We can also compute the likelihood using the following expression:

Fhj(I) = Khj(|I|, ι)
∏

i=1,...,|I|

Πi
ni
,

where Khj(|I|, ι) is the empirical probability of I and ι as used in Step 1.
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B.2 Finite-Sample Properties of Importance Sampling

In this section, we discuss the �nite-sample property of our importance sampling using the auxiliary distribu-

tion described above. In particular, we assess the �nite-sample bias and variance of the importance sampling

simulation for our key moments, such as the number of total foot tra�c and the results for our counterfactual

simulations.

To show the �nite-sample bias, we undertake the following exercise. Using the estimated model in Section

5.3, we simulate travel itinerary choice probability (ΛI|hj) for each number of draws for importance sampling

R ∈ {20, 50, 100, 200, 500, 1000, 2000} per home and work. For each value of R, we undertake 20 indepen-

dent simulations and compute the average of ΛI|hj across simulations, which we denote by Λ
R

I|hj . We then

combine Λ
R

I|hj with our data of commuting �ows (fraction of people who choose h and j) to compute the total

foot tra�c at each location n, denoted by LRn . Finally, assuming that LRn with R = 2000 is su�ciently close

to the true value, we compute the �nite-sample bias of consumer foot tra�c as LRn /L
2000

n for each n and R.

In Table B.2.1, we report the percentiles of the distributions of LRn /L
2000

n across locations for each R. If

�nite-sample bias is negligible given a value of R, LRn /L
2000

n should be close to one in every percentiles (i.e.,

in every location n). Our �ndings are summarized as follows. First, we �nd that LRn /L
2000

n converge as R

becomes closer to 2000. This supports our assumption that the simulation results atR = 2000 are likely close

to true value so that the statistics in Table B.2.1 can be interpreted as �nite-sample bias. Second, we �nd that

on average LRn /L
2000

n is less than one when R < 2000, but they are close to one for su�ciently large R. In

particular, under our choice of R = 200 for our estimation and simulation, the median LRn /L
2000

n is 0.99. This

means that the simulation predicts 1 percent less consumer foot tra�c than the “true” value for a median

location. The bias tends to be negative (i.e., LRn /L
2000

n < 1), which is consistent with the interpretation that

the simulation tends to underpredict the �ow to small locations and overpredict the �ow to large locations.

(The former has a larger e�ect in proportion to the latter.) Nevertheless, these biases are small in magnitudes,

in particular relative to the cross-location variation of foot tra�c (Figure 5.4).

Figure B.2.1: Finite-Sample Bias of Importance Sampling: Consumer Foot Tra�c

Number of draws per home-work 10th pctl 25th pctl 50th pctl 75th pctl 90th pctl

20 0.84 0.88 0.93 0.98 1.00

50 0.88 0.93 0.96 0.99 1.01

100 0.92 0.95 0.97 0.99 1.01

200 0.94 0.96 0.98 0.99 1.00

500 0.97 0.98 0.99 1.00 1.00

1000 0.99 0.99 1.00 1.00 1.00

2000 1.00 1.00 1.00 1.00 1.00

Note: Finite-sample bias of our importance sampling method in terms of the foot tra�c in each location. See the text for details.

We now turn to the �nite-sample variance of importance sampling. Even though the systematic bias of

the prediction of importance sampling is limited, the simulation results may not be reliable if the prediction

is noisy. To assess this point, we undertake the same exercise above, but we instead compute the standard

deviation of the customer foot tra�c at each location n across 20 independent simulations. We then divide

this standard deviation by the average value across simulations (LRn ) and take an average across all locations

19



n. In this way, for each R, we obtain the magnitude of the �uctuation of the consumer foot tra�c depending

on the realization of the random draws from the importance sampling.

Figure B.2.2 reports the results. We �nd that the variance of the importance sampling simulation falls as

we increase the number of simulation draws R. When R = 10, the standard deviation of the (normalized)

foot tra�c is close to 0.1, indicating that the distribution of foot tra�c predicted by an independent set of

importance sampling involves 10 percent of sampling error relative to the mean. However, this value falls to

about 5 percent with R = 200 and almost 1 percent with R = 2000. Again, under our choice of R = 200, the

sampling variance is negligible, compared to the cross-location variation of foot tra�c.

Figure B.2.2: Finite-Sample Variance of Importance Sampling: Consumer Foot Tra�c

Note: Finite-sample variance of our importance sampling method in terms of the foot tra�c in each location. See the text for

details.

Lastly, we show that the �nite-sample variance is negligible in our result for counterfactual simulations.

In Figure B.2.3, we present the distribution of the predicted welfare gains from our counterfactual of removing

public transit built since 1960 in Section 8. Compared to the predicted welfare loss of 7.4 percentage point

using one typical simulation in Table 4, the standard deviation of this value across di�erent sets of simulation

is less than 0.01 percentage point. This sampling �uctuation is signi�cantly smaller than the di�erences of

the welfare gains under di�erent model speci�cations presented in Table 4. Therefore, the sampling variation

of the importance sampling does not a�ect our counterfactual simulation results.
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Figure B.2.3: Finite-Sample Properties of Importance Sampling: Welfare Gains from Transportation Infras-

tructure

Note: Finite-sample properties of our importance sampling method in terms of the predicted welfare gains from transportation

infrastructure. The �gure presents the distribution of the predicted welfare gains from our counterfactual of removing public

transit built since 1960 in Section 8 across 20 independent simulations with R = 200.
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C Appendix for Counterfactual Simulation

In this section, we discuss additional details about our counterfactual simulation. Section C.1 details the

system of equations that we use to solve the counterfactual equilibrium. Section C.2 presents additional

results for our counterfactual simulation of Covid-19 pandemic in Section 7. Section C.3 presents additional

results for our counterfactual simulation of transportation infrastructure in Section 8.

C.1 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 counter-

factual equilibrium. We denote the value of a variable in the initial equilibrium by x, the value of this variable

in the counterfactual equilibrium by x′ (with a prime), the relative change in this variable by x̂ = x′/x (with

a hat). Given the changes of travel cost {τ̂I|hj, τ̂Whj }, the counterfactual equilibrium can be computed with

the values of the structural parameters {η, ρ, θ, σ, φ, ξ, αS , αH , βS , βT ,µ, ηW , ηB}, baseline nontradable price

indexes and wages {Pn, wnk}, baseline choice probabilities of residence, workplace, and employment sector

{Ωhjk}, and baseline �oor space {Hk
i , H

U
i }, by solving for the following system of equations:

(i) Changes in Consumption Trips and Anticipated Price Index Using equation (1) and (2),

Λ
′

I|hj =

[(∑
n∈I P

′1−σ
n

)− 1
1−σ /τ

′

I|hj

]θ
∑

`∈Ihj

[(∑
n∈` P

′1−σ
n

)− 1
1−σ /τ

′
`|hj

]θ ,

A′hj =

∑
`∈Ihj

(∑
n∈`

P
′1−σ
n

)− θ
1−σ (

τ
′

`|hj

)θ−
1
θ

,

Ã′αShj = ξA′−αShj + (1− ξ)A′−αSh∅ .

(ii) Changes in Workplace and Residential Decision Using equation (13),

Ω̂hjk =

(
ŵjkB̂hQ̂

−αH
h

ˆ̃AαS

hj τ̂
W
hj

)φ
∑

h′,j′
∑

k∈{S,T}

(
ŵj′k′B̂h′Q̂

−αH
h′

ˆ̃AαS
h′j′ τ̂

W
h′j′

)φ
Ωh′j′k′

.

Together with baseline Ωhjk, we can also compute the changes of the residential and employment population

R̂h and L̂ik using equations (12) and (14).

(iii) Changes in Floor Space From equation (21), the change in this overall quantity of �oor space (Ĥi) is

a weighted average of the changes in the quantities of commercial �oor space in each sector (Ĥik) and the

quantity of residential �oor space (Ĥi,U ):

Ĥi =
HU
i Ĥ

U
i +

∑
k∈K HikĤik

HU
i +

∑
k∈K Hik

, (C.1)
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where the changes in residential �oor space (ĤU
i ) satisfy:

ĤU
h =

ÊhR̂h

Q̂h

, (C.2)

where the change of the average residential income Êh is given by:

Êh =

∑
j,k Ω

′

jk|hw
′

jk∑
j,k Ωjk|hwjk

(C.3)

and the changes in commercial �oor space in each sector (Ĥik) are given by:

Ĥik =
ŵikL̂ik

Q̂i

, k ∈ {T, S}. (C.4)

(iv) Changes in the price of �oor space From equation (23), the change in the price of �oor space (Q̂i)

and the overall quantity of �oor space (Ĥi) are related as follows:

Q̂i = Ĥ
1−µ
µ

i . (C.5)

(v) Changes in Productivity and Amenity From equations (17), (20) and (25),

ÂiS =
(
L̂iS

) βS

σ−1
(
ĤiS

) 1−βS
σ−1

, (C.6)

ÂiT = L̂η
W

iT , (C.7)

B̂n = R̂ηB

n . (C.8)

(vi) Changes in nontraded goods prices From equation (24), the changes in non-traded goods prices

(P̂nS) satisfy:

P̂n =
1

ÂnSL̂
βS

nSĤ
1−βS
nS

∑
h,j,k

∑
I w

′

jkΩ
′

hjkΛ̃
′

I|jhΨ
′

n|I∑
h,j,k

∑
I wjkΩhjkΛ̃I|jhΨn|I

where Λ̃I|hj = ξΛI|hj + (1− ξ) ΛI|h∅.

(viii) Changes in Wages From the zero-pro�t condition (16), the changes in wages in each sector and

location with positive production (ŵik) are given by:

ŵiS =

(
ÂiSP̂i

Q̂1−βS
i

)1/βS

, ŵiT =

(
ÂiT

Q̂1−βT
i

)1/βT

. (C.9)
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C.2 Additional Results for Covid-19 Pandemic Counterfactuals

In this section, we provide additional results and robustness for our Covid-19 Pandemic counterfactuals in

Section 7 of our main paper.

In our baseline speci�cation, we hold employment by residence and workplace {Rn, Ln} and prices

{Pn, wnk, Qn} constant at their values in April 2019, re�ecting the fact that April 2020 is still in the early

stages of the pandemic, before agents could react by changing residence or workplace, and before prices

started to respond. In Figure C.2.1, we compare this counterfactual simulation with an alternative speci�ca-

tion where we allow for the changes of {Rn, Ln, Pn, wnk, Qn} following the general equilibrium speci�cation

of our model in Section 6.

Panel (A) compares our prediction of the changes of consumer foot tra�c between our baseline counter-

factual simulation (“Baseline, PE”) and our full general equilibrium model (“GE”). Compared to our baseline

speci�cation, we �nd a larger reduction in consumer foot tra�c in the center of the city (�rst and second

terciles of the distance to CBD) and a larger increase in the consumer foot tra�c in the suburb (third tercile of

the distance to CBD) under general equilibrium. These patterns are consistent with a shift of residential and

employment population toward suburban areas, as shown in Panel (B). Intuitively, as the travel cost increases

due to Covid-19 pandemic, the relative attractiveness of city center for residence and employment decreases.

These results indicate that the reduction of the demand for nontradable services in the city center is

stronger if the Covid-19 pandemic restricts peoples’ mobility for a longer time horizon.

24



Figure C.2.1: Change of Travel Patterns during Covid-19 Pandemic: General Equilibrium

(A) Consumer Foot Tra�c: Partial Equilibrium vs General Equilibrium

(B) Responses of General Equilibrium Variables

Note: The results of the counterfactual simulation for the Covid-19 pandemic under general equilibrium. See text for details.

Figure C.2.2 presents the robustness of our �nding that our special case of the model shutting down trip

chains cannot generate the decline of foot tra�c in downtown area. In the �gure, we present the change of

consumer foot tra�c by terciles of the distance to CBD as observed in the data and as predicted by the model,

as reported in Panel (B) of Figure 3. “Data,” “Model (Baseline),” and “Model (No Trip Chain)” are identical to

Panel (B) of Figure 3. “Model (No Trip Chain All Sample)” corresponds to the predictions of a special case of

our model without trip chains, where we �t the model using all non-work stays outside the home location,

instead of using the sub-sample of stays in which agents do not go to their workplace and only visit a single
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consumption location as in “Model (No Trip Chain).” Under this calibration, the average distance between

residence and destination locations are assumed to be similar as in our baseline model. Despite this di�erence,

the special case of our model abstracting away trip chains cannot predict a large drop of non-commuting stays

in downtown area. This �nding reinforces our main �nding that trip chaining (particular through workplaces)

is crucial to understanding the decline of foot tra�c to downtown areas during the Covid-19 pandemic shock.

Figure C.2.2: Change of Travel Patterns during Covid-19 Pandemic: Robustness to the Calibration Method of

No Trip Chain Model

Note: Robustness of Panel (B) of Figure 3 on the change of consumer foot tra�c by terciles of the distance to CBD. “Data,” “Model

(Baseline),” and “Model (No Trip Chain)” are identical to Panel (B) of Figure 3. “Model (No Trip Chain All Sample)” corresponds to

the predictions of a special case of our model without trip chains, where we �t the model using all non-work stays outside the home

location, instead of using the sub-sample of stays in which agents do not go to their workplace and only visit a single consumption

location as in “Model (No Trip Chain).”

C.3 Additional Results for Transportation Infrastructure Counterfactuals

In this section, we present additional results for our counterfactual simulation to remove the public trans-

portation infrastructure in Section 8.

In Panel (A) of Figure C.3.1, we present the changes of general equilibrium variables by terciles of the

changes of travel time induced by removing the public transit. We �nd that residential and employment

population, wages, rents, and nontradable price indices fall for places that faced the largest increase in travel

time. Intuitively, the improvement of public transit improves the attractiveness of residences and workplaces

that face a reduction of travel time to surrounding locations. This reallocation of residences and workplaces

lead to the increase of rents, wages, and nontradable service prices through market clearing.

In Panel (B) of Figure C.3.1, we present the changes of general equilibrium variables by terciles of distance

to CBD. We �nd that residential and employment population, wages, rents, and nontradable price indices
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decrease in locations that are furthest from the CBD. This pattern is consistent with the interpretation that

the subways and railways developed between 1960 and 2019 primarily improved access to suburban locations,

as evident from Figure 11.

Figure C.3.1: Counterfactual Simulation of Removing Public Transit: General Equilibrium Variables

(A) By Change of Travel Time

(B) By Distance to CBD
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