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Abstract 

We develop a tractable quantitative framework for modelling the rich patterns of spatial mobility 

observed in smartphone data. We show that travel is frequently undertaken as part of a travel itinerary, 

defined as a journey starting and ending at home that can include more than one intermediate stop on 

a given day. We show that these travel itineraries provide microfoundations for consumption 

externalities and generate rich patterns of complementarity and substitutability between locations. We 

show that the consumption externalities implied by travel itineraries are central to matching quasi-

experimental evidence from the shift to WFH. We find that these consumption externalities are key 

drivers of the agglomeration of economic activity in central cities and shape the relative welfare gains 

from alternative transport improvements in favor of investments in central cities. 
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1 Introduction

Smartphone data have the potential to revolutionize our understanding of spatial mobility,
because they measure travel with high spatial and temporal resolution. We use these data to
show that travel frequently occurs as part of a travel itinerary – a journey starting and ending
at home that can include more than one intermediate stop on a given day. Travel itineraries
allow agents to visit multiple destinations at a lower total travel cost than implied by separate
bilateral journeys to each destination.1 Travel itineraries matter economically, because they
create consumption externalities, and give rise to rich patterns of complementarity and sub-
stitutability between locations. As one location becomes a more attractive destination, and
experiences increased foot tra�c, this makes visits to other nearby locations that are conve-
nient intermediate stops more attractive (complements). At the same time, this redistribution
of foot tra�c makes visits to other locations that are further away and inconvenient intermedi-
ate stops less attractive (substitutes). These consumption externalities shape the organization
of economic activity within cities, because they provide a force for agglomeration. When va-
rieties of non-traded services are clustered closer together or nearby home and work, they can
be consumed at lower total travel costs. These consumption externalities also in�uence the
impact of public policy interventions, because an intervention in one location is transmitted
to other locations through the network of travel itineraries.

Although the empirical relevance of travel itineraries is known, developing tractable quan-
titativemodels of them has proved challenging. First, from an empirical perspective, most pop-
ulation censuses report bilateral commuting travel, but do not measure other types of travel.
Although travel diary surveys report other types of travel, they are typically small-sample sur-
veys rather than censuses, can be collected relatively infrequently, and do not always report
travel sequences with �ne spatial resolution across multiple days. Second, from a theoretical
perspective, travel itineraries involve choosing ordered sequences of locations. With N lo-
cations, there are 2N possible combinations of locations to visit, and many more sequences
in which to visit them. In empirical applications with hundreds of locations or more, it is
computationally infeasible to compute value functions for every sequence. One of our main
contributions is to develop a tractable quantitative framework for modelling travel itineraries,
which overcomes this challenge of a high-dimensional state space using importance sampling.
We show that our quantitative framework is empirically successful in capturing the rich pat-
terns of spatial mobility observed in our smartphone data.

We implement our quantitative framework using smartphone data for the Greater Tokyo

1While we focus on personal travel, similar travel itineraries arise in other contexts in economics, including
for example choices of intermediate stops for trucks, public transit and ships. A distinctive feature of personal
travel itineraries is that they typically start and end at home on a given day.
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metropolitan area. Our data come from a major smartphone mapping application in Japan
(Docomo Chizu NAVI, MyDaiz), which records the Geographical Positioning System (GPS) lo-
cation of each device every 5 minutes (at the highest frequency). We have anonymized data
from 2015, before the COVID-19 pandemic, and data through the middle of 2024 afterwards.
We measure each location visited by a user using a “stay,” which corresponds to no movement
within 100 meters for 15 minutes. We categorize stays as home, work, and non-work. We
de�ne “travel itineraries” as a sequence of stays that starts and ends at home on a given day.
A substantial fraction of these travel itineraries involve multiple intermediate stays, such as
stopping at a bar and a restaurant on the way home after work, or visiting multiple stores as
part of a shopping expedition during the weekend.

We use our smartphone data to provide quasi-experimental evidence of consumption ex-
ternalities. First, we examine the shift to working from home (WFH) in the aftermath of the
COVID-19 pandemic. Consistent with evidence from other countries, we �nd a decline inwork
trips into Central Tokyo following the shift to WFH. Additionally, we �nd that this decline in
work trips goes hand-in-hand with a reduction in non-work trips, which is consistent with
consumption externalities from work travel, and with the idea that these two types of travel
are jointly determined. Second, we report event-study estimates of the impact of the closure of
large retail stores (�oor space of more than 5,000 meters squared). In the months immediately
afterwards, we �nd a decline in non-work stays in both the 250-meter grid cell containing the
closed store and neighboring 250-meter grid cells, consistent with consumption externalities
between locations. In contrast, we �nd no evidence of di�erences in pre-trends in either group
of grid cells beforehand.

We next develop a tractable quantitative model of travel itineraries to rationalize these
empirical �ndings. We consider a city that consists of a set of discrete locations. Agents
choose where to live, where to work, and where to consume non-traded services. Utility is
derived from consumption of a traded good, non-traded services, and residential �oor space.
Agents can separate their residence and workplace, to take advantage of di�erences in wages
and amenities, but they face commuting costs that are increasing in travel time. The traded
good is costlessly traded and homogenous. The consumption of non-traded services involves
costly travel to where they are supplied. Agents have love of variety preferences for non-
traded services, which provides the incentive to consume them from multiple locations. But
agents face travel costs that are increasing in travel time and incur an intermediate-stay cost
for each intermediate location where they consume non-traded services.

Each day, we assume that an agent chooses an ordered sequence of locations to visit, start-
ing and ending at home. On work days, this ordered sequence must include work. On week-
ends, we allow for any ordered sequence starting and ending at home. Each agent is able to
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consume non-traded services from the locations she chooses to visit. Each day, she observes
idiosyncratic preference draws for all possible ordered sequences, and chooses the one that of-
fers the highest utility. In making this choice, she trades o� her love of variety for non-traded
services against the additional travel and intermediate-stay costs from consuming non-traded
services frommore locations. Travel costs provide the incentive for agents to chain trips along
a travel itinerary, rather than making separate bilateral journeys between home and each des-
tination. Intermediate-stay costs provide the reason why agents in general choose to visit a
strict subset of locations. We show that these travel itineraries give rise to systematic depar-
tures from a gravity equation for consumption travel. The probability that an agent travels
between an origin and destination depends not only on the travel time between that origin
and destination, but also on the travel time of the destination from home and work.

We overcome the high-dimensionality of the choice set implied by travel itineraries using
importance sampling. This method uses a Monte Carlo simulation from an auxiliary distribu-
tion, and adjusts the sampling rate based on the likelihood ratio between the true distribution
and the auxiliary distribution. We choose this auxiliary distribution so that we avoid com-
puting travel probabilities over the set of all possible travel itineraries, thereby avoiding the
curse of dimensionality. We estimate the model’s parameters using a method-of-moments es-
timation procedure, which minimizes the distance between moments in the simulation and
the observed data. We show that our estimated model provides a good �t to observed patterns
of spatial mobility for both targeted and untargeted moments.

We show that our model of travel itineraries rationalizes our quasi-experimental evidence
of consumption externalities from the shift toWFH.We interpret the shift toWFH in themodel
as a change in the commuting technology that allows workers to commute into the o�ce for
fewer days each week. In our model of travel itineraries, we show that the resulting reduction
in work trips to the central city leads to a collapse in non-work trips there, as workers no
longer stop o� to consume non-traded services along the way to and from work. In contrast,
in a conventional urban model in which all consumption travel occurs directly from home,
we �nd little evidence of a collapse in non-work trips in the central city, because workers
consume non-traded services from home regardless of where they work. Several studies have
documented this collapse in non-traded services activity in central cities. Our contribution
is to show that travel itineraries provide a micro-founded mechanism for the consumption
externalities that explain this collapse in non-traded services activity.

We next show that consumption externalities from travel itineraries generate a quantita-
tively important force for the agglomeration of economic activity in the central city. We under-
take a counterfactual in which we shut down travel itineraries by assuming that intermediate-
stay costs become prohibitive. In this counterfactual, we �nd that employment in both traded
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and non-traded sectors in the most central locations falls by up to one half. The fall in employ-
ment in the nontraded sector occurs because this sector relies on demand from in-commuters
through their travel itineraries. The fall in employment in the traded sector occurs because
the attractiveness of the most central locations as a workplace depends on the availability
of nontraded services along commuters’ travel itineraries. These two forces generate a posi-
tive feedback loop between the non-traded and traded sectors, thereby providing a force for
agglomeration in the central city. Our results indicate that travel itineraries provide a micro-
foundation for a �ourishing city center with a wide range of non-traded services supported
by a dense transport network, as in Tokyo, London, New York City, or Paris.

Finally, we show that travel itineraries provide a stronger rationale for transport infras-
tructure targeted toward the central city. To illustrate this point, we use our model to evaluate
two speci�c transport improvements, one within the central city connecting subcenters (Ya-
manote Line), and another connecting the central city to the suburbs (Chuo Line). Abstracting
from travel itineraries leads to an undervaluation of the welfare gains from these transport
improvements for two main reasons. First, it underestimates travel cost parameters (because
of the assumption that all travel occurs from home). Second, it undercounts travel that occurs
within multi-stay travel itineraries. Together, these two forces lead to a larger undervalua-
tion of the welfare gains from the urban-circular route of the Yamanote Line, because it is
disproportionately used for multi-stay travel itineraries (stopping o� at intermediate destina-
tions while commuting from home to work). Therefore, taking travel itineraries into account
changes the relativewelfare gains from alternative transportation infrastructure interventions,
in favor of investing in urban commercial centers.

The remainder of the paper is structured as follows. Section 2 discusses the relationship
between our research and the existing literature. Section 3 introduces our data. Section 4
presents stylized facts and quasi-experimental evidence that motivate our theoretical model.
Section 5 introduces and estimates our travel itinerary model. Section 6 embeds this travel
itinerary speci�cation in a general equilibrium quantitative urbanmodel. Section 7 undertakes
our counterfactuals. Section 8 concludes.

2 Related Literature

Our work is related to several lines of existing research. We contribute to the theoretical and
empirical literature on the internal structure of cities, including monocentric city models (e.g.,
Alonso 1964; Mills 1967; Muth 1969), polycentric city models (e.g., Fujita and Ogawa 1982; Lu-
cas and Rossi-Hansberg 2002), and more recent quantitative urban models (e.g., Ahlfeldt et al.
2015; Allen et al. 2017; Monte et al. 2018; Dingel and Tintelnot 2023; Tsivanidis 2024). Whereas
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this literature has traditionally focused on commuting, we develop a tractable model of travel
itineraries that can account for the rich patterns of spatial mobility observed in smartphone
data, including intermediate stays between home and work.

Other research has argued that endogenous amenities are a force for agglomeration (e.g.,
Glaeser et al. 2001; Florida 2009; Diamond 2016; Gechter and Tsivanidis 2023; Leonardi and
Moretti 2023). One strand of this literature studies how endogenous amenities a�ect residential
income segregation, gentri�cation and demographic sorting (e.g., Allen et al. 2017; Balboni
et al. 2021; Hoelzlein 2023; Couture et al. 2024; Almagro and Domínguez-Iino 2024). Another
strand analyses the role of spatial and social frictions within cities (e.g., Couture 2016; Davis
et al. 2019; Su 2022; Hausman et al. 2023; Lee and Tan 2024; Vitali 2024). In contrast, we
develop a model in which agents consume non-traded services along travel itineraries through
geographic space. We show that these travel itineraries provide microeconomic foundations
for consumption externalities as a force for agglomeration.

We also contribute to existing research on shopping externalities between stores. Theoret-
ical studies have considered models with stylized geographies, in which shopping externalities
provide a reason for stores to colocate, including Eaton and Lipsey (1982); Claycombe (1991);
and Ushchev et al. (2015). Empirical research has provided quasi-experimental evidence of con-
sumption externalities from the openings or closings of large retail stores and online shopping,
including Shoag and Veuger (2018); Benmelech et al. (2019); Koster et al. (2019); Relihan (2022);
and Qian et al. (2024). We develop a tractable quantitative model of travel itineraries that mi-
crofounds these consumption externalities in primitive assumptions about travel behavior and
can be used to study their general equilibrium implications. We show that our framework is
successful in explaining patterns of spatial mobility in our smartphone data and the collapse
in foot tra�c in downtown areas following the shift to WFH.

Our paper is also related to empirical research on travel behavior using data from travel
surveys and other sources. This research has established a number of stylized facts about travel
behavior. First, non-commuting trips are pervasive. For example, in the 2017 National House-
hold Transportation Survey, more than 67 percent of all trips by privately-owned vehicles
were for purposes like shopping, errands or recreation (see also CATS 1956, Transportation
Research Board 2006 and Agarwal et al. 2020).

Second, non-commuting trips are closely related to the availability of nontraded services.
Using credit card transactions data for the United States, Einav et al. (2021) �nds that the
extensive margin of the number of customers accounts for around 80 percent of sales variation
across establishment, highlighting the importance of local foot tra�c. Third, non-commuting
trips are concentrated closer to home than commuting trips. Using travel survey and Google
business data for the United States, Couture (2016) �nds that the median trip to a restaurant is
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about 3 miles and lasts 10 minutes, with higher mean values of 6 miles and 14.5 minutes, both
of which are shorter than commuting distances and times.

Fourth, non-commuting trips frequently occur as part of a travel itinerary (or trip chain),
consisting of a sequence of intermediate stops within a single journey, as reviewed in Thill
and Thomas (1987). Fifth, the COVID-19 pandemic and the shift to WFH led to substantial
changes in spatial mobility. Using U.S. data, Couture et al. (2022) shows that mobility be-
tween counties fell substantially during the COVID-19 pandemic. Building on the Dingel and
Neiman (2020) measure of the potential for remote working, Altho� et al. (2022), Delventhal
and Parkhomenko (2022), Gokan et al. (2022) and Gupta et al. (2022b) show that the centers of
large cities were most exposed to the shift to WFH. Comparing small and large cities, Monte
et al. (2025) argue that greater WFH in large cities re�ects a shift between multiple equilibria.
More generally, Barrero et al. (2023) review existing empirical evidence on WFH.

Subsequent to our work, Oh and Seo (2023) develops a model of trip-chaining. Agents
face a sequential probabilistic decision problem, such that when choosing whether to visit one
location, they do not knowwhether they will continue to another location or return home, and
in which returning home is assumed to be costless. These assumptions imply that the choice
probability of traveling to a subsequent destination is the same for all agents and does not
depend on their home or work locations. While these assumptions reduce the dimensionality
of the state space, they abstract from important real-world features of spatial mobility that are
captured by our framework. In particular, the assumption that it is costless to return home
is hard to reconcile with evidence that the probability of travelling between an origin and
destination is correlatedwith the travel time of the destination from home andwork, even after
controlling for the travel time between the origin and destination. In contrast, we allow agents
to plan travel itineraries in advance, including the number of destinations and the sequence in
which to visit them, anticipating the costs of returning home. Therefore, our model provides a
natural explanation for why travel time from home and work matters for travel probabilities,
even after controlling for travel times between an origin and destination.

Methodologically, we overcome the high-dimensionality of the choice set of travel
itineraries using importance sampling methods following Kloek and van Dijk (1978) and
Ackerberg (2009). While we apply ourmethod to travel itinerary choice, it is broadly applicable
to discrete choice models with high-dimensional state spaces, such as bundled products and
store choices (e.g., Thomassen et al. 2017), plant location choices (e.g., Jia 2008; Ober�eld et al.
2024), import choice problems (e.g., Antràs et al. 2014), or route-choice problems for trucking
and shipping (e.g., Brancaccio et al. 2020; Allen et al. 2021a; Allen and Arkolakis 2023).

In each of these settings, existing research either makes additional assumptions, such as
global supermodularity or submodularity (e.g., Jia 2008; Antràs et al. 2014; Arkolakis et al.
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2022); relies on speci�c functional form assumptions for trade costs (e.g., Allen and Arkolakis
2023); or limiting parameter values (e.g., Ober�eld et al. 2024). In comparison, our method is
typically more computationally intensive, because it involves Monte Carlo simulation.2 But
an advantage is that we are not required to consider these limiting speci�cations.

In our framework, locations can be either substitutes or complements for one another in
consumption. Therefore, our work relates to existing research in industrial organization that
allows choices to be either substitutes or complements, including Gentzkow (2007), Berry et al.
(2014), Thomassen et al. (2017), and Ruiz et al. (2020). For example, the opening of a shopping
center in one part of town can increase consumption trips to locations that are nearby or along
the way (complements in consumption), but reduce consumption trips to an existing shopping
center in another part of town (substitutes in consumption).

Finally, our work is related to the growing body of research that uses smartphones or
other “big data” to measure spatial mobility. Researchers have used travel surveys (e.g., Cou-
ture 2016; Couture et al. 2018, Zárate 2021); credit card data (e.g., Agarwal et al. 2020; Allen
et al. 2021b; Dolfen et al. 2023); ride-sharing data (e.g., Gorback 2021; Bucholz et al. 2024); car
navigation data (e.g., Hausman et al. 2023); and cellphone and smartphone data (e.g., Büchel
et al. 2020; Athey et al. 2021; Gupta et al. 2022a; Atkin et al. 2022; Couture et al. 2022; Kreindler
and Miyauchi 2023). Our main contribution is to develop a tractable quantitative framework
for modelling the rich patterns of spatial mobility observed in these data. We show that travel
itineraries give rise to consumption externalities that rationalize our quasi-experimental em-
pirical �ndings for the shift to WFH, provide a force for agglomeration, and shape the impact
of public policy interventions.

3 Data Description

In this section, we introduce our smartphone data and other data sources.

3.1 Smartphone GPS Data

Our main data source is one of the leading smartphone mapping and navigation applications
in Japan: Docomo Chizu NAVI and MyDaiz. 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 up to every 5 minutes (at the highest frequency)

2While we use Monte Carlo simulation based on importance sampling to overcome the high-dimensionality
of travel itinerary decisions, Dingel and Tintelnot (2023) uses Monte Carlo simulation to address small sample
variation (granularity) with spatially-disaggregated data. As part of our importance sampling approach, we allow
in our Monte Carlo for this small sample variation (granularity).
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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 infor-
mation on the geographical movements of users throughout each day. The high frequency
nature of this data is particularly useful for studying travel itineraries.

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 lo-
cations 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 �rst 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.3 The sample size is large; for July 2019 alone, the data include 351
million stays among 3.1 million users (approximately 2.5 percent of the Japanese population).
We use data on the sequences of stays of an anonymized random 10% of users with the nec-
essary level of spatial aggregation to deidentify individuals.

This pre-processing also categorizes all stays in each month into three categories of home,
work and non-work. “Home” and “work” are de�ned as the centroids of the �rst and second
most frequent locations of geographically contiguous stays, respectively.4 Due to the increased
coverage of users over time, we weight each observation by the sampling rate relative to the
o�cial residential population for each municipality and year from the population registry
of Japan (Statistics Bureau of Japan 2023). In Subsection 3.2 and Online Appendix A.3.1, we
show that our measures of commuting patterns based on our smartphone data closely replicate
administrative data on employment by workplace both before and after the COVID-19 pan-
demic, and bilateral commuting �ows. Stays that are neither “home” nor “work” are classi�ed
as “non-work” and are interpreted in the model as trips to consume non-traded services.5

We focus on the sample of users with home and work locations in the Tokyo Metropolitan
Area (which includes the four prefectures of Tokyo, Chiba, Kanagawa and Saitama). Together,
these prefectures cover an area of about 13,500 square kilometers and include around 36 mil-
lion residents. These prefectures are disaggregated into 242 municipalities (excluding islands)
and 10,170 Oaza (sub-districts). Using more disaggregated units provides greater spatial reso-
lution, but it increases the dimensionality of the state space of travel sequences in the model.

3See Patent Number “JP 2013-89173 A” and “JP 2013-210969 A 2013.10.10” for the detailed proprietary algo-
rithm. This algorithm involves processes to o�set the potential noise in measuring GPS coordinates.

4See the above patents for the detailed proprietary algorithm. This algorithm assigns work as missing if
the user is not active for a su�cient number of days in the data set (among several additional criteria), which
applies to about 30 percent of all users. Online Appendix A.8 shows that the probability of work being missing
is uncorrelated with the observable characteristics of the municipality of residence.

5While some non-work stays could re�ect social or business trips, Online Appendices A.3.2, A.5 and A.6.2
provide evidence that shopping trips are the most frequent category of non-work stay and that non-work stays
are strongly positively correlated with employment in non-traded service sectors.
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We choose a point on this trade-o� that achieves reasonable spatial resolution and a man-
ageable state space. Our baseline sample for our travel itineraries model uses Oaza in the 23
wards (municipalities) in Central Tokyo and municipalities in the suburbs, which yields 1,100
spatial units.6 In some of our reduced-form speci�cations, we also report results using Oaza
throughout Tokyo or further disaggregating Oaza into 250 ⇥ 250 meter grid cells.

Our baseline estimation sample includes data from the year 2019 before the COVID-19
pandemic. When we examine the shift to WFH in the aftermath of the COVID-19 pandemic,
we use data from 2020 to September 2024. When we provide evidence on retail store closures,
we also use data from the earlier time period from 2015-9. To abstract from overnight trips, we
focus on the sub-sample of user-day observations for which the �rst and last stay of a travel
day is the home location. Travel days are de�ned to start at 4.00am and end at 3.59am, in line
with patterns of night-time home stays in our smartphone data. We refer to sequences of stays
that start and end at home on a given travel day as “travel itineraries.”

Choosing the time threshold at which to measure a “stay” involves a trade-o�. On the one
hand, true visits to destinations can be brief (e.g., stopping to pick up a take-away co�ee),
which implies that a long time threshold could exclude some true stays. On the other hand,
travellers can experience delays (e.g., a bus stuck in tra�c), which implies that a short time
threshold could include some false stays. To the extent that some true visits to locations last
less than our threshold of 15 minutes, we could undercount the number of stays, and hence
the number of multi-stay travel itineraries. Even if such undercounting exists, we show below
that multi-stay travel itineraries based on our measures of stays are pervasive. Although the
pre-processing of our data makes it hard for us to consider thresholds of less than 15 minutes,
we report the robustness of our travel itinerary statistics to the use of longer time thresholds
of 20 and 30 minutes to measure stays in Online Appendix A.7. We demonstrate a similar pat-
tern of empirical results using these alternative time thresholds, con�rming that our empirical
�ndings are not sensitive to the exact time threshold chosen.

We complement our smartphone data with a number of other spatially-disaggregated data
sources. We use employment by workplace from the Economic Census (2016, 2021) and com-
muting �ows from the Population Census (2010, 2015) for validating our smartphone data,
complementing our descriptive and reduced-form analyses, and calibrating our model. We
construct travel times by least-cost path between the centroids of each of our locations us-
ing the ArcGIS Network Analyst, shape�les of railways and bus networks, and assumed travel
speeds. We compile a range of data on the shift toWFH in the aftermath of the COVID-19 pan-

6Since the suburbs have lower economic activity than the center, this choice of spatial units helps to ensure
more similar levels of economic activity across locations. In Online Appendix A.7, we provide evidence on the
robustness of our �ndings for the properties of travel itineraries across di�erent levels of spatial aggregation.
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demic, including o�ce rents and the number of establishments obtained from phone directory
records. See Appendix A.9 for further details.

3.2 Validation of Smartphone Data Using Census Commuting Data

We now report a validation of our smartphone data and “home” and “work” location classi�ca-
tion. In Panel (A) 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,
both for the pre-COVID period (2019) and the post-COVID period (2021). We �nd a tight and
approximately log-linear relationship between them, both in the pre-COVID period (a slope
coe�cient of 0.939 with an R-squared of 0.990) and the post-COVID period (a slope coe�cient
of 0.933 with a standard error of 0.007 with an R-squared of 0.988).

Figure 1: Validation of our Smartphone Employment and Commuting Data

(A) Employment Location (B) Commuting Flows

Note: In Panel (A), the vertical axis is the log of the number of smartphone users with a work location in the
municipality divided by its geographic area (weighted by the sampling rate relative to the o�cial residential
population for each municipality and year from the population registry of Japan (Statistics Bureau of Japan 2023))
in 2019 (pre-COVID) and 2021 (post-COVID), and the horizontal axis is the log of employment by workplace
in that municipality from the Employment Census in 2016 (pre-COVID) and 2021 (post-COVID) divided by its
geographic area. In Panel (B), we report the results of gravity equation estimation including indicator variables
for deciles of bilateral distance and residence and workplace �xed e�ects using the Poisson Pseudo Maximum
Likelihood (PPML) estimator; the solid black line and dark gray shading show the estimated coe�cients on the
decile indicators and 95 percent con�dence intervals using the o�cial Population Census data for 2015; the
dashed black line and light gray shading show the estimated coe�cients on the decile indicators and 95 percent
con�dence intervals using our smartphone data for 2019. The de�nitions of home and work in the smartphone
data are discussed in the text of Subsection 3.1 above.

In Panel (B) of Figure 1, we show that bilateral commuting �ows from our smartphone
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data have a similar rate of spatial decay with geographic distance as the o�cial census data.
We estimate a gravity equation for bilateral commuting �ows using both our smartphone
commuting data and the census commuting data between pairs of municipalities. We use the
Poisson Pseudo Maximum Likelihood (PPML) estimator and include indicators for deciles of
bilateral distance and residence and workplace �xed e�ects. The �gure displays the estimated
coe�cients on the decile indicators (black lines) and the 95 percent con�dence intervals (gray
shading). The solid black line and dark gray shading show results using the Population Census
commuting data for 2015. The dashed black line and light gray shading show results using
our smartphone data for our baseline sample period for 2019. We �nd that these two sets of
estimates lie close to one another, particularly for commutes of less than 50 kilometers, which
account for the vastmajority of observed bilateral commuting �ows. In OnlineAppendix A.3.1,
we show that the origin and destination �xed e�ects and residuals estimated using the census
data and smartphone data align closely, providing further evidence that our smartphone data
closely replicate patterns of commuting in o�cial census data.

In the Online Appendix, we provide a series of further validation checks on our smart-
phone data. In Online Appendix A.2, we demonstrate its representativeness by examining its
coverage by residence characteristics (income, age and distance to city center) and workplace
characteristics (employment by industry and distance to city center). In Online Appendix
A.3.2, we show that patterns of spatial mobility in our smartphone data are consistent with
those in travel survey data for Tokyo. In Online Appendix A.4, we show that we �nd an in-
tuitive daily pattern of the timing of home and work stays, with home stays tending to occur
during nighttime (outside 6am-9pm), and both work and non-work stays tending to occur
during the daytime (from 6am-9pm). In Online Appendix A.6, we show that our smartphone
data captures the �ve stylized facts about travel behavior from existing empirical research that
were discussed in the related literature section above.

4 Patterns of Spatial Mobility

We now provide further evidence on the properties of travel itineraries and consumption ex-
ternalities that motivate our theoretical model below.

4.1 Properties of Travel Itineraries

Travel itineraries with intermediate stops are a pervasive feature of spatial mobility. In Panel
A of Table 1, we report the number of work stays and non-work stays (outside home) in our
smartphone data. Onweekdays, the average smartphone usermakes 1.08work stays, 1.57 non-
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work stays, and 1.05 travel itineraries with one or more intermediate stop.7 On weekends, the
corresponding averages are 0.43 work stays, 1.84 non-work stays, and 1.04 travel itineraries
with one or more intermediate stop. Therefore, on both work and non-work days, most stays
occur as part of a single travel itinerary that day (many of which are multi-stay), instead of
travelling back and forth between home and each destination separately.

Table 1: Patterns of Travel Itineraries

(A) Number of Stays (Outside Home) and Travel Itineraries

Day Type Work Stays Non-work Stays Travel Itineraries

Weekdays 1.08 1.57 1.05
Weekends 0.43 1.84 1.04

(B) Number of Stays (Outside Home) within a Travel Itinerary

Number of Stays All (%) Weekdays (%) Weekends (%)

1 42 40 47
2 25 25 25
3 14 14 13
4 7 8 6
5+ 12 12 8

(C) Patterns of Travel Itineraries including at Least One Work Stay

Categories Share (%)

1-HWH 42
2-HNWH 10
3-HWNH 25
4-HNWNH 8
5-Other 15

Note: Panel (A) shows the number of work stays, non-work stays (outside home), and travel itineraries on week-
days and weekends, respectively; Panel (B) shows the frequency distribution of the number of stays (including
bothwork and non-work stays outside the home) across travel itineraries; Panel (C) shows the frequency distribu-
tion of sequences of stays for travel itineraries including at least one work stay: (i) Home-Work-Home (HWH); (ii)
Home-Nonwork-Work-Home (HNWH); (iii) Home-Work-Nonwork-Home (HWNH); (iv) Home-Nonwork-Work-
Nonwork-Home (HNWNH); (v) Other. The �nal Other category includes sequences with more than one work
stay, such as Home-Work-Nonwork-Work-Home, and those with more than one consecutive non-work stay, such
as Home-Nonwork-Nonwork-Work-Home.

Travel itineraries di�er substantially in the number of intermediate stops. In Panel B of
Table 1, we show the shares of travel itineraries with each number of stays outside home. On
weekdays, 42 percent of travel itineraries contain only one stay outside the home, again con-

7The average number of work stays can be greater than one on weekdays, because workers can leave their
workplace during the day and return there later the same day (e.g., after lunch elsewhere).

12



�rming that direct trips account for a minority of travel. Around 25 percent of weekday travel
itineraries include two stays outside the home, with the remaining 33 percent containing three
or more stays outside the home. The frequency of observing a travel itinerary is decreasing in
the number of stays, except for the �nal aggregated 5+ category.

Travel itineraries also di�er substantially in the sequences in which stays occur. In Panel
C of Table 1, we report the shares of travel itineraries including work with the following �ve
sequences of stays: (i) Home-Work-Home; (ii) Home-Nonwork-Work-Home; (iii) Home-Work-
Nonwork-Home; (iv) Home-Nonwork-Work-Nonwork-Home; and (v) Other, which includes
sequences with more than one work stay, such as Home-Work-Nonwork-Work-Home, and
those with more than one consecutive non-work stay, such as Home-Nonwork-Nonwork-
Work-Home. Category (i) corresponds to a direct trip to work. We �nd that the majority of
travel itineraries including work encompass non-work stays, with the most frequent sequence
involving one non-work stay either on the way to work or back home (category (ii) plus (iii)).

An implication of the inclusion of multiple stays within a single trip is interdependencies
in travel behavior, because an agent’s decision to travel between a pair of locations depends
on the characteristics of all locations included in the same itinerary.8 This interdependence
gives rise to consumption externalities between locations. We now use two separate sources
of quasi-experimental variation to provide evidence of these consumption externalities.

4.2 Working from Home (WFH)

In our �rst empirical application, we provide evidence on the changes in travel behavior in
Central Tokyo following the shift to WFH. We use our smartphone data at the Oaza (sub-
district) level for the Tokyo Metropolitan Area as a whole.

Panel (A) of Figure 2 shows the evolution of mean log work stays from the beginning
of 2019 to September 2024. We report these mean levels of foot tra�c separately for Oaza
with 2km of the central point of Tokyo’s central business district (CBD); for Oaza with high-
employment density (top 10 percentiles; excluding those in the CBD), medium-employment
density (50-90th percentiles), and low-employment density (0-50th percentiles), where em-
ployment density is measured in 2019 before the pandemic. Panel (B) shows the evolution of
mean log non-work stays (neither home nor work) over the same time period for the same
four groups of locations.

Even after widespread vaccine availability and the end of the COVID-19 pandemic, we
�nd a pronounced reduction in work stays in Tokyo’s CBD and in other high-employment

8In Figure A.7.1 of the Online Appendix, we show that non-work stays tend to occur closer to work locations
than to home locations during daytime on weekdays, while the opposite is true for nighttime on weekdays and
throughout the day on weekends, indicating spatial interdependency of work and non-work stays. We present
related evidence of an extended gravity equation and show that our model captures this pattern in Section 5.7.
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density locations (Panel A). This pattern of results for work stays is in line with �ndings for
other cities, and is consistent with increased remote and hybrid working, which reduces the
number of days on which people commute into work. More notably, we �nd a similar and
quantitatively larger change for non-work stays as for work stays, with the largest reductions
observed in Tokyo’s CBD and other high-employment density locations (Panel B).

Figure 2: Collapse in Downtown Foot Tra�c Following the Shift to Working from Home

(A) Work Stays (B) Non-work Stays

Note: Panel (A) shows mean log number of work stays over time; Panel (B) shows mean log number of non-
work stays (neither home nor work) over time; gray vertical shading corresponds to periods when the Japanese
government issued advisories to stay at home; central business district (CBD) corresponds to within 2km from the
centroid of the Oaza of Chiyoda ward; high-density corresponds to Oaza with employment densities in the top
10 percent (excluding those in the CBD); mid-density corresponds to Oaza with employment densities from the
50-90th percentiles (excluding those in the CBD); low-density corresponds to Oaza with employment densities
from the 0-50th percentiles (excluding those in the CBD).

The combination of these �ndings for work and non-work stays reveals the interdepen-
dencies in travel behavior and consumption externalities introduced by travel itineraries. As
fewer workers commute into work in central locations following the shift to WFH, this re-
duces the demand for non-traded services (e.g., co�ee shops and bars), because fewer people
stop o� to consume these non-traded services along the way to and from work. The resulting
reduction in non-traded employment in central locations further reduces demand for non-
traded services, as these displaced workers no longer stop o� to consume non-traded services
along the way to and from work. Finally, the resulting contraction in available varieties of
non-traded services in central locations reduces the attractiveness of commuting into work
in these locations. Consistent with these interpretations, we �nd a drop in o�ce rents and
the number of non-traded service establishments in central Tokyo following the shift to WFH
(see Online Appendix B including Figures B.4.2 and B.4.3). We show that our estimated travel
itinerary model can successfully replicate these patterns in Section 7.1.
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Several studies have documented reductions in overall foot tra�c in central cities following
the shift to WFH (e.g., Couture et al. 2022, Altho� et al. 2022, Gokan et al. 2022, Delventhal
and Parkhomenko 2022, Monte et al. 2025; see Barrero et al. 2023 for a survey). Our empirical
contribution here is to show that the decline in work trips goes hand-in-hand with a decline
in non-work trips, thereby revealing the interdependencies between these two types of travel
created by travel itineraries. Our theoretical contribution is to develop a tractable model of
travel itineraries that overcomes the resulting high dimensionality of the state space. We show
that travel itineraries provide microfoundations for the consumption externalities that cause
this decline in non-work trips in central cities.

4.3 Closure of Large Retail Stores

In our second empirical application, we provide evidence of consumption externalities using
the closure of large retail stores. We use data on all large-scale retail stores with a sales �oor
area of 5,000 square meters or more that were present in the Tokyo metropolitan area from
2015 to 2019. Among these large retail stores, we classify those that had closed by 2019 as the
treatment group, and the remaining stores as the control group.

To examine the distance over which consumption externalities extend, we use our smart-
phone data disaggregated by 250⇥250 meter geographical grid cells. We de�ne a grid cell that
contains a large retail store as a directly-a�ected grid cell. We construct a series of concentric
distance rings around each directly-a�ected grid cell to capture spillover e�ects on neighbor-
ing grid cells. Our sample includes the directly-a�ected and neighboring grid cells for closed
large retail stores (treatment group) and surviving large retail stores (control group).

We index large retailers by r and the grid cells containing them by i(r). Observations are
grid cells (i(r)) and months (t). We denote distance rings by d 2 DR, where DR is the set
of distance rings. We de�ne distance ring 0 as the directly-a�ected grid cell. The remaining
distance rings are of 300 meters width and contain grid cells with centroids up to 2,100 meters
from a directly-a�ected grid cell. For example, the 300-meter distance ring includes grid cells
with centroids within 0-300 meters of the centroid of the directly-a�ected grid cell.9

One challenge in estimating the impact of retail store closure is that the decision to close
a store is unlikely to be random. Focusing on large stores that are typically part of national
chains partially helps to alleviate this concern, because the decision to close a store is often
in�uenced by national considerations, such as the trajectory of sales across the entire na-
tional chain, rather than simply the trajectory of sales for the closed store. We control for

9To avoid spurious �ndings of spillovers driven by the directly-a�ected grid cell of one large retailer lying in
the neighboring grid-cell of another large retailer, our baseline speci�cation drops all grid cells in which there is
overlap between either the directly-a�ected and/or neighboring grid cells of multiple large retailers.
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time-invariant unobserved heterogeneity between treatment and control grid cells (through
the location �xed e�ect). We also control for di�erential time trends for directly-a�ected and
neighboring grid cells using distance ring times month �xed e�ects. Our identifying assump-
tion is parallel trends between the treatment and control grid cells in the absence of the retail
store closure. As a check on this identifying assumption, we examine pre-trends in the months
leading up to closure. We estimate the following event-study speci�cation:

log Yi(r)t =
TX

x=�T

X

d2DR

�dx

�
Dd

i(r) ⇥ Ci(r)x

�
+ ⌘i(r) + ⇠dt + ui(r)t (1)

where x denotes months relative to treatment (before or after closure); the excluded category
is the month in which closure occurs (x = 0); we consider windows of 24 months before
and after closure (T = 24); �dx are the treatment coe�cients of interest on interaction terms
between dummy variables for grid cell i(r) lying within distance ring d (Dd

i(r)) and dummy
variables for grid cell i(r) in period x before or after closure (Ci(r)x); ⌘i(r) are grid cell �xed
e�ects; ⇠dt are distance ring ⇥ month �xed e�ects; ui(r)t is a stochastic error.

A recent empirical literature has highlighted that the interpretation of the two-way �xed
e�ects estimator in event-study speci�cations can be problematic in the presence of a variable
timing of the treatment (as in our application) and treatment heterogeneity. Therefore, we
use the estimator of Borusyak et al. (2024) for our baseline speci�cation, which is robust to
this concern. In our empirical application, we �nd a relatively similar pattern of estimated
treatment e�ects using alternative event-study estimators, as discussed in further detail in
Online Appendix C. We weight observations by the number of non-work stays in each grid
cell in 2014 before the beginning of our sample period. We cluster the standard errors by grid
cell to allow for serial correlation in the error term over time.

Panel (A) of Figure 3 shows the estimated treatment e�ects for the directly-a�ected grid
cell (�⌧ ) from our event-study speci�cation using the Borusyak et al. (2024) estimator. We �nd
little evidence of di�erences in pre-trends, with estimated coe�cients for negative treatment
months that are close to zero and statistically insigni�cant. Immediately after the large retail
store closure, we �nd a substantial and statistically signi�cant decline in the number of non-
work stays in the treated location by approximately 0.80 log points. This decline persists for
at least 24 months, with some slight attenuation over time, consistent with new uses being
found for the vacated �oor space.

Panel (B) of Figure 3 shows the estimated spillover e�ects for the immediately-neighboring
300-meter distance ring. As for the directly-a�ected location, we �nd little evidence of di�er-
ences in pre-trends, with estimated coe�cients for negative treatment months that are close
to zero and statistically insigni�cant. Immediately after the large retail store closure, we �nd

16



Figure 3: Direct and Spillover E�ects of the Closure of Large Retail Stores on Non-work Stays

(A) Directly-a�ected Grid Cell (B) Immediately-neighboring Grid Cell

Note: Estimated treatment-month interactions (�dx) for the impact of large retail store closures (�oor space >
5, 000meters squared) on non-work stays from equation (1)); Panel (A) shows estimates for the directly-a�ected
grid cell; Panel (B) shows estimates for the immediately-neighboring 300-meter distance ring; observations are
250⇥ 250meter grid cells and months in Tokyo from January 2015 to December 2019; dependent variable is the
log number of non-work stays (neither home nor work); event-study speci�cation estimated using the Borusyak
et al. (2024) estimator; treatment months before -24 and after +24 are binned into the �rst and last categories;
circles denote the point estimates; vertical bars indicate the 95 percent con�dence intervals based on standard
errors clustered by 250 ⇥ 250 meter grid cell; estimation with the full sample is infeasible because of the large
control group and hence we report results using a 5 percent random sample of the control group.

a substantial decline in non-work stays in neighboring locations, which is statistically signif-
icant at conventional critical values. Since we only measure non-work stays when there is no
movement for a period of more than 15 minutes, these spillover e�ects are not driven by a
mechanical reduction in the number of people travelling through neighboring locations, but
rather re�ect a reduction in the number of distinct visits to these neighboring locations. Al-
though the spillover e�ects are naturally smaller in absolute magnitude than the direct e�ects,
they are substantial and equal to around 0.20 log points.10

In Figure C.3.1 of Online Appendix C, we report a more parsimonious di�erence-in-
di�erences speci�cation, in which we aggregate months before and after treatment. We �nd
that the spillover e�ects decrease sharply in distance from the large-retail store closure. The
e�ects for 600-meter distance ring decrease to 0.05 log points, and the e�ects are further at-
tenuated for more distant rings.

Therefore, consumption externalities are not only a feature of the shift to WFH, but are
also observed more broadly for the closure of large retail stores. Travel itineraries provide a
natural explanation for these empirical �ndings. As the retail store closure reduces foot tra�c

10These �ndings of consumption externalities using our Japanese smartphone data are consistent with a range
of existing evidence for retail store openings and closings, including Shoag and Veuger (2018), Benmelech et al.
(2019), Koster et al. (2019), Relihan (2022) and Qian et al. (2024).
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in the location containing the closed store, this in turn depresses foot tra�c in neighboring
locations, because fewer agents now stop o� in those neighboring locations as convenient
intermediate stops along travel itineraries to the closed store.

5 Travel Itinerary Model

In this section, we �rst develop our model of travel itineraries. We next estimate our model us-
ing our smartphone data and show that it provides a good approximation to observed patterns
of spatial mobility in our smartphone data.

5.1 Theoretical Framework

We assume that preferences are separable in the consumption of traded goods and non-traded
services, which enables us to focus in this section on non-traded services consumption. We
assume that the sub-utility function for non-traded services is homothetic, which allows us to
characterize consumption choices using the unit expenditure function or price index.

We consider a city that consists of a set of locations: N ⌘ {1, . . . ,N}. Wemodel the choice
of travel itinerary for an agent with home h 2 N and workplace j 2 {N, ;} on a given day.
The inclusion of j = ; in the set of workplaces allows for non-workdays (weekends) when an
agent does not travel to work. We index travel itineraries by I 2 Ihj , where Ihj is the set of
possible travel itineraries for an agent with home h and workplace j. We denote C(I) ✓ N as
the subset of locations at which non-traded services are consumed in travel itinerary I . Travel
itinerary I corresponds to an ordered sequence of C(I) that starts and ends at h and includes
j (allowing j = ; on non-workdays).11 Therefore, the set of possible travel itineraries for each
residence h and workplace j (Ihj) includes all ordered subsets of locations that satisfy these
conditions (e.g., {h, 1, j, 14, h}, {h, j, 25, h}, where 1, 14 and 25 are speci�c locations). We
assume that agents make only one travel itinerary each day, which approximates the patterns
that we observe in our smartphone data in Table 1.

We consider the subutility from consuming non-traded services for agent ! with home
h and workplace j and travel itinerary I (US

!I|hj). This subutility depends on the cost of the
non-traded services consumed at each location i 2 C(I) in that itinerary inclusive of travel
costs (PI|hj) and an idiosyncratic preference shock (✏!I ):

U
S

!I|hj =
✏!I

PI|hj
. (2)

11We allow C(I) to include the home and/or work locations, in which case the agent chooses to consume
nontraded services in the home and/or work locations (such that C(I) includes h and/or j).
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The cost of non-traded services inclusive of travel costs (PI|hj) depends on the non-traded
price indexes {PnS} at each location n 2 C(I) and travel costs for the itinerary (⌧I|hj):

PI|hj = gI|hj
�
{PnS}n2C(I), ⌧I|hj

�
. (3)

The subscript (I|hj) on the cost function (gI|hj(·, ·)) indicates that the cost of consuming non-
traded services depends on home h, workplace j, and the itinerary I (through travel costs).
We do not impose a particular parametric assumption on this cost function until we discuss
our quantitative implementation in Section 5.3.

The idiosyncratic preference shock (✏!I ) captures all the idiosyncratic factors that can lead
an agent to choose to consume non-traded services from a particular ordered sequence of loca-
tions, such as preferences for speci�c routes. We assume for simplicity that these idiosyncratic
preferences are drawn independently from a Fréchet distribution:

F (✏) = e
�✏

�✓

, ✓ > 1, (4)

where the shape parameter ✓ controls the dispersion of idiosyncratic preferences, and hence
the responsiveness of travel itinerary choices to costs relative to idiosyncratic factors. We
set the scale parameter to one, but allow locations to di�er in their productivity in supplying
non-traded services and bilateral travel costs.

Although the independence assumption is strong, it ensures that the itinerary choice prob-
lem remains tractable, despite our high-dimensional choice space. This assumption is a com-
mon benchmark in the literature on transport network routing (Allen and Arkolakis 2023) and
truck routing (Allen et al. 2021a). Whereas the existing transport literature typically considers
one-way shipments among a �xed set of locations, two important features of personal travel
itineraries are that agents choose to visit an endogenous set of locations (as well as an endoge-
nous path between them) and return home at the end of the day. As a result, travel itineraries
introduce complex interdependencies into agents’ travel decisions. The decision to travel be-
tween any pair of locations depends on the characteristics of other locations included in the
same travel itinerary. Some pairs of locations can be complements in agents’ travel decisions,
while other pairs of locations can be substitutes.12

Each agent ! with home h and workplace j chooses her travel itinerary I! on a given day
to maximize her subutility from consuming non-traded services:

I! = max
`2Ihj

⇢
✏!`

P`|hj

�
. (5)

12The function gI|hj(·, ·) in equation (3) allows for arbitrary aggregation of location price indices, which can
accommodate rich substitution patterns between locations. In Appendix D, we provide �rst-order comparative
statics for the e�ect of changes in the non-traded services price index (PiS) in a given location i on non-work
stays in surrounding locations, and show that our model captures both complementarity and substitution.
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Using the properties of the Fréchet distribution, the probability that the agent chooses
travel itinerary I depends on the relative costs (P`|hj) of all possible travel itineraries ` 2 Ihj :

⇤I|hj =
P�✓

I|hjP
`2Ihj P

�✓

`|hj
. (6)

Note that the set of possible travel itineraries given home h and workplace j (Ihj) is poten-
tially extremely high-dimensional. With N locations, there are 2N combinations of locations
that an agent can visit, and many more sequences in which to visit them. Therefore, in empiri-
cal settings using spatially-disaggregated data (e.g.,N = 1, 100 in our application), estimation
using conventional methods quickly becomes infeasible. We show below how we overcome
this curse of dimensionality using importance sampling.

The expected utility from consuming non-traded services per unit of expenditure across
the set of possible travel itineraries (Ihj) for a given home h and workplace j involves taking
the expectation across the distribution for idiosyncratic preferences:

E✏


✏!I

PI|hj

�
= Ahj, Ahj ⌘ %

2

4
X

`2Ihj

P�✓

`|hj

3

5

1
✓

, (7)

where E✏ [·] denotes the expectation with respect to the distribution of ✏; and % ⌘ �
�
✓�1
✓

�
,

where � (·) is the Gamma function.
We refer to Ahj as consumption access for non-traded services, because it summarizes the

expected utility from travel itineraries to consume non-traded services net of travel costs, and
corresponds to the inverse of the expected cost of these travel itineraries to consume non-
traded services. An increase in the number of locations (an increase in the cardinality of the
set Ihj) raises consumption access, because of horizontal di�erentiation across locations. An
increase in the cost of a given itinerary ` 2 Ihj (P`|hj) reduces consumption access, because
it increases the expected expenditure required to obtain a given level of expected utility from
travel itineraries to consume non-traded services.

Ourmeasure of consumption access for non-traded services (Ahj) di�ers in important ways
from market access measures in conventional urban models. In Ahlfeldt et al. (2015) and Tsi-
vanidis (2024), there are no costs to trading goods, which implies that commuter market access
is a su�cient statistic for location decisions. In Monte et al. (2018) and Allen et al. (2017) there
are costs to trading goods, which implies that both goods and commuter market access matter
for location decisions. However, all trade costs are incurred bilaterally between home and the
place of production. In contrast, in our framework, agents themselves travel through space
to consume non-traded services, which creates the incentive to chain destinations along an
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itinerary to economize on total travel costs. This chaining of destinations implies that con-
sumption access now depends on both residence and workplace, rather than on residence alone
for bilateral consumption travel. We show below that this leads to departures from a consump-
tion gravity equation. With travel itineraries, the probability of travelling between an origin
and destination depends not only on the travel time between that origin and destination, but
also on the travel time of that destination from home and work.

5.2 Importance Sampling Method

The main challenge for estimating our model of travel itineraries and undertaking counter-
factuals is the high dimensionality of the set of possible travel itineraries (Ihj). Even with
a moderate number of locations N , the dimension of this set is extremely large, because it
includes all combinations of locations and all sequences in which to visit them. Evaluating
the probability of observing a travel itinerary (⇤I|hj) in equation (5) involves computing the
sum over the set of possible travel itineraries (Ihj) in the denominator, which quickly becomes
impractical in empirical settings with spatially-disaggregated data.

To overcome this challenge, we develop a method to simulate the probability of choosing a
travel itinerary (⇤I|hj) based on the method of importance sampling (Kloek and van Dijk 1978).
The basic idea is as follows. First, we obtain a Monte-Carlo sample of travel itineraries from an
auxiliary distribution that can be computed exactly. Second, we adjust the sampling rate from
this auxiliary distribution based on the likelihood ratio between the true distribution and the
auxiliary distribution. We thereby obtain simulated travel itinerary probabilities (⇤⇤

I|hj) that
are consistent estimates of the true travel itinerary probabilities (⇤I|hj). Importantly, we show
that these simulated travel itinerary probabilities (⇤⇤

I|hj) can be constructed without having
to compute the summation over the set of possible travel itineraries in the denominator of
equation (5), because this summation cancels from the likelihood ratio weights. Formally, the
procedure is de�ned in Algorithm 1.

Algorithm 1 (Importance Sampling) Denote the auxiliary probability distribution of travel
itineraries by agents with home h and workplace j by Fhj(I), de�ned over the set of possible
travel itineraries Ihj . The simulated probability ⇤⇤

I|hj is de�ned as follows:

1. Draw R itineraries {Ir} from the auxiliary distribution Fhj(·). Denote the empirical dis-
tribution of the simulated draws by EI|hj = 1

R

P
1,...,R 1[I = Ir].

2. Weight each draw by the likelihood ratio ⇤I|hj/Fhj(I) / P�✓

I|hj/Fhj(I) to obtain the sim-
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ulated probability distribution ⇤⇤
I|hj :

⇤⇤
I|hj =

EI|hj⇤I|hj/Fhj(I)P
`2IR

hj

E`|hj⇤`|hj/Fhj(`)
=

EI|hjP�✓

I|hj/Fhj(I)
P

`2IR

hj

E`|hjP�✓

`|hj/Fhj(`)
, (8)

where IR

hj
is the subset of Ihj that are sampled in Step 1, i.e., EI|hj > 0.

The simulated probability distribution in equation (8) has an intuitive interpretation. Com-
pared to the actual travel itinerary choice probability⇤I|hj , theMonte-Carlo draws fromFhj(·)
under-sample itineraries with higher likelihood ratios ⇤I|hj/Fhj(I). Therefore, re-weighting
each draw by this likelihood ratio yields a consistent estimator of ⇤I|hj .

This likelihood ratio ⇤I|hj/Fhj(I) is proportional to P�✓

I|hj/Fhj(I), which omits the sum-
mation over the set of possible itineraries from the denominator of the travel itinerary proba-
bilities (⇤I|hj) in equation (5). This summation is a normalizing constant that cancels from the
numerator and denominator in equation (8). By abstracting from this normalizing constant,
we avoid having to directly compute the denominator of ⇤I|hj that is subject to the curse of di-
mensionality. We still need to compute the cost of consuming non-traded services for a given
itinerary (PI|hj), but this object is of much smaller dimension, involving a summation over the
destinations included in that travel itinerary.

An important advantage of this algorithm is that the choice of the auxiliary distribution
Fhj(·) does not a�ect the results asymptotically as R ! 1. This property can be seen from
equation (8), in which ⇤⇤

I|hj ! ⇤I|hj as R ! 1, as long as the support of Fhj(·) has common
support with ⇤I|hj .13 Away from this asymptotic limit, for �nite values of R, the precision
of the approximation depends on how close Fhj(·) is to the original distribution ⇤I|hj , as dis-
cussed in Kloek and van Dijk (1978) and Ackerberg (2009).

In our empirical application, we �nd that the following choice of auxiliary distribution
Fhj(·) performs well in practice. First, we assume that each agent randomly draws a number
of non-work stays at which to consume non-traded services along a travel itinerary that day.
Second, we assume that each agent sequentially picks destinations for each non-work stay
myopically, without taking into account the continuation value of visiting a destination. Under
this assumption, the probability of choosing each leg of the travel itinerary depends only on
the origin and destination (and not the entire itinerary).

This auxiliary probability is di�erent from the true likelihood, because our model predicts
extended gravity as discussed in Section 5.7. But this myopic assumption provides a valid aux-
iliary distribution for the importance sampling. We adjust the sampling rate from this auxiliary

13Note that EI|hj ! Fhj(I) asR ! 1. Therefore, as long asFhj(I) > 0whenever⇤I|hj > 0,⇤⇤
I|hj ! ⇤I|hj

in equation (8).
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distribution based on the likelihood ratio between the true distribution and the auxiliary dis-
tribution, which allows our importance sampling to capture extended gravity. Appendix E.1
formally describes this choice of auxiliary distribution in further detail. Appendix E.2 shows
that in practice, the sampling errors are negligible for our quantitative results given our choice
of the number of importance samples R = 200 per home and work.

A further computational advantage of importance sampling is that researchers do not have
to redraw samples from the auxiliary distribution for each parameter value during estimation
and counterfactual simulation, as emphasized by Ackerberg (2009). Instead, one can obtain
the simulated values of ⇤⇤

I|hj simply by recalculating the likelihood ratio for each parame-
ter value. This property substantially reduces the computational burden in applications with
spatially-disaggregated data, both for the estimation of model parameters and for undertaking
counterfactuals.

We also use importance sampling to overcome the challenge of measuring consumption
access (Ahj). For the same reason that computing the travel itinerary probabilities (⇤I|hj) in
equation (5) is di�cult, computing consumption access (Ahj) in equation (7) is also problem-
atic, because it involves a summation over the set of all possible travel itineraries (Ihj). Instead
of directly computing this summation, we overcome this challenge by using equations (5) and
(7) to re-write consumption access (Ahj) in terms of the travel itinerary probabilities:

Ahj = %

"
P�✓

I|hj

⇤I|hj

# 1
✓

, (9)

for any given travel itinerary I . We replace the true travel itinerary probabilities (⇤I|hj) with
the simulated probabilities from our importance sampling (⇤⇤

I|hj). In using equation (9) to
solve for consumption access, we choose the travel itinerary I that is most frequently drawn
from our auxiliary distribution conditional on home h and work j.

5.3 Model Parametrization

We now parameterize the non-traded services cost function (gI|hj(·, ·)) in equation (3) by
assuming that agents have constant elasticity of substitution (CES) preferences over the
horizontally-di�erentiated varieties supplied by each location:

PI|hj =

0

@
X

n2C(I)

P
1��

nS

1

A

1
1��

⌧
�1
I|hj, (10)

where recall thatPnS is the price index for non-traded services (subscript S stands for services)
in a given location n; � > 1 is the elasticity of substitution across non-traded services varieties;
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the �rst term is a CES price index across prices of non-traded services in each location; the
second term adjusts this CES price index for the total travel costs (⌧I|hj) of the itinerary.

We assume that the total travel cost for itinerary I (⌧I|hj) depends multiplicatively on the
travel costs for each leg m 2 {1, . . . ,M(I)} included in that itinerary (⌧̃m � 1) as follows:

⌧I|hj = &hj

0

@
M(I)Y

m=1

⌧̃m

1

A , (11)

where &hj is a normalizing parameter speci�c to each pair of home h and workplace j that is
discussed further below.

This speci�cation implies that total travel costs increase at a constant proportional rate
with the number of legs M(I) in itinerary I (holding constant travel time per leg) and in
travel costs per leg ⌧̃m (holding constant the number of legs). While, in principle, one could
allow a more �exible relationship between total travel costs and travel costs per leg, we �nd
that this multiplicative speci�cation provides a good �t to the data.

We assume that travel costs for each leg m (⌧̃m) are a constant elasticity function of the
travel time between the origin i(m) and destination k(m) for that leg (Ti(m),k(m)):

⌧̃m =

(
⌘W

�
Ti(m),k(m)

�⇢W if workday (j 6= ;)
⌘N

�
Ti(m),k(m)

�⇢N if non-workday (j = ;)
(12)

where Ti(m),k(m) > 0 is the travel time in minutes.
The parameters ⇢W and ⇢N control the elasticities of the travel cost for each leg to the

travel time.14 They capture the idea that travel itineraries involving longer total travel time
are more costly. The parameters ⌘W and ⌘N regulate the impact on travel costs of adding an
additional intermediate stay to consume non-traded services to a travel itinerary. They capture
the cost of breaking a journey (e.g., �nding parking, entering and exiting a train station, or the
psychological cost of interrupting a journey) relative to the bene�t of visiting an additional
location. We allow both sets of parameters to di�er between workdays (superscript W ) and
non-workdays (superscript N ), because the costs of travel time and breaking a journey could
be greater during work days.

We set the normalizing parameter speci�c to each pair of home h and workplace j as
equal to &hj ⌘ (⌧̃hj ⌧̃jh)

�1, such that the travel costs for each itinerary are measured relative
to those for an itinerary with no intermediate stays and only direct travel between home
and work. This normalizing parameter is a constant for a given home h and workplace j.
Therefore, it has no e�ect on the probability of choosing alternative travel itineraries for a

14We choose an iso-elastic rather than an iso-semi-elastic travel cost speci�cation, because it better approxi-
mates the fat-tailed spatial mobility patterns in our smartphone data (e.g., Figure A.6.3 of the Online Appendix).
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given home and workplace, where home and workplace are determined before daily travel
itinerary decisions. We introduce this normalizing parameter here to be consistent with the
speci�cation of commuting choices when we embed our travel itinerary model in general
equilibrium in Section 6 below. This speci�cation includes a separate term for the costs of
travelling between home and work, in order to be able to nest the conventional urban model
as the special case of our model with no consumption of non-traded services.

In taking the model to the data, we take into account that our smartphone data are ag-
gregated into spatial units of di�erent sizes. To accommodate this feature, we assume that
the idiosyncratic preferences in equation (4) are drawn at the level of disaggregated grid cells
within each spatial unit, following the strategy in Kreindler and Miyauchi (2023). Under this
assumption, the mean idiosyncratic preference draw for each travel itinerary depends on the
total area of the geographical units included in the spatial units in that travel itinerary. We
thus obtain the following generalization of the itinerary choice probability (6):

⇤I|hj =
ZI|hjP�✓

I|hjP
`2Ihj Z`|hjP�✓

`|hj
, (13)

where ZI|hj =
Q

i2C(I) Zi and Zi is the land area of each spatial unit, as discussed further in
Online Appendix F.

From equation (10), the non-traded services supplied by di�erent locations are substitutes
for a given set of locations included in each travel itinerary (C(I)) with an elasticity of sub-
stitution � > 1. However, this set of locations (C(I)) is itself endogenous and responds to
changes in the price indexes for non-traded services in each location. Once this endogenous
extensive margin is taken into account, the non-traded services supplied by di�erent locations
can be either substitutes or complements, as shown formally in Online Appendix D.15

Under our assumption of constant elasticity of substitution preferences for non-traded
services, the price index for non-traded services in location n (PnS) is:

PnS = M
� 1

��1
n pn

where Mn is the mass of varieties per unit land area in location n; and pn is the price of the
representative variety supplied by that location. In our general equilibrium model below, we
determine these endogenous variables using pro�t maximization, monopolistic competition,
and free entry.

15For example, a fall in the price of non-traded services in one location increases trips to consume non-
traded services in that location, which can increase trips to consume non-traded services in neighboring locations
that are convenient intermediate stops along the way (complements), and decrease consumption trips to other
locations that are not convenient intermediate stops (substitutes).
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Our baseline model of travel itineraries in this section makes a number of simplifying as-
sumptions, including aggregating all types of non-traded services together, CES preferences,
and travel costs for each leg of an itinerary that are a constant elasticity function of travel
time. We make these simplifying assumptions in order to demonstrate as clearly as possible
the role of travel itineraries in generating interdependence in travel decisions and consump-
tion externalities between locations. Despite these simplifying assumptions, we show that our
estimated model provides a good �t to observed patterns of spatial mobility. In contrast, the
special case of our model in which all consumption trips occur directly from home is unsuc-
cessful in capturing these observed patterns of spatial mobility.

5.4 Parameter Estimation

We next discuss the estimation of the parameters of our travel itinerary model. We �rst de-
termine the elasticity of substitution for non-traded services (�) using data on the Japanese
retail sector. Under our assumption of CES preferences and monopolistic competition (consis-
tent with our general equilibrium model in Section 6), the equilibrium ratio of variable pro�ts
to revenue for non-traded services in the model is 1/�. In the Japanese Economic Census,
the ratio of pro�ts to revenue in the retail sector is approximately 22 percent, which implies
� = 4.6. This parameter value is marginally smaller than those used in related settings for
the U.S. Couture et al. (2024) assumes an elasticity of substitution of 6.8 across the non-traded
services supplied by neighborhoods. Hottman et al. (2016) estimates a median elasticity of
substitution across barcoded goods in the retail sector of 6.9.

We estimate the travel parameters of the model (⇥ ⌘ {✓, ⇢W , ⇢N , ⌘W , ⌘N}) using a simu-
lated method of moments (SMM) procedure and moments of travel itineraries from our smart-
phone data. We start with an initial guess for the travel parameters ⇥, before updating this
initial guess to minimize the sum of squared deviations between the moments in the simulated
data from the model and the moments in our smartphone data.

Non-traded Price Indexes Given an initial parameter guess (⇥), we invert the model and
solve for the non-traded price indexes in each location {PnS} that rationalize the observed share
of travel destinations for a subset of travel itineraries. Denoting this subset of travel itineraries
by I invert

hj
⇢ Ihj , we solve for the unique set of non-traded price indexes {PnS(⇥)}n for which

the probability of visiting a destination to consume non-traded services in the simulatedmodel
(right-hand side) is equal to the observed probability in the data (left-hand side):

X

h,j

X

I2I invert
hj

SI|hj⌦hj =
X

h,j

X

I2I invert
hj

⇤I|hj(⇥, {PnS}n)⌦hj (14)
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where⌦hj is the fraction of population with home h andwork j averaged across workdays and
non-workdays; SI|hj is the observed choice probability of itinerary I for home h and work j in
our smartphone data; and recall that ⇤I|hj(⇥, {PnS}n) is the probability of choosing itinerary
I for home h and work j in the model.

We choose as the subset I invert
hj

those travel itineraries with only one non-work stay.16 This
choice ensures a unique solution for the set of non-traded price indexes {PnS(⇥)}n, because
the property of connected substitutes is satis�ed for these choice probabilities. More generally,
for travel itineraries with more than one non-work stay, this price index inversion need not be
unique. The reason is that connected substitutes need no longer hold, because of the comple-
mentarities between the decisions to consume non-traded services from multiple destinations
that are part of the same travel itinerary.

Using our unique solutions for {PnS(⇥)}n from itineraries with only one non-work stay,
we show below that our model provides a good �t to the observed frequencies of travel
itineraries with more than one non-work stay. Therefore, although the travel itineraries with
only one non-work stay used to solve for non-traded price indexes are a particular type of trip,
we �nd that our model provides enough structure for us to successfully extrapolate to travel
itineraries with more than one non-work stay.

Travel Itinerary Moments Given our initial guess for the parameters ⇥ and solution for
the non-traded price indexes {PnS(⇥)}n, we compute the probabilities of travel itineraries
in the model (⇤I|hj(⇥, {PnS(⇥)}n)). Using these simulated travel itinerary probabilities, we
construct moments (mn(⇥)) for each location as the di�erence between the predictions of our
model and the empirical values in the data. We use the following moment conditions:

1. We compute the fraction of travel itineraries involving two non-work stays and those
involving three or more non-work stays during workdays and non-workdays. These
four moments are informative about the intermediate-stay costs (⌘W and ⌘N ).

2. We compute the 10th, 50th, and 90th percentiles of the distribution of travel times be-
tween two consecutive stays on workdays and non-workdays. These three moments are
informative about the travel time parameters ⇢W and ⇢N .

3. We compute log deviations between the model’s predictions for non-traded price in-
dices (PnS(⇥)) and empirical measures of these price indexes for each location n.
We compute these empirical price indexes using our assumed CES functional form
(PnS = M

�1/(��1)
n pn), observed data on the density of retail establishments per unit

16This subset of travel itineraries includes (i) Home-Nonwork-Home, (ii) Home-Nonwork-Work-Home, and
(iii) Home-Work-Nonwork-Home.
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area (Mn) and the average retail price (pn) in each location from the Retail Price Sur-
vey (Statistics Bureau of Japan 2019), and the elasticity of substitution (�) as determined
above. This moment is informative about the dispersion in idiosyncratic preferences for
non-traded services (✓).

SMM Estimator We update our initial guess for the travel parameters ⇥ to minimize the
sum of squared deviations between our simulatedmodel’s predictions and the empirical values
of the moments in the data:

⇥̂ = min
⇥

( 
1

N

NX

n=1

mn(⇥)

!0

W

 
1

N

NX

n=1

mn(⇥)

!)
, (15)

where W is the weighting matrix.
We use the e�cient weighting matrix (W) from a two-step SMM estimation procedure.

We compute the standard errors of the estimated parameters using the asymptotic variance-
covariance matrix adjusted by the number of simulation draws (McFadden 1989).

Model With Only Direct Consumption Trips In addition to our baseline model, we re-
port results for a special case that corresponds to a version of the conventional urban model,
in which all consumption travel occurs through direct trips from home. We assume that travel
costs take the same form as in equations (11) and (12), except that the single travel itinerary
each day to consume non-traded services consists of a direct trip from home to a consumption
location and back again. In this special case, the multiplicative parameters (⌘W , ⌘N ) for the
cost of each non-work stay cancel from the numerator and denominator of the travel itinerary
choice probabilities, because all travel itineraries have a single non-work stay, and hence these
parameters can be set equal to one without loss of generality. In this special case, we recal-
culate bilateral travel times under the assumption that all consumption travel occurs directly
from home. We re-estimate the travel time parameters (⇢W , ⇢N , ✓) using the same moments as
for our baseline model above, except for the �rst set of moments (fraction of multi-stay travel
itineraries), for which this special case mechanically predicts no variation.

5.5 Estimation Results

Our baseline sample includes 1,100 locations, comprising 881 Oazas within the 23 wards of
central Tokyo and 219 suburban municipalities. We aggregate non-work stays within each
location into a single non-work stay for that location. For computational time reasons, we
limit the number of stays up to four per day in our baseline model, which covers nearly 90%
of observed travel itineraries, as shown in Table 1.
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Table 2 reports the estimated parameter values for both our baseline travel itinerary model
and the special case with only direct consumption trips. For our baseline model, we �nd a
value for the preference dispersion parameter that determines the elasticity of travel itinerary
probabilities with respect to their cost of ✓ = 3.43. This estimate is comparable to those of
the preference dispersion parameter in commuting models, which range from 2.18 to 8.3 in
Ahlfeldt et al. (2015), Dingel and Tintelnot (2023), Severen (2023) and Kreindler and Miyauchi
(2023), though none of these studies incorporates travel itineraries.

Table 2: Parameter Estimates (Baseline Model and Direct Consumption Trips Model)

Parameter (1) Baseline (2) Direct Consumption Trips
� 4.60 4.60
✓ 3.43 (0.08) 3.50 (0.25)
⇢W 0.85 (0.02) 0.45 (0.03)
⇢N 0.58 (0.01) 0.44 (0.03)
⌘W 1.56 (0.02) NA
⌘N 2.58 (0.05) NA

Notes: Elasticity of substitution (�) determined using the ratio of variable pro�ts and revenues in the retail sector;
travel parameters estimated using SMM, including workday travel cost (⇢W ); non-workday travel cost (⇢N );
workday intermediate-stay cost (⌘W ); non-workday intermediate-stay cost (⌘N ); and dispersion of idiosyncratic
preferences (✓); moments weighted using the e�cient weighting matrix for the SMM estimates; ⌘W and ⌘N
omitted from the direct consumption trips model, since they cancel from travel probabilities when all trips have a
single non-work stay; standard errors in parentheses computed using the asymptotic variance-covariance matrix.

We �nd estimated elasticities of travel cost to travel time of ⇢W = 0.85 and ⇢N = 0.58.
Combined with ✓ = 3.43, these parameter values imply that a one percent increase in travel
time leads to a 2.92 ⇡ ⇢W⇥✓ and 1.99 ⇡ ⇢N⇥✓ percent decrease in the probability of choosing
a travel itinerary on work and non-work days, respectively. This sharp decline in travel with
travel time is in line with �ndings in other contexts, such as Couture (2016), Nevo and Wong
(2019), and Davis et al. (2019). Our �nding that the travel cost parameters are higher during
workdays than non-workdays is consistent with the interpretation that the value of time is
higher during workdays (e.g., Bucholz et al. 2024).

We �nd positive and sizable intermediate-stay costs for each location at which non-traded
services are consumed (⌘W = 1.56 and ⌘N = 2.58). These sizable intermediate-stay costs are
required to rationalize the feature of the data that most agents only visit a few locations during
each travel itinerary, despite the love of variety from visiting multiple locations to consume
varieties of non-traded services.

Comparing the parameter estimates for our baseline model and the special case with only
direct consumption trips, we �nd a similar estimated preference dispersion parameter (✓) in
both speci�cations. But we �nd lower estimated elasticities of travel costs to travel time (⇢W
and ⇢N ) with only direct consumption trips, especially on workdays. This pattern re�ects the
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fact that the assumption that all consumption occurs from home leads to longer travel times
than in reality, because the consumption of non-traded services often occurs in practice as
part of a travel itinerary. To rationalize these longer travel times, the speci�cation with only
direct consumption trips requires lower elasticities of travel costs to travel times. Therefore,
abstracting from travel itineraries leads to incorrect inference about the sensitivity of travel
costs to travel times. In Section 7.3, we show that this underestimation is consequential to the
evaluation of transportation infrastructure improvements.

5.6 Model Fit

In Panel (A) of Figure 4, we show the number of travel itineraries with a single non-work
stay for each location. The vertical axis shows the value of this moment in the simulated
data from the model. The horizontal axis shows the value of this moment in our smartphone
data. Observations correspond to locations, where the size of each circle is proportional to the
overall number of non-work stays in a location in our smartphone data. Since we solve for
non-traded price indexes in each location to exactly match this moment, all observations lie
along the 45-degree line.

Figure 4: Model Fit for Non-Work Stays

(A) Single Non-work Stay (Targeted) (B) Multiple Non-work stay (Untargeted)

Note: Panel A shows the log number of non-work stays per unit area in each location for travel itineraries
with a single non-work stay in addition to home and work (targeted); Panel B shows the log number of non-
work stays per unit area in each location for travel itineraries with more then one non-work stay in addition to
home and work (non-targeted); in both panels, vertical axis shows model predictions, and horizontal axis shows
the empirical moment in our smartphone data; each circle corresponds to a location; the size of each circle is
proportional to the overall number of non-work stays in a location in our smartphone data. See Appendix Figure
F.2.1 for a version of Panel (B) separately for workdays and non-workdays. See Appendix Tables F.2.1 and F.2.2
for the other targeted moments used in our estimation.
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In Panel (B) of Figure 4, we provide a speci�cation check on our model’s predictions. We
show the number of travel itineraries with more than one non-work stay for each location in
both the simulated data from the model and our smartphone data. This moment is not tar-
geted in our estimation, because we solve for the non-traded price indexes using the subset of
travel itineraries with only one non-work stay. Nevertheless, the model’s predictions provide
a good approximation to the data, with observations concentrated around the 45-degree line.
Naturally, our model makes a number of simplifying assumptions, and hence the model’s �t
is not expected to be perfect. Nevertheless, we �nd that we are able to use the structure of the
model to successfully extrapolate from the subset of travel itineraries with one non-work stay
to those with more than one non-work stay.17

5.7 Extended Gravity

Travel itineraries imply that travel decisions are interdependent across the legs of these
itineraries. This interdependence leads to a form of extended gravity, in which bilateral travel
probabilities depend not only on the bilateral travel time from an origin to a destination, but
also on the travel time of the destination from home and work, because destinations are often
visited as part of an itinerary including home and work.

We now report an additional speci�cation check, in which we examine the ability of our
estimated model to capture this extended gravity property. We begin by establishing that
extended gravity holds in our smartphone data. We compute the probability that an agent
with a given home and work travels from an origin to a destination for non-work stays. We
estimate a Poisson Pseudo Maximum Likelihood (PPML) regression of this travel probability
on the log travel times of the destination from the origin, home and work. Observations are
combinations of home-work-origin-destination. We use a 10 percent random sample of these
observations to keep the sample size manageable. We include �xed e�ects for destinations and
combinations of home-work-origin. Therefore, identi�cation comes from variation in bilateral
travel times for agents with the same home, work, and origin. We cluster the standard errors
at the level of the origin location.

Column (1) of Table 3 reports the estimation results using our smartphone data. We �nd
negative and statistically signi�cant coe�cients for all three travel times that are of similar
magnitudes to one another. Column (2) re-estimates the same speci�cation using the simulated
data from our estimated model. We �nd that our estimated model successfully replicates this
pattern of negative and statistically signi�cant coe�cients of all three travel times. Since our

17In Online Appendix Figure F.2.1, we show model �t for travel itineraries with a single non-work stay for
workdays and non-workdays separately. Although the moment targeted in our estimation pools both sets of
observations, we �nd that the model provides a good �t to the data for these two types of days separately.
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Table 3: Extended Gravity (Untargeted)

Dependent Variable: Prob Non-Work Trip
(1) (2) (3)

Model: Data Model (Baseline) Model (Direct Consumption Trips)
log Travel Time (Origin-Dest) -1.33 -0.67 0.02

(0.02) (0.01) (0.01)
log Travel Time (Home-Dest) -1.82 -1.44 -3.17

(0.02) (0.01) (0.00)
log Travel Time (Work-Dest) -1.81 -1.84 -0.01

(0.02) (0.01) (0.01)
Fixed E�ects
Origin-Home-Work Yes Yes Yes
Destination Yes Yes Yes
Observations 43235946 163840600 17411900

Note: For the subset of destinations where non-traded services are consumed, we compute the probability that
an agent with a given home and work travels from an origin to a destination. Observations are combinations of
home-work-origin-destination during workdays. We use a 10 percent random sample of these observations to
keep the sample size manageable. We estimate a Poisson Pseudo Maximum Likelihood (PPML) regression of the
probability that an agent travels from an origin to a destination on the log travel time of the destination from
the origin, home and work. All speci�cations include �xed e�ects for destinations and combinations of home-
work-origin. Column (1) uses our smartphone data. Column (2) uses simulated data from our estimated travel
itinerary model. Column (3) uses simulated data from the special case of our model in which all consumption
travel is assumed to occur from home as direct trips. In this direct consumption trips speci�cation, we set origin-
destination travel time equal to work-destination travel time if the non-work stay occurs after work during the
day, which ensures that the origin-destination and home-destination travel times are not perfectly collinear.
Standard errors are clustered at the level of the origin location.

model is an abstraction, and these moments were not targeted in our estimation, it does not
perfectly match the exact numerical value of the estimated coe�cients, but it clearly captures
extended gravity. Column (3) re-estimates the same speci�cation using the simulated data
from the special case of our model with only direct consumption trips. We �nd that this
special case is unsuccessful in matching extended gravity. Since this special case assumes that
all consumption trips occur directly from home, the coe�cient on travel time from home is
an order of magnitude larger than the coe�cients on the other travel times. In contrast, the
coe�cients on the other travel times are much smaller in magnitude and close to zero. In
Section 7, we demonstrate that this failure of the model with only direct consumption trips to
capture extended gravity is consequential for counterfactual simulations.

6 Quantitative Urban Model

We now assess the quantitative relevance of the consumption externalities caused by travel
itineraries for the organization of economic activity within cities. We embed our speci�cation
of travel itineraries in a quantitative general equilibrium model of city structure that nests
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conventional commuting models as a special case.18

We consider a city that consists of a discrete set of locations (city blocks) that are indexed by
h, j 2 {1, . . . ,N}. In our baseline speci�cation, we consider a closed city with an exogenous
measure of agents.19 We normalize this measure of agents to one, such that we solve for the
probabilities with which agents make di�erent choices. Each agent is endowed with one unit
of labor that is supplied inelastically.

We assume that agents have idiosyncratic preferences for each combination of home, work-
place and sector. Each agent observes the realization of these idiosyncratic preferences and
picks her preferred combination of home, workplace and sector. She makes this choice of
home-workplace-sector before observing the realizations of her idiosyncratic preferences over
travel itineraries each day, as modelled in the previous section.

6.1 Preferences and Commuting

Worker preferences are de�ned over the consumption of a freely-traded �nal good, non-traded
services, and residential �oor space. The indirect utility for worker ! with home h, workplace
j and sector k depends on her wage (wjk), the price of the freely-traded good (PhT ), over-
all consumption access (Ãhj) that corresponds to the inverse of the expected cost of travel
itineraries to consume non-traded services, the price of residential �oor space (Qh), ameni-
ties (Bh), bilateral commuting costs (hj) and an idiosyncratic preference draw (bhjk(!)). We
assume that the indirect utility function takes the following Cobb-Douglas form:

Uhjk(!) =
bhjk(!)BhwjkÃ↵S

hj

hjP
↵T

hT
Q

↵H

h

, 0  ↵T ,↵S,↵H  1, (16)

where ↵T +↵S +↵H = 1; we choose the freely-traded �nal good as the numeraire (PhT = 1).
Overall consumption access (Ãhj) captures the consumption of non-traded services on both

workdays and non-workdays. We de�ne overall consumption access as Ãhj = A⇠

hj
A1�⇠

h; , where
Ahj and Ah; are measures of consumption access for workdays and non-workdays, respec-
tively, from equation (7). The parameter ⇠ captures the fraction of expenditure on nontraded
services on weekdays. We set this parameter equal to the fraction of workdays during the
week, assuming the same expenditure on nontraded services each day.

We assume that commuting costs depend on travel time according to the same functional
form as for consumption travel on work days (hj = T

⇢W

hj
⇥T

⇢W

jh
) in equation (12), but without

18We build on the conventional commuting model of Ahlfeldt et al. (2015). See Redding and Rossi-Hansberg
(2017), Redding (2023), and Redding (2025) for reviews of the existing quantitative urban literature.

19It is straightforward to consider an open-city speci�cation, in which total city population is endogenously
determined by population mobility with a wider economy that o�ers a reservation level of utility Ū .
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the intermediate-stay cost.20 We assume that the idiosyncratic preference shock (bhjk(!)) is
drawn from the following independent Fréchet distribution:

Fhj(b) = e
��hjb

��

, (17)

where � regulates the dispersion of idiosyncratic preferences, and we allow for the location
of the preference draws to depend on home and workplace (�hj), which captures the fact that
some pairs of home and workplace can be more attractive than others.

We allow for residential agglomeration forces by assuming that amenities (Bn) depend on
residential fundamentals and externalities. Residential fundamentals (Bn) capture features of
physical geography that make a location a more or less attractive place to live, independent of
neighboring economic activity (e.g., green areas). Residential externalities capture the e�ects
of the local density of residents (Rn/Kn), including negative spillovers such as air pollution
and crime, and positive externalities through the availability of urban amenities:

Bn = Bn

✓
Rn

Kn

◆�B

, (18)

where �B governs the strength of residential externalities.21

Using our assumed extreme value distribution for idiosyncratic preferences (17), the prob-
ability that an agent chooses to commute from home h to workplace j in sector k is:

⌦hjk =
�hj

⇣
BhwjkÃ↵S

hj

⌘�
(hjQ

↵H

h
)��

PN
h0=1

PN
j0=1

P
k02{T,S} �h0j0

⇣
Bh0wj0k0Ã↵S

h0j0

⌘�
(h0j0Q

↵H

h0 )
��

, (19)

where recall that the traded good is the numeraire (PhT = 1 for all h).
Summing across workplaces j and sectors k for each home h, we obtain total residents

for home h. Similarly, summing across homes h for each workplace j and sector k, we obtain
employment for workplace j and sector k:

Rh =
NX

j=1

X

k2{T,S}

⌦hjk, Ljk =
NX

h=1

⌦hjk, (20)

where we used our normalization of a unit measure of agents.

20Recall that travel costs for consumption are measured relative to the travel costs for direct commuting trips
in equation (7). Therefore, we introduce the commuting costs separately in equation (16), which allows us to nest
conventional commuting models as a special case without consumption of non-traded services (↵S = 0).

21To focus on travel itineraries as the sole source of spillovers across locations, we assume that residential
externalities depend only on a location’s own residents’ density. However, it is straightforward to incorporate
spillovers of residential externalities across locations into equation (18).
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6.2 Production Technology

Both non-traded services and the traded good are produced using labor and �oor space.

Nontraded Services We assume that non-traded services are produced under conditions of
monopolistic competition and CES demand. We assume a homothetic production technology,
such that the �xed and variable costs use the two factors of production with the same factor
intensity. The total costs of producing xj(⌫) units of output of variety ⌫ in location j are:

cj(⌫) =

✓
fjS +

xj(⌫)

ajS

◆
w

�S

jS
q
1��S

j
, 0 < �S < 1,

where qj denotes the price of commercial �oor space; fjS parameterizes the �xed cost; ajS is
nontraded productivity in location j; and �S determines the labor share.

From the �rst-order condition for pro�t maximization, the price of non-traded services is
a constant markup over marginal costs: pj = �

��1w
�S

jS
q
1��S

j
/ajS . Using pro�t maximization

and zero pro�ts, the measure of nontraded varieties (MjS) produced in location j is:

MjS =
1

� � 1

1

fjS

✓
LjS

�S

◆�S
✓

HjS

1� �S

◆1��S

, (21)

where LjS and HjS are the aggregate inputs of labor and commercial �oor space used in
nontraded services in location j.

Combining expenditure minimization, pro�t maximization and zero pro�ts, we obtain
the following solution for the non-traded services price index (PjS) that entered into travel
itinerary decisions in the previous section:

PjS = pj (MjS)
1

1�� =
1

AjS

w
�S

jS
q
1��S

j
, (22)

where AjS is a supply shifter for each location that depends on productivity and aggregate
factor inputs of labor and commercial �oor space in the nontraded services sector:22

AjS ⌘ ãjS (LjS)
�S

��1 (HjS)
1��S

��1 , (23)

ãjS ⌘ � � 1
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"
1

� � 1
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1

�S

◆�S
✓

1

1� �S

◆1��S

# 1
��1 ✓

1

fjS

◆ 1
��1

ajS.

22Although we assume monopolistically-competitive nontraded service �rms, this formulation is isomorphic
to an alternative speci�cation of perfectly competitive nontraded service �rms with agglomeration forces from
external economies of scale, analogous to equation (25) below.
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Traded Good The traded good is produced under conditions of perfect competition using
labor and �oor space. We assume a constant returns to scale Cobb-Douglas production tech-
nology. Pro�t maximization and zero pro�ts imply that the price of the traded good in location
j must equal its unit cost in all locations with positive production:

PjT =
1

AjT

w
�T

jT
q
1��T

j
, 0 < �T < 1, (24)

where AjT denotes traded sector productivity and recall that PjT = 1.
We incorporate agglomeration forces in the traded sector by allowing productivity (AjT ) to

depend on production fundamentals and production externalities. Production fundamentals
(AjT ) 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 bene�ts from the local density of employment. Formally,
we assume that productivity for the traded good satis�es:

AjT = AjT

✓
LjT

Kj

◆�A

, (25)

where Kj denotes area and �A governs the strength of production externalities.23

6.3 General Equilibrium

We assume that demand equals supply in each location in the markets for residential �oor
space, commercial �oor space, commuters, and non-traded goods, as detailed in Appendix
G.1. The general equilibrium of the model is referenced by the inverse of the expected cost
of travel itineraries to consume non-traded services (Ãhj); the travel itinerary choice proba-
bilities (⇤I|hj); the residence-workplace-sector choice probabilities (⌦hjk); the price index for
nontraded services (PjS); the prices for commercial and residential �oor space (qj ,Qj); and the
wage (wjk). The equilibrium values of these variables are determined by consumers’ optimal
itinerary decisions in equations (6) and (7); workers’ choices of workplace-residence-sector
from equations (19) and (20); �rms’ optimal decisions in each sector from equations (22) and
(24); the amenity and productivity spillovers (18) and (25); and the market clearing conditions.

To undertake counterfactuals, we follow an exact-hat algebra approach (Dekle et al. 2007),
which uses the initial values of endogenous variables and model parameters. Given an as-
sumed change in the exogenous variables of the model (e.g., travel times, ⌧in), the counterfac-
tual equilibrium can be computed using the values of the structural parameters {�, ⇠, ✓, ⇢W ,

23Again to focus on travel itineraries as the sole source of spillovers across location, we assume production
externalities depend only on a location’s own employment density. But it is straightforward to incorporate
spillovers of production externalities across locations into equation (25).
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⇢N , ⌘W , ⌘N , �, ↵T , ↵S , ↵H , �S , �T , �B , �A} and the initial values of the endogenous variables
of the model {PjS , wjk, ⌦hjk, Rh, Ljk}. In Online Appendix G.2, we report the full system of
equations for the counterfactual equilibrium.

6.4 Parameterization

We use the travel itinerary parameters {�, ✓, ⇢W , ⇢N , ⌘W , ⌘N } and nontraded price indexes
{PnS} from the estimation of our travel itinerary model in Section 5.4 above.

We calibrate the remaining general equilibrium parameters {↵T , ↵S , ↵H , �, ⇠, �S , �T , �B ,
�A} using our Japanese data and central values from the existing empirical literature, as sum-
marized in Table 4 below. We calibrate the Cobb-Douglas expenditure share parameters {↵T ,
↵S , ↵H } using aggregate data on expenditure shares in Japan. We set the share of expenditure
on residential �oor space equal to ↵H = 0.25 from Statistics Bureau of Japan (2020). We set the
expenditure share for nontraded services as ↵S = 0.47, based on the revenue share of those
sectors in Statistics Bureau of Japan (2016).24 We recover the implied share of expenditure on
traded goods as ↵T = 1� ↵H � ↵S .

We calibrate the shares of commercial �oor space in costs in non-traded services (1� �S)
and traded goods (1 � �T ) as equal to 0.19 and 0.18, respectively, from Statistics Bureau of
Japan (2016). We set the dispersion of idiosyncratic preferences for commuting equal to the
value estimated from our travel itinerary model (� = ✓). We set the agglomeration forces
parameter for the traded sector equal to the value implied by the love of variety and increasing
returns to scale in non-traded services, such that both sectors have the same agglomeration
forces (�A = 1/(� � 1))). We abstract from residential externalities (�B = 0) in our baseline
speci�cation to focus on travel itineraries as the sole source of consumption externalities.
We report the sensitivity of our results to alternative values, based on the range of estimates
reported in the meta-analyses of Melo et al. (2009) and Ahlfeldt and Pietrostefani (2019). We
calibrate the fraction of workdays (⇠) at 5/7 before the COVID-19 pandemic, based on the
regular working schedule in Japan and the fact that working from home was rare in Japan
before the pandemic (Okubo 2022).

We obtain the values of commuting probabilities, residents and employment in the initial
equilibrium {⌦hjk,Rh, Ljk} by multiplying the commuting �ows from our smartphone data by
the sectoral employment share at each employment location from the economic census. This
approach is consistent with the prediction of our model that commuting probabilities do not

24The nontraded service sector is de�ned as including the following Japanese Standard Industrial Classi�-
cation (JSIC) categories: “Finance, Real Estate, Communication, and Professional” (G, J, K, L); “Wholesale and
Retail” (I), “Accommodations, Eating, Drinking” (M), “Medical and Health Care” (P), and “Other Services” (Q).
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vary by sector conditional on workplace.25 We obtain wages in the initial equilibrium {wnk}
from the model’s market clearing conditions, as discussed further in Online Appendix G.3.

Table 4: Calibration of General Equilibrium Parameters

Parameter Value Description Source
↵H 0.25 Expenditure share for housing Household Expenditure Survey
↵S 0.47 Expenditure share for nontradable service Household Expenditure Survey
�S 0.81 Share of labor in nontradable service sector Economic Census
�T 0.82 Share of labor in tradable sector Economic Census
� 3.43 Dispersion of preference shocks Set to � = ✓

�A 0.26 Agglomeration productivity spillover elasticity Set to 1/(� � 1)
�B 0.00 Agglomeration amenity spillover elasticity Range of Values
⇠ 0.71 Fraction of workdays (pre-COVID-19) Set to 5/7

Note: The list of general equilibrium parameters and their calibrated values. We use the estimated travel itinerary
parameters for our baseline travel itinerary model from Table 2.

7 Counterfactuals

We now use our quantitative general equilibrium model to undertake counterfactuals to show
that travel itineraries are key to explaining the decline of economic activity in central areas
following the shift to WFH, driving the agglomeration of economic activity in these areas, and
providing a rationale for infrastructure policies in these areas.

7.1 Working from Home (WFH)

We �rst provide further validation of our estimated travel itinerary model by comparing its
predictions for an exogenous shock outside our estimation sample to the observed impact of
this shock in the data. We undertake a counterfactual for WFH and show that our quantitative
urban model with travel itineraries is successful in matching our quasi-experimental evidence
for changes in travel patterns following the shift to WFH. In contrast, the special case of a
conventional urban model in which all consumption occurs through direct trips from home is
unsuccessful in matching these empirical �ndings.26

We interpret the shift to WFH in our model of travel itineraries as a change in two sets
of parameters. First, WFH reduced the number of days each week that people commute into
work (⇠). We set this reduction in the fraction of commuting days (⇠) at 20 percent, consistent

25We set ⌦hjk = (
P

k0 ⌦hjk0)⇥ LjkP
k0 Ljk0

, where we obtain the �rst term from our smartphone data and the
second term from the economic census. From equation (19), our model implies this second term does not depend
on home h, because commuting �ows only depend on sector through workplace.

26We focus on our quasi-experimental �ndings for WFH, because our event studies for retail store closure in
Section 4.3 are estimated at a �ner level of spatial aggregation than our travel itinerary model.
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with the survey data for Tokyo (Okubo 2022; Online Appendix B.2). We assume that WFH
does not directly reduce the share of commercial �oor space in production costs in each sector
(1 � �S , 1 � �T ), because under hybrid working commercial �oor space is required on the
days on which workers commute into work each week. Second, several commentators have
argued that the shift toWFH changedworkers’ preferences for the characteristics of residential
locations, such as higher demand for larger residences and suburban natural amenities. This
change in preferences can be captured by a change in the relative amenities of locations (Bn).
Therefore, we allow residential amenities in each location (Bn) to change between our baseline
sample in 2019 and 2023, such that each model exactly matches the observed change in the
number of residents in each location between these years. Although both our model and the
conventional urban model exactly match observed residents, they need not match observed
patterns of work and non-work trips.

Given these assumed changes in parameters (⇠̂, B̂n), we solve for a counterfactual equilib-
rium in our baseline travel itinerarymodel and the conventional urbanmodel, holding all other
parameters constant.27 In Panel (A) of Table 5, we report the mean change in non-work stays
for the same four groupings of locations as used for our quasi-experimental �ndings in Figure
2: CBD, high-density, medium-density and low-density. We report these mean changes in our
smartphone data, our baseline travel itinerary model, and the special case of a conventional
urban model with only direct consumption trips. We �nd that our baseline model of travel
itineraries is successful in capturing the larger decline in non-work stays in central locations
in the data. As workers commute less frequently into central locations, this reduces non-work
trips in those locations, as fewer workers stop o� to consume non-traded services (e.g., co�ee
shops and bars) along the way. In contrast, the conventional urban model with only direct
consumption trips is unsuccessful in capturing this pattern in the data. Changes in non-work
stays are close to zero in this special case, because all consumption trips are assumed to occur
directly from home, regardless of where work takes place.28

In Panel (B), we report the mean log change in the price of commercial �oor space for
the same four groupings of locations. In the data, we measure these log changes using the of-
�ce/commercial building rent data from Sanko Estate Company Ltd. (see Online Appendix A.9
and B for further details). In the model, we measure these log changes using the counterfac-

27In principle, the shift toWFH could have changed the travel parameters {⇢W , ⇢N , ⌘W , ⌘N }. If we re-estimate
our travel itinerary model using 2023 data, we �nd similar parameter values as for our baseline 2019 sample
(Online Appendix Table H.1.3). This pattern of results is consistent with the idea that WFH mainly changed the
number of days each week people commute to work rather than travel behavior conditional on commuting.

28Changes in non-work stays in the special case with only direct consumption trips are not exactly zero,
because the travel elasticities are di�erent between workdays and non-workdays (⇢W 6= ⇢N ), and we shift the
fraction of workdays (⇠). However, our estimates of these travel elasticities are similar to one another (Column
(2) of Table 2), and hence this special case predicts little change in non-work stays.
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Table 5: Actual and Counterfactual Changes in Non-work Stays, Commercial Floor Space
Prices and the Number of Non-traded Varieties Following the Shift to WFH

CBD High Medium Low

(A) Non-Work Stays
(1) Data -0.18 -0.11 0.04 0.03
(2) Model: Baseline -0.15 -0.11 0.02 0.04
(3) Model: Only direct consumption trips 0.00 0.00 0.00 0.00

(B) Commercial �oor space price (normalized)
(1) Data -0.12 -0.11 -0.02 [0.00]
(2) Model: Baseline -0.13 -0.09 -0.01 [0.00]
(3) Model: Only direct consumption trips 0.00 0.00 0.00 [0.00]

(C) Nontraded service varieties (normalized)
(1) Data -0.10 -0.04 0.06 [0.00]
(2) Model: Baseline -0.11 -0.08 -0.02 [0.00]
(3) Model: Only direct consumption trips 0.00 0.00 0.00 [0.00]

Note: “(1) Data” corresponds to the observed patterns in our data (see the main text and Online Appendix A.9 and
B for the data sources); “(2) Model: Baseline” is our estimated model of travel itineraries; “(3) Model: Only direct
consumption trips” is the special case of a conventional urbanmodel, inwhich all consumption trips occur directly
from home; Panel (A) reports mean changes in non-work stays; Panel (B) report mean log changes in commercial
�oor space prices; Panel (C) reports mean log changes in the number of non-traded varieties; in Panels (B) and
(C), commercial �oor space prices and the number of non-traded varieties normalized such that the mean for
low-density locations is zero (as indicated by [0.00]); central business district (CBD) corresponds to within 2km
from the centroid of the Oaza of Chiyoda ward; high-density corresponds to locations with employment densities
in the top 10 percent (excluding the CBD); mid-density corresponds to locations with employment densities from
the 50-90th percentiles (excluding the CBD); low-density corresponds to locations with employment densities
from the 0-50th percentiles (excluding the CBD).

tual predictions of the model for the change in the price of commercial �oor space, assuming
segmented markets for commercial and residential �oor space. Again we report results for
both our baseline model and the special case of a conventional urban model. To abstract from
in�ation in the observed data and to focus on relative changes, we normalize the mean log
change in the price of commercial �oor space by the value for low-density locations, such that
low-density locations have a value of zero.

We �nd that our baseline model of travel itineraries is successful in capturing the larger
decline in commercial �oor space prices in central locations. As workers commute less fre-
quently into central locations, and fewer workers stop to consume non-traded services along
the way, this reduces the demand for commercial �oor space, and leads to a decline in com-
mercial �oor space prices. The lower demand for non-traded services in the central city also
leads to a reduction in the variety of these services, thereby reducing the attractiveness of
commuting into the central city, and further depressing the demand for non-traded services.
In contrast, the conventional urban model with only direct consumption trips implies little
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Figure 5: Actual and Counterfactual Declines in Non-work Stays Following the Shift to WFH

(A) Data (B) Model

(C) Model (Only Direct Consumption Trips)

Note: Log Change in non-work stays following the Shift to WFH in Oazas within 23 central wards (municipal-
ities) in Tokyo Metropolitan Area; Panel (A) shows log changes in the data from 2019-2023; Panel (B) shows
the counterfactual predictions of our estimated model of travel itineraries; Panel (C) shows the counterfactual
predictions of the special case of the conventional urban model without travel itineraries.

change in the demand for non-traded services, because all consumption occurs directly from
home, regardless of where work takes place.

In Panel (C), we report the mean log change in the number of non-traded service varieties.
In the data, we measure these log changes using the number of service establishments in the
phone directory data. In the model, we measure these log changes using the counterfactual
changes in the number of non-traded service varieties. Again, to abstract from macro shocks
in the observed data and to focus on relative changes, we normalize the mean log changes by
the value for low-density locations. In the data, we �nd larger declines in non-traded varieties
in central locations. Our estimated model of travel itineraries is successful in capturing this
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pattern. Again, we �nd that the special case of the conventional urban model with only direct
consumption trips is unsuccessful at capturing the observed changes in the data.

In Figure 5, we provide greater spatial resolution on the changes in non-work stays in the
23 wards (muncipalities) of Central Tokyo following the shift to WFH.We show these changes
in non-work stays in our smartphone data (Panel (A)); our estimated model of travel itineraries
(Panel (B)); and the special case of a conventional urbanmodel without travel itineraries (Panel
(C)). We �nd that our model of travel itineraries is relatively successful at capturing the spatial
pattern of the changes in non-work stays in the data. In both the model and data, we �nd
that the largest declines in non-work stays are concentrated in the center of Tokyo’s business
district, although the absolute magnitude of the changes is somewhat smaller in the model.
In contrast, the conventional urban model generates changes in non-work stays that are close
to zero throughout the metropolitan area, because it assumes that all consumption occurs
through direct trips from home, regardless of where work takes place.

In Online Appendix H.1, we provide further sensitivity analyses of these results. We show
that we obtain similar counterfactual predictions across the following speci�cations: (i) re-
estimating the travel itinerary parameters {✓, ⇢W , ⇢N , ⌘W , ⌘N} using our smartphone data for
2023; (ii) calibrating our model using smoothed commuting �ows in the initial equilibrium
(Dingel and Tintelnot 2023); and (iii) using alternative assumed parameters for production
agglomeration forces (�A). We also demonstrate a similar pattern of results in a restricted
speci�cation assuming only one non-work stay in addition towork per travel itinerary (instead
of up to four non-work stays in our baseline speci�cation). Therefore, to explain the observed
impact of the shift to WFH in the data, it is critical to model the complementarity between
work and non-work stays through travel itineraries. In contrast, the complementarity between
multiple non-work stays plays a more modest role for the shift toWFH. As a �nal speci�cation
check, we show that our travel itinerary model is also successful in capturing the decline in
employment in the CBD following the shift to WFH.

7.2 Travel Itineraries and Agglomeration

We next use our estimated travel itinerary model to show that the consumption externalities
from travel itineraries are a quantitatively important force for the agglomeration of economic
activity in central cities. Starting from the observed equilibrium in the data in 2019, we under-
take a counterfactual in whichwe assume that intermediate-stay costs become prohibitive, and
instead assume that agents make one direct trip to consume non-traded services and another
direct trip to commute into work.

Figure 6 displays the results from this counterfactual. The three lines show the �tted values
from local polynomial regressions of counterfactual log changes in employment on log travel
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Figure 6: Counterfactual Employment Changes Without Travel Itineraries

Note: Counterfactual for prohibitive intermediate-stay costs, such that agents instead make one direct trip to
consume non-traded services, and another direct trip to commute into work; three lines show �tted values from
local polynomial regressions of counterfactual log changes in employment on log travel time to the CBD; solid,
dashed and dotted lines represent values for the non-traded services sector, the traded sector, and total employ-
ment, respectively; histograms show the distribution of employment (light green) and residents (blue) in the
initial equilibrium by distance bin from the CBD.

time to the CBD. The solid, dashed and dotted lines represent values for the non-traded services
sector, the traded sector, and total employment, respectively. As a point of comparison, we
overlay on the same �gure histograms of the distribution of employment (light green) and
residents (blue) in the initial equilibrium by distance bin from the CBD.

We �nd that the consumption externalities from travel itineraries play an important role
in the concentration of employment in Central Tokyo. In the most central parts of the city
(within 20 minutes from the CBD), overall employment by workplace falls by up to around
one half. We �nd reductions in employment of a similar magnitude for both the non-traded
and traded sectors. This fall in employment in central areas is compensated by an increase in
nontraded sector employment in the inner suburbs (within 55 minutes from the CBD) and an
increase in traded sector employment (and to a lesser extent, non-traded sector employment)
in the city’s outskirts (outside 55 minutes from the CBD).

This pattern of results is intuitive. The fall in employment in the nontraded sector in central
areas occurs because of the loss in demand for non-traded services from in-commuters through
their travel itineraries. The fall in employment in the traded sector in central areas occurs
because the attractiveness of these areas as workplaces relies substantially on the presence
of nontraded services o�ered along commuters’ travel itineraries. These two forces together
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generate a positive feedback loop between the nontraded and traded sectors, thereby providing
a force for agglomeration in the central city.

In Online Appendix H.2, we undertake additional counterfactual simulations, in which we
restrict travel itineraries to include only one non-work stay in addition to work. We �nd that
the counterfactual changes in employment exhibit a similar pattern but are smaller in mag-
nitude. This pattern of results is consistent with the interpretation that a key agglomeration
force is created by the complementarity between work and non-work stays within the same
travel itinerary. The complementarity between multiple non-work stays also plays a role, but
is smaller in magnitude, in part because of the substitution of spending across multiple non-
work stays within the same travel itinerary.

These results provide an explanation for why cities like Tokyo, London, New York City
and Paris have a �ourishing city center with a wide range of non-traded services (Brueckner
et al. 1999, Glaeser et al. 2001). Each of these cities has dense networks of public transportation
radiating outwards from the central city, which supports large �ows of in-commuters. These
in-commuters generate demand for non-traded services along their travel itineraries, and the
provision of these non-traded services in turn makes the central city more attractive to in-
commuters through a mutually-reinforcing process of agglomeration.

7.3 Place-Based Infrastructure Policies

Finally, we show that the consumption externalities from travel itineraries are consequential
for the evaluation of alternative place-based infrastructure policies, and favor investments in
central cities where travel itineraries are more prevalent.

Table 6 reports counterfactuals for two speci�c transport improvements: (i) the construc-
tion of the Yamanote Railway Line, which follows a circular route connecting subcenters of
central Tokyo; (ii) the construction of the Chuo Railway Line, which follows a radial route
that connects an outer suburb of Tokyo to the center of the city (see Online Appendix Figure
H.3.1 for the map). First, we recompute bilateral travel times between locations within Tokyo
without each of these railway lines. Second, starting from the observed equilibrium in the data
in our baseline sample in 2019, we solve for an exact-hat algebra counterfactual equilibrium
without each railway line. Third, we compute the percentage welfare gain from constructing
each of these railway lines, which equals welfare in the actual equilibrium with these lines
divided by welfare in the counterfactual equilibrium without each line. We abstract from con-
struction costs, because they are the same across all of the di�erent model speci�cations that
we consider.

We report the results of these counterfactuals for three di�erent model speci�cations. In
row (1), we consider our baseline estimated travel itinerary model. In row (2), we examine a
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Table 6: Welfare Gains from Alternative Transport Improvements

(A) Yamanote Line (Circular Lines within the Central City)
Speci�cation Welfare Gains (%) Relative to Baseline (%)
(1) Baseline 0.44 100
(2) Only Direct Consumption Trips 0.27 61
(3) Only Direct Consumption Trips (Baseline ✓, ⇢W , ⇢S) 0.36 80

(B) Chuo Line (Radial Lines between the Central City and Suburbs)
Speci�cation Welfare Gains (%) Relative to Baseline (%)
(1) Baseline 0.71 100
(2) Only Direct Consumption Trips 0.49 68
(3) Only Direct Consumption Trips (Baseline ✓, ⇢W , ⇢S) 0.66 93

Note: Welfare gains from the construction of the Chuo Railway Line (radial route between a suburb and the
center) and Yamanote Railway Line (circular route connecting subcenters of central Tokyo); table reports welfare
in the actual equilibrium (with these railway lines) relative to welfare in the counterfactual equilibrium (without
each railway line); row (1) corresponds to our baseline estimated travel itinerary model; row (2) corresponds to
a conventional urban model, in which all travel (commuting and consumption) occurs through direct trips from
home, using the parameter estimates {✓, ⇢W , ⇢N} from this model speci�cation (Table 2; Column 2); row (3) cor-
responds to a conventional urban model with only direct trips, but using the parameter estimates {✓, ⇢W , ⇢N}
from our baseline model (Table 2; Column 1); second column reports percentage welfare gains from each trans-
port improvement; third column reports the welfare gain from each transport improvement relative to that our
baseline travel itinerary model (as a percentage).

conventional urban model with only direct consumption trips (as in the previous subsection),
using the parameter estimates {✓, ⇢W , ⇢N} under this model speci�cation (Table 2; Column 2).
In row (3), we consider this conventional urban model with only direct consumption trips, but
using the parameter estimates {✓, ⇢W , ⇢N} from our baseline model (Table 2; Column 1). We
consider two alternative versions of the model with only direct consumption trips to clarify
how the changes in the estimated parameters and the undercounting of the volume of trips in
this speci�cation a�ect the evaluation of alternative transport infrastructures.

Across all three models, we �nd a modest welfare improvement from the construction
of each railway line, which is consistent with each of these lines involving a relatively small
improvement in the overall railway network for Tokyo. For both railway lines, we �nd that the
welfare gain in the conventional urban model in which all consumption trips occur directly
from home (row (2)) is only around two-thirds (61-68 percent) of the welfare gains in our
baseline estimated travel itinerary model (row (1)). This pattern occurs for two main reasons.
First, the conventional urban model undercounts trips that occur within a travel itinerary.
Second, the conventional urban model underestimates the elasticity of travel cost to travel
time {⇢W , ⇢N} (Table 2). Therefore, for the same reduction in travel time, these models tend
to predict lower welfare gains (Small and Verhoef 2007, Donald et al. 2024).

To further understand these two margins, in row (3), we examine the conventional urban
model with only direct consumption trips using the same estimated travel cost parameters as in
our baseline travel itinerarymodel (row 1). We �nd that this speci�cation yields higher welfare
gains than row (2), suggesting that the downward-biased estimates of {⇢W , ⇢N} contribute
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to the underestimation of welfare gains using the conventional urban model. However, this
speci�cation still underpredicts the welfare gains relative to our baseline model (row 1), as it
still undercounts trips that occur within a travel itinerary.

Notably, the extent to which welfare is lower in the conventional urban model di�ers be-
tween the Yamanote Line (80 percent) and the Chuo Line (93 percent). This pattern of results
is consistent with the idea that the Yamanote Line is likely to be used much more frequently
for travel itineraries than the Chuo Line, because it connects the subcenters of central Tokyo
with a high density of non-traded services. In contrast, the Chuo Line runs from the outskirts
of Tokyo to the center, and is less suited for travel itineraries involving multiple locations,
because of the lower density of non-traded services in the outer areas of Tokyo.

In Online Appendix H.3, we report additional sensitivity and robustness analyses. Restrict-
ing the number of non-work stays within travel itineraries to one (from four non-work stays
in our baseline speci�cation) leads to a reduction in the predicted welfare gains, particularly
for Yamanote Line, which is used extensively for multi-stay travel itineraries. We �nd that our
results are mostly unchanged if we calibrate our model using smoothed commuting �ows or
assume alternative values for spillovers in production (�A) or amenities (�B).

Overall, we �nd that the consumption externalities implied by travel itineraries are quan-
titatively relevant for evaluating alternative place-based infrastructure projects, and favor in-
vestments in central areas where travel itineraries disproportionately occur.

8 Conclusions

Wedevelop a tractable quantitative framework formodelling the rich patterns of spatial mobil-
ity observed in smartphone Geographical Positioning System (GPS) data. These data allow us
to quantify one of the essential characteristics of cities, namely the millions of travel journeys
each day between locations of residence, work and consumption.

We show that commuting and consumption travel are frequently undertaken as part of
a travel itinerary, de�ned as a journey starting and ending at home on a given day that can
include more than one stop along the way. These travel itineraries give rise to consumption
externalities and rich patterns of complementarity and substitutability between locations. Al-
though the empirical relevance of these travel itineraries is known, modelling them theoreti-
cally is challenging, because of the high-dimensionality of the state space in choosing combi-
nations of locations and sequences in which to visit them.

We begin by providing evidence of consumption externalities using two di�erent sources
of quasi-experimental variation. First, we examine the shift to WFH following the COVID-19
pandemic. Second, we use event-study speci�cations for the closure of large retail stores (more
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than 5,000 square meters �oor space). In both cases, we �nd strong evidence of consumption
externalities, such that as one location becomes less attractive, the resulting reduction in foot
tra�c spills over to other locations that are nearby or along the way.

We next develop a tractable quantitative model of travel itineraries to rationalize these
empirical �ndings. Agents choose where to live, where to work, and where to consume non-
traded services. Agents have love of variety preferences over these non-traded services, but
face travel costs that are increasing in travel time, and incur an intermediate-stay cost for each
intermediate location at which they consume non-traded services. Travel costs provide the in-
centive for agents to chain trips along travel itineraries. We overcome the high-dimensionality
of the state space using importance sampling.

We show that our model provides microeconomic foundations for our quasi-experimental
�ndings of consumption externalities. We show that the reduction in work trips to the central
city following the shift to WFH leads to a collapse in non-work trips there, as workers no
longer stop o� to consume non-traded services along the way to and fromwork. In contrast, in
a conventional urban model in which all consumption occurs through direct trips from home,
we �nd little evidence of a collapse in non-work trips in the central city, because workers are
assumed to travel to consume non-traded services from home, regardless of where they work.

More broadly, we show that the consumption externalities implied by travel itineraries
are central to the agglomeration of economic activity in central cities and the evaluation of
alternative place-based infrastructure policies in these central areas.
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