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Abstract

With 68% of the world population projected to live in urban areas by 2050, mass
transit networks are expanding faster than ever before. But how are the economic gains
from such expansions being shared between low- and high-income workers? Existing
research focuses on the role of commuting to work (Tsivanidis 2019; Balboni et al.
2020), however much of urban travel is related to the consumption of non-tradable
goods and services (retail, F&B, personal services etc.). Since low-income workers are
overwhelmingly employed in these non-tradable sectors, changes in consumption travel
patterns in response to a transit expansion leads to a spatial re-organization of low-
income jobs in the city which has important implications for inequality. This paper
develops an urban spatial model with heterogeneous worker groups and incorporating
travel to consume non-tradable goods and services. We estimate our model using
detailed farecard and administrative data from Singapore to quantify the impact of
the Downtown Line (DTL). We find large welfare gains for high-income workers, but
near zero gains for low-income workers. All workers benefit from improved access
to consumption opportunities, but low-income non-tradable sector jobs move to less
attractive workplaces. Abstracting away from consumption travel results in a five-
fold underestimation of the inequality effects and failure to capture the spatial re-
organization of low-income jobs in the city.
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1 Introduction

The world is expanding public transit networks faster than ever before. Each year, more than
a trillion dollars is invested in building and expanding transportation infrastructure (Lefevre,
Leipziger, and Raifman 2014). In particular, there has been a surge in urban mass transit
systems in response to the continued rapid densification of cities. Worldwide, mass transit
carried 53 billion passengers in 2017 with nearly 650 transit lines covering 14,000 kilometers
(UITP 2018)." Just between 2015 and 2017, roughly 1,900 kilometers of new track was
put into service, and the International Association of Public Transport projects that more
than 200 new transit lines will open across the world between 2018 and 2023 (UITP 2018).
With 68% of the world population projected to live in urban areas by 2050, governments will
continue spend vast sums on mass transit (United Nations 2018). As inequality is increasingly
becoming a major issue across cities around the world, policymakers must consider how the
economic gains from public transit expansion are shared between low- and high-income
workers. Existing research focuses on differential access to employment opportunities across
worker groups emphasizing the cost of travel to work (Tsivanidis 2019; Balboni et al. 2020).
However, a large share of urban trips are unrelated to work and are made for the consumption
of non-tradable goods and services such as restaurants, coffee shops, retail stores, salons, and
cinemas. According to the National Household Travel Survey, 31% of travel miles are made
for work purposes, while 33% of travels miles are made for shopping or meals and another
26% for social or recreational purposes.” Additionally, non-tradable consumption makes up
over 50% of total household expenditure (Department of Statistics 2018).

Accounting for travel related to the consumption of non-tradables is critical for evaluating
the impact of public transit expansion on inequality. First, low- and high-income workers face
differential reductions in travel costs from consumption trips and differential changes in access

to consumption opportunities. Second, in general equilibrium, workers trade off rents with

1See Figure Al.
2See Appendix Figure A2 (Department of Transportation 2017).
3See Appendix Figure A3.



both access to employment and consumption, shaping residential patterns by worker group
across the city. Third, where workers choose to consume non-tradables determines the spatial
distribution of non-tradable sector jobs. These urban non-tradable sectors overwhelmingly
employ low-income workers - such as waiters, dishwashers, salespeople, cashiers, manicurists,
and ticket takers etc. According to Autor and Dorn (2013), low income jobs have been
rapidly moving into non-tradable services since the 1980s, and the trend is only expected
to intensify with the decline of low-skill intensive manufacturing.* In response to changes
in transit access, jobs may move to locations which are less (or more) productive, that pay
lower (or higher) wages, or that require longer (or shorter) commutes by worker group. This
re-organization of commercial activity across space changes each worker group’s expected
access to employment, or expected income net of commuting, differentially.

In this paper, we develop an urban spatial model with heterogeneous worker groups, low-
and high-income, which incorporates both travel to work and to consume non-tradable goods
and services. The internal structure of the city is modeled as a set of neighborhoods with
a transportation network defined as the bilateral travel times between locations. Worker
groups differ in their preferences over residential and consumption locations, productivities
over workplaces and sectors, consumption patterns, travel costs, and elasticities. First, work-
ers choose where to live trading off rents, residential amenities, and access to employment
and consumption opportunities by type. Then, workers choose where to work based on type-
specific wages, match-specific productivities and commute distances, and choose where to
consume non-tradables based on prices, type-specific idiosyncratic consumption amenities,
and travel distances. Non-tradable and tradable sectors have different input requirements
over commercial floor space and labor provided by each worker group, with the non-traded
sector being much more intensive in low-income labor. Market clearing in the non-traded
market implies that consumption travel patterns drive the demand for non-traded produc-

tion, and hence also the demand for low-income workers, in each location. The model also

4See Appendix Figure A4.



accommodates agglomeration forces and spillovers in endogenous residential amenities by
type as a force towards segregation.

We use the model to study the impact of the Downtown Line (DTL) in Singapore. We
exploit farecard data on the universe of public transportation trips linked to individuals
over a three year period before and after the line opening to distinguish travel patterns
across worker groups and locations. We also use detailed administrative spatial data on land
use, rents, expenditures and employment for structural estimation. The DTL is the longest
underground and automated rapid mass transit line in Singapore, designed to connect the
northwest and east to the center of the city. We estimate a spatial differences-in-differences
specification and find that the DTL increased nearby housing prices by 5% over a four year
period. Event study estimates show that neighborhoods with a DTL station experienced a
20% in increase in trips after the line opening. However, there were large differences in how
low- and high-income workers adjusted their travel patterns in response to the DTL across
locations.

We estimate the model using data from before the DTL opening. Across worker types,
we find significant differences in theoretically-consistent measures of residence, workplace
and consumption location attractiveness, and validate our measures with external data on
amenities. Model-implied average wages by worker type and residence are also highly cor-
related with that of administrative data. Low-income workers have larger travel elasticities
than high-income workers, and elasticities are larger than for consumption than for work
travel across both types. Spillovers in residential amenities are larger for low-income work-
ers, and residential elasticities are slightly larger for high-income workers. In the pre-DTL
equilibrium, low-income workers commute shorter distances than high-income workers, but
make similar distanced consumption trips. High-income workers live near the center of the
city with the DTL directly serving many of these neighborhoods, while low-income workers
live away from the city center. High-income workers spend more of their overall expenditures

on non-tradables than low-income workers.



We quantify the welfare and inequality effects of the DTL by undertaking counterfactuals
using exact-hat methods popularized by Dekle, Eaton, and Kortum (2008). Using changes
in travel times as observed in the fare card data before and after the opening of the line, we
find that the predictions of the model are highly correlated with post-DTL data on travel
flows, residential patterns and non-tradable firm entry. We find that the DTL improves
welfare for high income workers by 3.15%. However, low income workers experience near
zero net benefits. Although access to consumption opportunities increases for both groups,
non-tradable production and low income jobs move to less attractive locations for low-income
workers offsetting those gains. The inequality effects are driven by two main mechanisms.
First, the DTL disproportionately improves access for many high-income areas in which the
line directly serves. Second, more consumers consume non-tradables near the city center in
response to new access via DTL. Thus, non-tradable low-income jobs move to the center
of the city, while low income workers live away from the center. We find that average
commute time increased 1.5% for low income workers, while high income workers saw a
1% reduction. Abstracting away from travel to consume non-tradables results in a five-fold
underestimation of the inequality effects of the DTL, estimating that both worker groups
benefit but with a slightly larger share of the gains going to high-income workers. This is a
result of failing to capture the spatial re-organization of low-income non-tradable sector jobs.
Aggregate welfare gains are also underestimated by about 40%, ignoring gains in access to
consumption opportunities for both groups.

We conduct a decomposition exercise to isolate the role of various differences across
worker groups impact inequality. First, low-income workers have lower expenditures on
non-tradables than high-income workers. Thus, they experience smaller gains in welfare
from improved access to consumption opportunities. Second, since low-income workers have
lower travel costs than high-income workers, they experience smaller gains from reductions
in travel time. Third, higher travel elasticities imply that low-income workers are more able

to substitute to attractive work and consumption locations in equilibrium, thus benefit less



when travel time falls. Last, a more greater dispersion in residential preferences relative to
high-income workers implies that low-income workers are less able to move to take advantage
of improved access in other neighborhoods.

Last, we conduct a cost-effectiveness analysis following the methodology of Hendren and
Sprung-Keyser (2020) to calculate the Downtown Line’s marginal value of public funds.
Combining construction and operating cost data with willingness to pay estimates from
our quantitative model, we find that DTL provides 8.65 dollars of benefits per dollar of
government spending. The social benefit-cost ratio is 5.28. Although the benefits largely
accrue to high-income workers, the Downtown line is highly cost effective.

This paper contributes directly to the literature focused on studying the impact of trans-
portation infrastructure within cities (McDonald et al. 1995; Gibbons and Machin 2005;
Baum-Snow and Kahn 2005; Glaeser, Kahn, and Rappaport 2008; Billings 2011; Donald-
son and Hornbeck 2016; Severen 2018; Donaldson 2018; Brooks and Lutz 2019; Gupta,
Van Nieuwerburgh, and Kontokosta 2020; Heblich, Redding, and D. Sturm 2020). The most
closely related papers to ours are Tsivanidis (2019) and Balboni et al. (2020) which study the
Bus Rapid Transit (BRT) systems focusing on inequality in Colombia and Tanzania respec-
tively. Both papers use quantitative spatial models restricted to workplace commuting and
estimate small inequality effects. Our paper emphasizes the importance of incorporating the
role of travel costs to access non-tradable goods and services in evaluating the distributional
welfare effects of transit expansions. We find similarly small inequality effects of the DTL
line abstracting away from consumption trips in our model, but find large effects when they
are incorporated.

Our paper also contributes to several other strands of literature. The first is the growing
body of work on quantitative spatial models more generally (Redding and D. M. Sturm
2008; Allen and Arkolakis 2014; Ahlfeldt et al. 2015; Redding 2016; Allen, Arkolakis, and Li
2016; Caliendo et al. 2018; Desmet, Nagy, and Rossi-Hansberg 2018; Monte, Redding, and

Rossi-Hansberg 2018; Adao, Arkolakis, and Esposito 2019; Allen and Arkolakis 2019). Our



paper is closely related to and builds on methods from Miyauchi, Nakajima, and Redding
(2020) who explore the role of consumption access and agglomeration in the Greater Tokyo
metropolitan area. We are the first paper to consider a quantitative spatial model with
heterogeneous workers incorporating both travel for work and consumption. This paper is
also related to the literature on the value of urban amenities (Roback 1982; Blomquist et al.
1988; Glaeser, Kolko, et al. 2001; Albouy et al. 2016; Cragg and Kahn 1997; Bayer et al.
2009, Fan, Guthrie, and Levinson 2016; Diamond 2016; Almagro and Dominguez-Iino 2020).
We demonstrate the important role of non-tradable retail amenities in shaping inequality
and the spatial distribution of economic activity in the city. We are also able to quantify
differences in preferences over amenities across worker groups. Last, our paper is related to
the literature on inequality in cities (Brueckner et al. 1999, Glaeser, Resseger, and Tobio
2009; Su et al. 2018; Fogli and Guerrieri 2019; Couture et al. 2019). We show that changes
in travel access can have large implications for urban inequality.

The rest of the paper proceeds as follows. Section 2 discusses the context of Singapore
and the Downtown Line, as well as the data. Section 3 presents reduced form results and
facts which motivate our structural model. Section C develops the model, while Section 5

estimates it. Section 6 quantifies the impact of the Downtown Line. We conclude in Section

7.

2 Background and Data

2.1 Context: Singapore and the Downtown Line

Singapore is an island city-state in Southeast Asia. With a population of 5 million inhabi-

tants, Singapore is the third densest country in the world, and is among the densest cities



(World Bank 2019).°° There exists significant inequality with a Gini coefficient of 46.4,
ranking only behind Hong Kong and the United States among high-income countries.

The population in Singapore is heavily reliant on public transportation, which is com-
posed of buses, light-rail networks and mass-rail networks. The Singapore government heav-
ily restricts the supply of cars with a Vehicle Quota System. According to the 2019 Worldwide
Cost of Living Survey carried out by the Economist Intelligence Unit, Singapore “remains
the most expensive place in the world to buy and run a car.” As of 2018, the price of a
Volkswagen Golf 1.4 is US $110,479.80, 5 times more expensive than in the United States
(US$21,845). Additionally, the city’s Electronic Road Pricing System imposes large tolls for
driving to encourage the use of public transportation. Tolls are highest during commuting
hours — a car trip from the northwest to the center of the city 8am and 9am on a weekday is
tolled up to 15 dollars. As a result only 10% of households in Singapore own a car, and far
fewer drive to work. With the public transit system carrying over 4 million passengers per
day, public transportation is the primary means of travel for the population.” Approximately
60% of trips are made on buses, as opposed to rail lines.

The Downtown Line is the longest underground and mass rapid transit line in Singapore.
At 41.9 kilometres (26.0 miles) and with 34 operation stations, the line runs from Bukit
Panjang station in the north-west to Expo station in the east via the Central Area, see
Figure A6. The line was first announced on 23 October 2001, and was built in three phases.
The first phase opened in December 2013, and was composed of 6 stations from Bugis to
Chinatown station within the Downtown area. The second phase from Bukit Panjang to
Rochor station, which linked the north-west to the center of the city, opened in December
2015. The third and final phase from Fort Canning to Expo station, connecting the east

to the city of the city, opened in October 2017. The line, at a cost of 15.5 billion USD,

SThere are highly restrictive immigration policies with strict foreign worker quotas, and limited out and
in migration (Ministry of Manpower 2020).

5The spatial distribution of non-tradables across Singapore is similar to that of other major cities (see
Figure A5).

7Appendix Table Al provides a summary of the mass-rail lines in Singapore.



is considered the government’s most ambitious public transit project to date (The Straits
Times 2017). The purpose of the line was to provide the north-west and eastern areas a
direct link to the center of the city, and to alleviate congestion on various other rail and bus

routes.

2.2 Data

This sub-section provides an overview of the datasets used in the analysis.

Our primary source of data is public transit fare card data (EZ-Link) from the Land
Transport Authority of Singapore.® We observe all trips made by public transit (mass rail,
light rail or bus) linked to a individual’s fare card”. Our data set covers one week every
quarter between June 2015 and June 2018, and three full months between Dec 2015 and
February 2016. The longer quarterly data set allows to observe changes in transit patterns
from before the opening of Phase 2 of the Downtown Line to after the opening of Phase 3. The
full three months of data captures the period directly before and after the opening of Phase
2 of the Downtown Line. We observe a total of over a billion trips. For each trip, we observe
the origin, destination, and the start and end time of the trip. Each individual in our data set
is categorized into eight groups: Adult, Low-Income Worker, Primary Student, Secondary
Student, Tertiary Student, Senior Citizen, Military, and Person with Disabilities. In our
analysis, we focus the Adult and Low-Income Worker categories. Low-Income Workers are
those who earn a monthly salary below the 25th percentile ($2000 SGD prior to 2020). Low
Income Workers receive up to a 25% subsidy on their fare costs. The Central Provident Fund
automatically determines eligibility based on tax filings and sends an individual application
package informing workers of their eligibility, details of the scheme, and how to apply for the
subsidized card (Ministry of Transport 2014). We link all bus and train stops to subzones
as delineated by the Urban Redevelopment Authority which is the smallest geographic unit

across our datasets. Singapore is divided into 323 subzones with a median size of 1,229,894

8We present a heat map visualization of the data in Appendix Figure A7.
9These are called EZ-Link cards.



square meters. These are contained within larger spatial units including 55 planning areas
and 5 planning regions.

We use our fare card data to generate work and consumption travel probabilities condi-
tional on residential subzone. We restrict our data set to 3 million fare cards with at least 20
trips over our panel.' We include only Adult and Low-Income fare cards in order to capture
the working population, dropping students, people with disabilities, those in the military,
and the elderly. First we identify each individual’s residence as the modal first origin and
last destination of the day, where each person typically starts or ends the day. Next, we
identify each individual’s workplace as the modal destination during the morning rush hour
(bam to 11 am) and origin during evening rush hour (3pm to 11pm). Finally, we classify all
remaining trips as consumption trips.

We also use data from several administrative sources. The General Household Survey
(GHS) 2015 from the Department of Statistics provides detailed information on population,
employment, income, and demographics at the subzone level. The GHS is conducted in
between the Population Censuses which are conducted once in ten years covering a wider
range of topics. Most data is compiled from administrative records across multiple sources,
and additional information not available from administrative sources is collected from a
sample survey of over 30,000 households. The Labor Force Survey 2018 provides data on
employment and wages by industry. The Household Expenditure Survey 2018 provides
detailed data on household and worker expenditures by income bracket. We classify itemized
expenditures on goods and services into tradables and non-tradables. The REALIS dataset
from the Urban Redevelopment Authority provides data at the subzone level on residential
and commercial land use (broken down by sector) as well as average rent per square meter
by commercial and residential land. Housing and Development Board (HDB) transaction
data provides the universe of HDB flat sales with information on price, address, flat size,

and number of rooms between 1999 and 2019.

10We get similar probabilities with different trip thresholds for inclusion in our data set.



Finally, we also collect spatial data on amenities from various sources. We have two
cross-sectional data sets on the universe of licensed food establishment in Singapore from
the Singapore Food Authority for 2015 and 2018. We have data on all supermarkets and
hawker centers in Singapore from the National Environment Agency.'! Ministry of Education
provides data on all schools. Singapore Land Authority provides data on all parks and
community clubs. Ministry of Health provides data on all clinics. We geocode all data and

link each address or coordinates to subzones

3 Reduced Form Results

In this section, we present reduced form results on the impact of the Downtown Line and
motivating facts which guide and motivate our structural model. In all our analysis, we
define low-income workers as those earning below the 25-percentile ($2000 SGD or $1500
USD which is less than half of median earnings)'? and high-income workers as those earning
above, consistent with our farecard data set. Our unit of analysis is the subzone, henceforth

a neighborhood.

3.1 Residential patterns

Low and high income groups have different residential patterns across the city. Figure 1
plots the share of high-income workers that live in each neighborhood in 2015. High income
workers primarily cluster near the center of the city (eg. Bukit Timah, Tanglin) with only
some concentration in certain neighborhoods near the coasts of the island (eg. East Coast
Park). On the other hand, low income workers live further from the city center, with many
living towards to north. Figure 1 also shows that the Downtown Line runs through some
of the neighborhoods with the highest concentration of high-income workers in Singapore,

clustered in or just west of the city center. The many low income residents in the north are

HWe present a map of the data in Appendix Figure AS.
12Gingapore’s median income in 2019 was $4,563.
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not directly served by the Downtown Line. This suggests that high-income workers may be

disproportionately benefit from the DTL from greater direct service.

3.2 Employment patterns

We find that neighborhoods which employ many low income workers are intensive in non-
tradables sector production. Figure 2 plots the relationship between the share of commercial
land used by non-tradable sectors and the share of workers that are low-income. We find a
strong positive correlation as expected. Labor Force Survey data shows that 51% of workers
in the non-tradables sector are low income, while making up only 25% of the labor force,
see Table A2. Specifically, 61% of employees in the food and accommodation, 49% in retail,
and 41% in personal services are low-income. Only 14% of workers in the tradables sector
are low income. Appendix Figure A9 plots the share of high-income workers that work in
each neighborhood. This suggests that the spatial distribution of non-tradable jobs is highly

important for low-income workers.

3.3 Consumption patterns

Using itemized Household Expenditure Survey data broken down by income group, we find
that high-income consumers spend more on non-tradables than low-income consumers. Fig-
ure A10 shows that high-income workers spend 67% of their income on non-tradable goods
and services, 14% on tradables and the remaining on housing. In contrast, low-income work-
ers spend just 57% of their income on non-tradable goods and services and 20% on tradables.
This implies that improvements in access to consumption opportunities will improve welfare

more for high-income than low-income workers.
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3.4 Travel patterns

We find that low income workers commute shorter distances at a median of 25 minutes,
than high income workers at a median of 30 minutes. However, consumption trips are more
similar in distances across income groups and shorter than workplace trips at around 23
minutes for high-income workers and 22 minutes for low-income workers. Figure 3 plots
the travel time distributions by worker group and type of travel. Low-income workers make
slightly more, 5% more, trips on average than high-income workers. Consumers also make
more trips on the weekend than weekdays. Figure A11 presents the average number of daily

trips by worker group and weekday vs weekend.

3.5 Impact of the DTL on Housing Prices

We find that the Downtown Line had a large impact on residential prices.

First, we use a spatial differences-in-differences framework. We exploit the timing of the
announcement, of Downtown Line (DTL) alignment on July 15, 2008."* Homebuyers cannot
anticipate precisely where the DTL will be constructed before the announcement, but will
incorporate information on distance to DTL line stations into prices after. Figure 4 plots
the log difference between residential prices within 0 to 1 km of a DTL station and prices
between 1 to 5km of a DTL station over time.'* The price difference trend is flat before the
announcement. After the alignment announcement, prices within 1km on the DTL begin
increasing relative to those between 1 to bkm. Table A4 presents regression estimates of the

following specification:

log(Pricey) = By + B1Post, + B2Close; + B3 Posty x Close; + a; + € (1)

where 7 is an apartment building - number of rooms pair'® and ¢ is the quarter. Pricey is

BHere we focus on phase 2.
14We use HDB data on flats for prices.
15We observe addresses but not the unit number, and observe the number of rooms in the flat.
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the price of flat ¢ in quarter ¢, Post; equals one for all quarters after the announcement and
zero otherwise, and Close; equals one for all flats within 1 km of a DTL station and 0 or all
flats between 1 and 5 km of a DTL station. «; is a fixed effect for the apartment building-
number of rooms pair, and €; is an error term. We estimate that over 4 years, residential
prices increase by 4.84%, all else equal.

We also consider the relationship between prices and distance from the DTL over time.

We estimate the following specification:

log(Pricey) = 1 + Z Yw * Distance; x« 1{t = w — T} + € (2)

w

where Distance; is the distance in kilometers from the nearest DTL stop. We restrict
the sample to include apartments within 5km of a DTL stop. 1{t = w — T'} is an indicator
for prices w years relative to the announcement on quarter T. We plot the coefficients v in
Figure 5. Consistent with our previous result, time trend of the relationship between prices
and distance to the nearest DTL station is flat before the announcement and decreases over
time after the announcement. Prices are higher the closer flats are to the DTL after the
announcement.

Increased property prices indicate that residents highly value improvements in access
from the DTL. These price increases reflects a combination of both improved access to work
and consumption locations. We find that the price effects increase over time which suggests
long-run dynamic responses with the re-organization of economic activity, motivating our

general equilibrium structural model.

3.6 Impact of the DTL on Travel

We find a sharp uptick in travel to DTL subzones in response to the line opening. Figure 6
plots the daily volume of trips to or from subzones with and without a DTL station between

December 2015 and February 2016 by low- and high-income workers, with Phase 2 of the
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DTL opening on December 27th 2015. We observe about a 20% increase in trips after the
opening. Over all sub-zones, the volume of low-income trips increases by a smaller percentage
than high-income trips. This suggests that high-income workers are taking greater advantage
of the new DTL than low-income workers. We also find that low- and high-income workers
adjust their travel patterns differently across neighborhoods. In Figure 7a and 7b, we plot the
travel patterns by income group for two of the major locations on the DTL line separately,
Bukit Panjang and Upper Bukit Timah. High-income workers increase their travel to and
from Bukit Panjang by about 40% on average, while low-income workers increase their travel
volume by about 20%. On the other hand, both worker groups increase their travel to and
from Upper Bukit Timah by the same amount. This suggests that it is important for a
model to account for differential travel response in evaluating welfare across worker groups.
Last, we plot changes in travel patterns over a longer time horizon in Figure 8. We find
that the responses in travel flow are dynamic, growing over time. Again, this suggests
that accounting for long-run responses with the re-organization of economic activity may be

important, motivating our general equilibrium structural model.

3.7 DTL and Non-Tradable Production

Using two cross-sections of food establishment license data between 2015 (before the opening
of Phase 2 and 3 of the DTL) and 2018 (after the opening), we find that there is a greater
growth in food establishments between 2015 and 2018 in subzones with a DTL station. The
number of food establishments in DTL locations increased by about 15% relative to non-DTL

locations, see Appendix Table A3.

4 Quantitative Model

This section presents a model of the internal structure of a city with heterogenous workers,

and travel choice over workplace and consumption locations.
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4.1 Setup

We model a city as n € N neighborhoods. Neighborhoods differ in their exogenous amenities,
productivities, residential and commercial floor space, and the time it takes to commute to
any other location. High- and low-income workers decide where to live, where to consume
non-tradable goods and services, and where to work and in which sector. Each worker type
has different preferences, productivities, wages, travel costs, and consumption shares. Utility
is derived from the consumption of a tradable good, a non-tradable good, and residential
floor space. There are two sectors G € {T', N}, the tradable and non-tradable sectors. Firms
are located across the city and produce using labor and commercial floorspace. Sectors differ
in their demand for different worker types, with the non-tradable sector relying more low-
income workers and the tradable sector relying more on the high-income workers. Demand
for non-tradable sector production depends on where consumers choose to travel to consume
non-tradables, while tradable goods are costlessly traded across the city. Demand for labor
by worker type varies across the city based on the productivity of each sector in each location,
commercial rents and demand for production. A competitive land sector supplies floor space
using land and capital with constant returns to scale technology. In equilibrium, the price
of floor space, wages, and prices of goods adjust to clear the goods, land and labor markets.

We consider a closed city with an exogenous city population by worker group.'¢

4.2 Workers

The city is populated by different worker groups indexed by 6 € {+,—} (high- and low-
income) with a fixed population R’. A worker w in group # chooses a location n in which to
live, a location ¢ and sector G in which to work, and a location j in which to consume non-

tradable goods and services. We assume indirect utility is Cobb-Douglas and is evaluated

16Singapore is a small city-state with little in- and out-migration.
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according to:

u° (w) = szZ(W) wigca?c(w) s?(w)

iGJ - T N6
M Qe P (7)) PN exp(aimy)

, (3)

where 0 < o™ o aN? < 1 and a™? 4+ af? 4+ a0 = 1.

Individuals derive utility from consumption of residential floorspace, consumption of a
tradable good, and consumption of a non-tradable good. We accommodate different pref-
erences, productivities, wages, travel costs and consumption shares by type. BY represents
common residential amenities in neighborhood n for workers of type 6. Differences in resi-
dential preferences across groups will drive worker types to live in different neighborhoods.
Q,, is the price of residential floor space in neighborhood n. PT is the price of the tradable
good in neighborhood n. We assume that the tradable good is traded without cost in the
city so that P} = P" = 1, serving as our numeraire. P} is the price of the non-tradable
good in neighborhood j. wY; is the wage per efficiency unit in neighborhood i in sector G for
workers of type 6. Iceberg travel costs to work in neighborhood ¢ and consume non-tradables
in neighborhood j, exp(k7,;) and exp(k’7,;), increases with the time 7 it takes to travel
between neighborhoods. The parameter «? controls the size of these travel costs by worker
group. We expect differences in travel costs since low-income workers receive subsidies on
travel. Higher travel costs imply larger gains from reductions in travel time. High- and
low-income workers have different consumption shares over housing, ¢, tradables, a”*?,
and non-tradables, a™?. These shares measure the relative importance of housing, tradable
and non-tradable consumption for utility for people of type 6. Larger consumption shares
on housing imply larger implications of changes in rents for welfare. Larger consumption
shares on non-tradables imply larger implications of access to consumption opportunities for
welfare.

Worker w has idiosyncratic draws for residential amenities in neighborhood n, b9 (w), effi-

ciency units of labor (productivity) in neighborhood i and sector G, a;(w), and consumption
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amenities in neighborhood 7, s? (w)). We assume that these idiosyncratic shocks are drawn

from the following independent Frechet distributions:

FR(b) = exp(—=T ")

FE(a) = exp(—TiL’GTGLGga*ELB

) (4)

F9(s) = exp(~T"s)

where all the shape parameters, €, are greater than 1 and all scale parameters, T', are
greater than zero. The scale parameters, T ,TZ-LIQ,TGLGQ,TJS‘9 control the overall level of
the draws for residential preferences, work location productivity, sector productivity, and
consumption preferences respectively. We allow scale parameters to vary across worker
groups, to capture differences in preferences and productivities over locations across types.

RO L0 50 wwhich control the dispersion of the distributions

We also allow shape parameters, €
to differ across groups. A higher e corresponds to a smaller dispersion. The sensitivity of
choices to other variables such as travel costs is governed by the dispersion of preferences or
productivity. When workers have similar matches in different locations (high €), choices are
more sensitive to these other variables. Differences in heterogeneity across groups will be
important in determining the incidence of travel costs, since it controls the extent to which
individuals are willing to bear high travel costs to work or consume in a location.

Timing. Workers first choose where to live, and then choose where to work and where
to consume non-tradables. First, individuals observe their idiosyncratic residential amenities
draws for all neighborhood and chooses to live in some neighorhood n. Second, individuals
observe their idiosyncratic productivities for all workplaces and idiosyncratic consumption
preferences in all neighborhoods, then choose to work in some neighborhood i and sector

G, and to consume non-tradables in some neighborhood j. We solve the worker problem by

backward induction.
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4.2.1 Employment Location Decision

Having chosen where to live n, individuals draw a vector of match-productivities with firms
across the city as in Equation 4. With these draws in hand, workers choose to work in the
neighborhood that offers the highest income net of commute costs by type.

wigaie(w)

v). 5
Hz'l,%x exp(K97,;) (5)

Properties of the Frechet distribution imply that the probability a worker of type 6 who
has made the choice to live in n decides to work in ¢ and sector G is given by the following

gravity equation:
Li0rnLgo Lo
\LO T, T [wig exp(—K"Twi)]

niGln — Zl ZH T}LIGTéGG[wleH eXp(_Kje’[‘nl)]GLe

Individuals are more likely to travel to work in a neighborhood that pays a high wage

(6)

net of travel costs, as in the numerator, relative to those in all other locations, as in the
denominator. The sensitivity of employment decisions to commute costs is governed by the
dispersion of productivities across neighborhoods. Similar matches across workplaces in dif-
ferent locations and sectors (high €) imply that choices are more sensitive to commute costs.
Differences in productivity heterogeneity across worker types is important in determining
the incidence of travel costs, controlling the extent to which workers are willing to bear high
commute costs to work in a neighborhood. Differences in productivity across neighborhoods
and commute costs by type drives differences in work travel patterns across worker groups.

Expected income prior to drawing the vector of match productivities is directly related

to the denominator in Equation 6 through

1/6L0

€L0 -1 L0
W) 2 B[] =T < (L ) [Z > T wfy exp(—K'7))] (7)
l H

where I'(.) is the Gamma function. Intuitively, in locations with better access to em-

ployment, or access to locations with high expected income, by type, workers are better

18



off.

4.2.2 Consumption Location Decision

Having chosen where to live n, individuals draw a vector of idiosyncratic preference shocks
with consumption locations across the city as in Equation 4. With these draws in hand,
workers choose to consume non-tradables in the neighborhood with the best consumption

amenities net of travel costs and the price of non-tradables.

55 (w)
max —— (8)
TP exp(KTyy)

Properties of the Frechet distribution imply that the probability a worker of type ¢ who has
made choice to live in n decides to consume non-tradables in j is given by the following

gravity equation:
aN —€
TSP exp(ma;)]

S TSP exp (K0T )] =<

S6
njln —

(9)

Individuals are more likely to travel to consume in a neighborhoods with high consump-
tion amenities net of the price of non-tradables and travel costs, as in the numerator, relative
to those in all other locations, as in the denominator. The sensitivity of consumption de-
cisions to travel costs is governed by the dispersion of preferences across neighborhoods.
Similar amenities across consumption locations (high €) imply that choices are more sensi-
tive to travel costs. Differences in preference heterogeneity across worker types is important
in determining the incidence of travel costs, controlling the extent to which workers are will-
ing to bear high travel costs to consume non-tradables in a neighborhood. Differences in
preferences across neighborhoods and travel costs by type drives differences in consumption
travel patterns across worker groups.

Expected utility from non-tradable consumption prior to drawing the vector of idiosyn-
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cratic preferences is directly related to the denominator in Equation 9 through

CXNG/ESG
56

STTSEN exp(hTm)] (10)

m

|
SZ £ Ei"[’y] =T ( S0 )

where I'(.) is the Gamma function. Intuitively, in locations with better access to con-
sumption, or access to locations with low prices and high amenities, by type, workers are

better off.

4.2.3 Residential Location Decision

In the first stage, individuals choose where to live to maximize their expected indirect util-
ity after observing their idiosyncratic residential amenities draws across all neighborhoods.
Workers of type 6 solve the following problem

B (w
max U’ (w) = —2 ol )WGSG (11)

n Q%H n-n

Workers are attracted to locations with high residential amenities, low housing prices,
high net incomes, and utility from consumption of non-tradables.
Properties of the Frechet distribution imply that the share of type-6 workers who live in

neighborhood n is
—aT
AR _ TEPT ™ Q7" BuoWooSno
no —aT ~_o
> TP Q; " BroW gSka]<"™

]eRG

(12)

Similar residential amenities across neighborhoods (high €) imply that choices are more
sensitive to changes in access to employment, access to consumption, and rents. Differences
in preferences across neighborhoods by type drives differences in residential patterns in the

city across worker groups.
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4.2.4 Expected Utility

Since we consider a “closed city”, expected utility from living in the city prior to drawing

the vector of idiosyncratic preferences is directly related to the denominator in Equation 12

RO
0 eV —1
U_P( cRo )

4.3 Firms

through

1/€R9
RO
]

T
Z TEP™ Qp*" BigWiSho (13)
!

4.3.1 Technology

There is a representative firm for the non-tradable and non-tradable sectors, G € {N, T},
in each neighborhood 7 € N. Firms produce under perfect competition and constant returns
to scale. Firms produce using a Cobb-Douglas technology over labor and commercial floor

space with output

G _nRG
Yig = AigLl HYSP (14)

where 3¢ € [0, 1], H;q is commercial floor space, and labor input is a Cobb-Douglas aggregate

over each worker group’s effective labor, Ni(;g
~ 0GO
Lic = [[ NiGs (15)
)

where >, 3 = 1. Each sector and neighborhood has different productivities, A;g. Sectors
differ in the intensity in which they use different types of workers 3%¢. The tradable sector
requires a higher share of high-income workers, while the non-tradable sector heavily relies
on low-income workers. Thus, the spatial distribution of non-tradable versus tradable pro-
duction is strongly related to that of low-income versus high-income jobs, impacting workers’

access to employment across neighborhoods by type.
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4.3.2 Factor Demand

Perfect competition implies that profits are zero and that the price of each variety is equal
to its marginal cost

PS = A Wi ¢ (16)

(2 7

where ¢; is the price of commercial floor space in 7 and

G+ G-

Wic = w%BG+ Wi (17)

is the cost of labor for sector G in location ¢ where w;gg is the wage per efficiency unit for
a worker of type . Wages are different across both sectors and locations, with each sector
and location pair facing an upward-sloping supply function for effective units of labor for
each worker type. Solving the firm’s profit maximization problem implies that the demand

for labor and commercial floorspace is

Lic = % PicYic/Wic (18)
Hic = (1 - 8% PicYic/dic (19)
Nigo = B¢ LiaWig wice (20)

4.4 Land Market

Following Ahlfeldt et al. (2015), the land market equilibrium requires no-arbitrage between
the commercial and residential use of floor space after the tax equivalent of land use regu-
lations. The commercial price of floor space for both the tradeable and non-tradable sector
is

¢ = &Qi (21)

where &; captures one plus the tax equivalent of land use regulations that restrict com-
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mercial land use relative to residential land use. We allow this wedge between commercial
and residential floor prices to vary across neighborhoods.

Floor space is supplied by a perfectly-competitive developers using land, K;, and capital,
M;, with constant returns scale:

H;, = MM (22)

where H; is total floor space and py is the share of land in floor space production. Therefore,

the corresponding dual cost function for floor space is

Qi = iyl (1= pag) (P PR L (23)

where P is the common price for capital across all neighborhoods, and R; is the price for

land. Cost minimization implies that

pg—1 l—ppy

Qi =PK,"" H;"" ! (24)

As non-tradable production and demand for floor space increases in response to increased
consumption travel, increased rents may drive out tradable production and residents, chang-

ing commercial and residential spatial patterns across the city.

4.5 Market Clearing

Land. Demand for residential floor space is

Y, oY RINEWY,,

H,
Qn

(25)

where we sum over the housing expenditures for all the residents in neighborhood n across
worker groups, using the fact that expenditures on residential floor space is a constant share

of income from Cobb-Douglas.
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Market clearing for floor space requires that the total supply of floor space equals the

total floor space demanded from both residents and firms in each neighborhood j.

H- e Y He (26)
Ge{N,T}
Labor. Using the commuting probabilities from Equation 6, the supply of workers to

any location is found by summing over the number of residents who commute there
Nigo = Z )\nzG|n)\RR0 (27)

Labor supply in the model takes a log-linear form that depends on two forces. First, more
workers commute to destinations paying higher wages. Second, firms attract workers when
they have better access to them through the commuting network. Individuals care about

wages net of commute costs. Total effective labor supply to location is given by

2G9 ZR )\m|n mG’\m mG (28)

where @/, is the average productivity of type-6 workers who live in n and decide to work in
i. Using the properties of Frechet we have'”
ahic = () (THTE A fg) (29)

niG|n

Market clearing requires that supply of effective labor in Equation 28 equals demand for
effective labor in Equation 18 in each neighborhood and sector. Wages by worker type are
endogenously determined by market clearing.

Non-tradables. In each neighborhood j, total production for non-tradables must equal

a4l = Elal, o TH 0TS (i exp(—kmi)) " > T OTHS (wfy exp(—rr)<", VI, H]

24



total expenditures on non-tradables.
PN AL HYT =373 MOS8 ARROW,,, (30)
neN 0

Prices of non-tradables are endogenously determined to clear the market. We sum over
the non-tradables expenditures for all the workers who travel from some neighborhood n to
consume in neighborhood j across worker groups, using the fact that expenditures on non-
tradables is a constant share of income from Cobb-Douglas. This market clearing condition
implies that where workers decide to consume non-tradables is closely linked to where non-

tradables are produced.

4.6 Externalities
4.6.1 Productivities

A location’s productivity depends on both an exogenous component A;; that reflects fea-
tures independent of economic activity (e.g. access to roads, slope of land) as well as the

endogenous density of employment in that location
Aic = Aic()  Nig/H;j)" (31)
0

where H ; is the total units of land. The strength of agglomeration externalities is governed

by the parameter 4.

4.6.2 Amenities

Amenities in a neighborhood depend on an exogenous component 53, and a residential ex-

ternality that depends on the endogenous ratio of high-skilled and low-skilled residents

B, = B, (R, /R, )" (32)
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Endogenous amenities depend on demographic composition across income groups rather than
the total density of residents, similar to Tsivanidis (2019). Workers are more willing to pay to
live in type-specific amenity neighborhoods and by doing so increase type-specific amenities
even more. Thus, this is an additional force towards segregation. We let the strength of
residentia