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Abstract

Do city taxes shift economic activity to the suburbs? We study Philadelphia’s wage tax, which ap-

plies to residents regardless of where they work and to suburban residents who work in the city.

Because city residents always pay the tax, it does not distort their workplace choices, whereas sub-

urban residents are penalized only for working in Philadelphia. At the city boundary, rising wage

tax rates should sharply reduce commuting to the city in suburban tracts relative to neighboring

city tracts, while falling tax rates should increase it. Using a spatial regression discontinuity de-

sign, we find that as the wage tax rose from 1.5 to 4.3% between 1960 and 1980, the change in the

proportion of residents working in the city fell sharply in suburban tracts just outside the bound-

ary; as the tax fell to 3.4% between 2003 and 2019, the change in that proportion increased sharply

in the same tracts. Similar results hold along the boundaries of other cities with wage tax varia-

tion, such as Detroit and Cleveland, but not in cities without wage taxes. In our preferred estimate,

a 1% increase in the tax rate reduces suburb-to-city commuting by 6.39%, holding wages, rents,

and amenities constant. We embed this elasticity in a quantitative spatial model to estimate how

the wage tax affects suburbanization once wages and rents adjust. Replacing the wage tax with a

non-distortionary land value tax would bring 26,000 jobs from the suburbs into Philadelphia. Such

gains triple when we allow for productivity agglomeration forces.
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1 Introduction

On January 1st, 1940, Philadelphia became the first U.S. city to introduce a wage tax. By taxing

residents and suburban commuters, the wage tax raised a remarkable 20% of the city’s revenue in

1940. Success begat imitation. Of the ten largest U.S. cities in 1940, six had enacted a wage tax by

1967.1 Yet workers in those cities could avoid the wage tax by moving and taking their jobs with

them. By 1980, living andworking in the suburbs had becomemore common inmetro areas where

the central city had adopted a wage tax (e.g., Philadelphia, Detroit) than in other metro areas (e.g.,

Chicago, Boston; see Figure 1a). One view attributes this fact to wage taxes. Another is that some

cities heavily suburbanized due to manufacturing job losses or the Great Migration, and, in turn,

adopted this tax as demand for public services soared. To what extent, then, do wage taxes affect

the location of economic activity within local labor markets?

This paper studies Philadelphia’s wage tax and its historical commuting patterns to estimate

two quantities: (1) the effect of the tax on location choices holding wages, rents, and amenities

constant, and (2) the effect of the tax on the stocks of city residents and employees once wages and

rents adjust in equilibrium. We exploit the design of the wage tax to estimate the first quantity. The

tax does not distort the workplace choices of city residents because it applies to them regardless

of where they work. In contrast, the wage tax applies to suburban residents only if they work in

the city. The wage tax thus sharply penalizes residents just outside the city boundary for choosing

the city as a workplace. As the wage tax rises and falls, so does this penalty. Philadelphia offers a

valuable case study because its wage tax has risen and fallen substantially. The nonresident rate,

which penalizes suburban commuting into the city, rose from 1.5 to 4.3% between 1960 and 1976,

remained at that level until 1995, and then fell to 3.46% by 2018 (Figure 1b). By 1990, the wage

tax raised almost twice as much per resident as New York City’s income tax, while neighboring

municipalities had no wage tax or maintained much lower rates.

The analysis is in four parts. We begin by presenting a quantitative spatialmodel of ametropoli-

tan area where the central city imposes a wage tax. We derive equilibrium expressions for how

changes in tax rates differentially affect the workplace choices of city and suburban residents.

Guided by these expressions, we then present nonparametric evidence of discontinuous changes

in commuting composition at the city boundary as the wage tax rose and fell. In the third part

of the paper, we use these discontinuities to estimate how the tax affects location choices holding

wages, rents, and amenities constant. Embedding this estimate in our model, we then replace the

wage tax with a non-distortionary land value tax to structurally estimate the effect of the wage tax

on the stocks of city residents and employees once wages and rents adjust in equilibrium.

Our quantitative spatial model builds on the seminal work of Heblich, Redding, and Sturm

(2020). Identically productive workers choose residential and workplace neighborhoods to max-

imize utility over wages, rents, commuting costs, amenities, and local wage taxes. In addition

to bilateral commuting costs, we include a symmetric, time-invariant term that captures frictions

1The six cities are Philadelphia (1940), St. Louis (1946), Pittsburgh (1949), Detroit (1962), New York City (1966,
though its nonresident rate was repealed in 2000), and Cleveland (1967).
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Figure 1: Suburbanization and wage taxes
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Panel (b): residential and nonresidential tax rates from 1940 to 2023. Sources: see Section 4.

to cross-municipality commuting (Loumeau, 2023). We assume that revenue from the wage tax

funds an exogenously set level of public expenditure.2 The model’s key moment is the commuting

elasticity, which governs the decrease in the probability that workers choose a residence-workplace

pair as the tax rate associated with that pair increases, holding all else constant.

If access to jobs is continuous along the road network, our model implies that a change in the

wage tax discontinuously affects neighborhood commuting patterns at the city boundary. In turn,

this discontinuity identifies the commuting elasticity. To derive this result, we first show that city

residents’ workplace choice is not distorted by the tax, while suburban residents face the wage tax

and time-invariant frictions to commuting only if they work in the city. To disentangle the impact

of the tax from these frictions, we study expressions for log changes in the share of neighborhood

residents working in the city, and assume access to jobs is continuous along roads that cross the

city boundary. As the wage tax rises, working in the city becomes less attractive for suburban

residents, so the share of city commuters in suburban neighborhoods falls by more than that in

city neighborhoods. When the tax falls, the city becomes relatively more attractive for suburban

commuters, so the opposite occurs. In both cases, the discontinuity at the city boundary equals

the commuting elasticity multiplied by the change in tax rates.

We bring the model to the data by constructing a panel of consistent census tracts from 1960 to

2016 (Census andAmerican Community Survey) and from 2003 to 2018 (LEHD-LODES). By com-

bining place-of-work tables from the Elizabeth Mullen Bogue file with scanned versions of those

2This assumption follows Wildasin (1985). Wage tax hikes financed the rising cost of existing municipal services,
which may have been driven by cost disease (Baumol, 1967) or by higher city employee compensation (Inman, 1995).

2



tables for 1960 and 1970, we are able to measure the number of census tract residents commuting

to Philadelphia and to other suburban counties. We also use tabulations of commuting flows to the

central city in 1980 and bilateral commuting flows at the census tract level starting 1990. We cross-

walk historical tracts to consistent tract definitions following Lee and Lin (2018).3 We restrict our

sample to tracts within a five-minute drive of Philadelphia’s boundary with the rest of Pennsylva-

nia using the present-day road network, and limit our outcome to workplaces in Pennsylvania. To

test the validity of our design, we digitize and geocode the 1938 Industrial Directory of Pennsylvania,

and combine city enumeration districts from Shertzer et al. (2016) with our own digitized subur-

ban enumeration districts linked to the 1940 Full Count Census. The area around the city limits

had a light manufacturing presence and specialized as a place of residence, but we find no baseline

discontinuities in workplace or population density, or across a range of residential characteristics.

We then present nonparametric evidence that our key outcome, the log change in the share

of neighborhood residents working in the city, responds sharply to changes in the city’s wage tax

just outside the city boundary. As the tax increased from 1.5 to 4.3% between 1960 and 1980, the

outcome was sharply lower by 0.09 points (SE = 0.042) in suburban neighborhoods just beyond

Philadelphia’s boundary. When the tax fell from 4.0 to 3.4% between 2003 and 2018, the outcome

was instead sharply higher by 0.13 points (SE = 0.021) in the same neighborhoods. These results

are consistent with our model and hold across other base and end years.

We also find discontinuities for our key outcome in other cities with wage tax variation, but

not in cities without wage taxes. Suburban neighborhoods just outside Cleveland experienced a

sharp decline in city commuting as its wage tax rose from 1 to 2% between 1970 and 2000, but no

discontinuity when the rate remained constant from 2000 to 2014. Suburban neighborhoods along

Detroit’s boundary exhibit sharp declines in city commuting as its wage tax rose from 0.5 to 1.5%

between 1970 and 2000, which then reversed as the rate fell to 0.25% by 2014. In contrast, suburban

neighborhoods along the boundaries of cities without wage taxes, such as Boston and Chicago,

exhibit no discontinuities in our key outcome in any period.

One concern about these results is that they could be confounded by sorting on observables if

certain types of workers prefer to live and work in the city. To address this concern, we compute

log changes in neighborhood commuting shares for workers of similar race, income level, sector,

and uncongested commute time. We find large discontinuities of the expected sign for each of

these characteristics. We also find discontinuities along Philadelphia’s boundaries but not along

placebo city boundaries in other outcomes, including changes in the share of employees commut-

ing from the city and in moving rates to the central city, as well as growth rates in neighborhood

establishments and contract rents.4 Our nonparametric evidence is consistent with wage tax varia-

tion discontinuously affectingworkplace choice at the city boundary, andwith such discontinuities

arising solely from wage tax variation.

Our key theoretical result—that the discontinuity in the log change in the share of residents

3Historical tracts never straddle county lines, so they always align with Philadelphia’s border.
4Importantly, neighborhood residential rents are not a determinant of workplace choice in our model.
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working in the city equals the commuting elasticity multiplied by the change in tax rates—implies

that we can estimate the commuting elasticity using a fuzzy spatial regression discontinuity design

(RDD). This design identifies the elasticity by dividing the discontinuous change in commuting

composition by the discontinuous change in tax differentials at the city boundary. We pool our

key outcome across end years to estimate a commuting elasticity for each base year; our preferred

estimate of 6.39 is for changes relative to the base year 1960.5 Our estimates are robust to using

a parametric Instrumental Variables Pseudo-Poisson Maximum Likelihood estimator (IV-PPML),

controlling for baseline measures of observable worker heterogeneity, implementing donut-hole

specifications, and performing randomization inference with simulated city limits. Using a grav-

ity equation (a fixed-effects estimator on a panel of bilateral commuting flows) and a structural

approach (which requires assumptions about production and additional data), we obtain elastic-

ity estimates consistent with those from our fuzzy spatial RDD and from seminal work (Ahlfeldt

et al., 2015; Heblich et al., 2020).

We assess the equilibrium effects of the wage tax on suburbanization through a counterfactual

in which Philadelphia replaces it with a revenue-equivalent land value tax. Philadelphia could

feasibly fund itself with a non-distortionary land value tax, and has both the legal authority and

precedent to implement such a policy.6 Holding residential and workplace amenities fixed and

calibrating the model with our estimated commuting elasticity, we allow wages, rents, and com-

muting choices to adjust across the metropolitan area. In an open-city specification with inelastic

floorspace supply and no agglomeration forces, replacing thewage taxwith a land value taxwould

increase the city’s resident and nonresident employment by 26,000 jobs, implying a tax base elas-

ticity of 0.86. Pre-tax land values rise by 9% in Philadelphia and by 4.4% across the metropolitan

area. Allowing for agglomeration and elastic floorspace supply triples the tax base elasticity and

doubles the total land value gain. Agglomeration forces thus weaken the case for a wage tax.

We conclude by using the model to estimate sales, property, and wage tax revenues under

counterfactual wage tax rates ranging from 0 to 10%. We hold amenities fixed to estimate the

endogenous revenue shortfall or surplus as the wage tax varies. We calibrate the sales tax rate as a

fixed proportion of residential income after taxes and rental payments, and the property tax rate as

a fixed proportion of land values, tomatch the city’s observed tax revenue composition in 2018. We

find that although higher wage tax rates reduce sales and property tax revenues, total tax revenue

increases with the wage tax rate over the 0–10% range. This result persists even when we account

for elastic floorspace supply and productivity agglomeration. Despite its adverse effects on the

location of economic activity, land values, and other tax bases, the wage tax has never approached

its revenue-maximizing rate.

Related literature Our research connects two strands of literature. We first emphasize the im-

portance of local labor market effects in the literature on taxation and location choice. To estimate

5Because wage tax rates had been stable throughout the 1950s, the 1960 base year is less subject to dynamic adjust-
ments that may overstate the elasticity.

6Pittsburgh’s land value tax had a positive impact on building activity during the 1980s (Oates and Schwab, 1997).
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the effect of subnational taxation on location, studies tend to focus on specific types of taxpayers,

such as inventors (Moretti andWilson, 2017), high-income individuals (Bakija and Slemrod, 2004;

Young and Varner, 2011; Agrawal and Foremny, 2019; Martínez, 2022), or professional athletes

(Agrawal and Tester, 2024). While such focus is useful for identification, it often cannot speak to

how taxation changes the distribution of economic activity within local labor markets. Other work

on subnational taxation and firm location often does not distinguish between relocation across and

within local labor markets (Duranton et al., 2011; Fajgelbaum et al., 2019; Giroud and Rauh, 2019;

Risch, 2024). Indeed, our commuting elasticity estimates are roughly three times as large as the

analogous flow elasticities in the cross–local labor market literature.

Second, spatial models used to study transportation (Heblich et al., 2020; Severen, 2023; Tsi-

vanidis, 2024), public works (Franklin et al., 2024), and urban structure (Ahlfeldt et al., 2015;

Owens et al., 2020; Kreindler and Miyauchi, 2023) often abstract from decentralized jurisdictions

and their taxing powers (recent exceptions include Bordeu, 2023; Loumeau, 2023). We apply a

quantitative spatial model to study the relationship between taxes and suburbanization (Gyourko

and Tracy, 1989; Mieszkowski and Mills, 1993; Epple and Sieg, 1999) and map our results to flow

and stock elasticities, which are estimands of interest in public economics. We find that risingwage

tax differentials between cities and suburbs contributed to the suburbanization of residences and

workplaces (Redding, 2022), while falling wage tax differentials may have facilitated urban revival

(Couture and Handbury, 2020) and reduced fiscal externalities (Agrawal et al., 2024). Our frame-

work could also be applied to location choices across states in the context of state tax reciprocity

agreements and remote work (Agrawal and Hoyt, 2018; Agrawal and Brueckner, 2025).

Methodologically, we introduce a transparent and easily implementable approach to estimating

an important parameter in quantitative spatial models. While local tax differentials have been

shown to lengthen commuting times (Wildasin, 1985; Agrawal andHoyt, 2018) and reduce a city’s

share of national employment (Grieson, 1980; Haughwout et al., 2004), we instead leverage them

to identify the commuting elasticity using an RDD. This insight can be applied to other policies that

discontinuously affect commuting choices, such as congestion charge zones that exempt residents

(Herzog, 2024; Cook et al., 2025). Our proposed implementation, which measures the running

variable from multiple points on the road network within a tract, is straightforward in contexts

where the unit of observation is an area (Baum-Snow and Ferreira, 2015; Cattaneo et al., 2025).

Lastly, we highlight a source of spatial misallocation within local labor markets that may be

difficult to mitigate because of its importance for tax revenue. Fajgelbaum and Gaubert (2020)

and Bilal (2023) instead emphasize spatial misallocation across labor markets as a rationale for

place-based policy, but some existing place-based policiesmerely target neighborhoodswithmixed

results (Freedman, 2012; Busso et al., 2013). Local government taxation may therefore represent a

blind spot in U.S. place-based policy (Hanson et al., 2025). Targeting cities such as Philadelphia,

Detroit, and St. Louis to reduce wage taxes and shift toward less distortionary taxation may be a

productive direction for place-based policy.
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2 Policy details and Background

The main sources of revenue for city governments in the United States are property, sales, and in-

come taxes. Local income taxes are more common in older cities and account for a significant share

of revenue where adopted. An advantage of local income taxes is their relatively low administra-

tive cost compared to other tax instruments (Gabler, 1970). Since 1970, New York City has raised

between 15 and 20% of its general fund revenue from its personal income tax. In 2019, Philadel-

phia, Detroit, and St. Louis raised 37, 22, and 19% of their revenue, respectively, from their wage

taxes (Appendix Figure A.3).

We define the wage tax as any local income tax that applies to both resident and nonresident

workers. Wage taxes are distinct from state and federal income taxes. We estimate that 9 million

jobs were subject to a wage tax in 2017–2019.7

In Philadelphia, the wage tax has provided at least one fifth of general fund revenue since its in-

troduction in 1940. In 1960, this sharewas one third; by 1980, one half. In dollar terms, Philadelphia

raised the equivalent of $800 per resident in 1990 (in inflation-adjusted dollars), roughly twice the

per capita yield of New York City’s personal income tax in the same year (Appendix Figures A.4

and A.5). By 2019, the wage tax generated 37% of Philadelphia’s general fund revenue, with non-

residents contributing 38.3% of that amount. The wage tax thus remains important for Philadel-

phia’s fiscal capacity, owing to specific institutional and political factors described below.

2.1 Policy details

The wage tax applies to wages, salaries, and other compensation earned through employment

or services performed within the City of Philadelphia. City residents pay the tax regardless of

workplace location, while nonresidents pay the tax if employed in Philadelphia. Contributions

to 401(k) plans are not exempt. Incorporated businesses also pay the wage tax on net profits for

services performed in Philadelphia on the same resident and nonresident basis. The wage tax does

not apply to government transfers such as Social Security benefits.8

Pennsylvania grants large cities greater fiscal autonomy, which affects sourcing rules and tax

rates. The state legislature authorized Philadelphia to levy the wage tax with the Sterling Act of

1932, and extended similar authority to all municipalities through Act 481 of 1947 and Act 511 of

1965. Wage tax rates for small jurisdictions are capped at 1%. Employers must withhold the higher

of the tax rates between a worker’s home and work jurisdictions. Suburban residents employed in

7The wage tax is known by different names in different jurisdictions. Our definition is based on sourcing rules
applying to both residents and nonresident workers. Some local governments tax earnings only at the place of residence
(e.g., New York City, the District of Columbia, counties in Maryland and Indiana) or only at the place of work (e.g.,
counties in Kentucky, several municipalities in Alabama). To calculate the number of jobs subject to the wage tax, we
use LEHD-LODESmain job data to count commuting links that start or end in local governments in Pennsylvania, Ohio,
Michigan, Missouri, and New York that tax both resident and nonresident income.

8Althoughwage taxes are local ordinances, enforcement is aided by state and federal law. State law requires Philadel-
phia employers towithholdwage tax, and Pennsylvania employers to report the residence of individual employees. City,
state, and federal governments exchange taxpayer information. Misreporting residence or workplace status would gen-
erally require misreporting on state and federal returns, which constitutes tax fraud.
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Philadelphia are exempt from their home jurisdiction’s wage tax and instead pay the nonresident

wage tax to Philadelphia.

Two cases allow at least partial refunds. First, New Jersey residents employed in Philadelphia

can claim a credit on their state tax return for local wage taxes paid in Pennsylvania. This credit,

while distinct from the NJ/PA Reciprocal Agreement covering state income taxes, has also existed

since the mid-1970s, when both states began taxing income. If all income for a New Jersey resident

is earned in Philadelphia, she pays whichever is higher: Philadelphia’s nonresident wage tax rate

or her average New Jersey state income tax rate. Second, Philadelphia offers partial tax relief to

low-income households. Eligibility depends on state-set thresholds. Households earning less than

$8,750 annually pay a reduced wage tax rate of 1.5%, with a gradual phase-out at higher incomes.

But this program is undersubscribed: as of 2024, fewer than 1% of eligible households claimed it.9

Given these institutional characteristics, we exclude New Jersey from our spatial RDD. For

reduced-form results, we rely on neighborhood-level comparisons between Philadelphia and its

neighboring Pennsylvania suburbs. For these comparisons to be valid, Philadelphia’s western

boundary must be unrelated to wage tax variation, and the variation itself must be exogenous

to neighborhoods along the border. We discuss these conditions next.

2.2 Philadelphia County and its suburbs

Philadelphia County lies west of the Delaware River, which marks Pennsylvania’s eastern border

with New Jersey. City and county boundaries, outlined in black in Figure 2, have been cotermi-

nous since 1854. Three historical developments shaped them. The northeastern border with Bucks

County along Poquessing Creek has remained unchanged since 1682. The western boundary with

Delaware County reflects oversubscription toWilliam Penn’s land allocation policy, which pushed

the line west of the Schuylkill River. The remaining boundaries were established in 1784, when

Montgomery County was split from Philadelphia to grant autonomy to rural townships northwest

of the city. The last modification occurred in 1915, when 18 blocks were ceded from Montgomery

County to Philadelphia.10 We find no evidence that these boundaries were drawn with the intent

of taxing wages at a future date.

Philadelphia’s suburbs expanded throughout the 19th and early 20th centuries, first around

railroad stops in the 1860s and later with public transit and automobiles (Jackson, 1987). By 1897,

Boyd’s Philadelphia city directory recorded commuters from adjoining townships in a wide range

of occupations (Akbar, Shertzer, and Livas, 2025). By the time thewage taxwas enacted, the border

region already contained substantial residential and industrial activity. Using the 1940 Census and

1938 Industry Directories of Pennsylvania, we calculate that townships within a five-minute drive

of the city limits contained 215,624 residents and 119 industrial plants employing 26,215 workers.

9See a complete discussion of the local tax burden in https://www.pew.org/en/research-and-analysis/reports/

2023/03/the-local-tax-burden-on-philadelphia-households.
10The boundary between Philadelphia and Montgomery Counties largely follows township borders set as early as

1687 (see Appendix Figure A.7).
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Figure 2: Map of census tracts

Note: The map displays the census tracts in the portion of the Philadelphia Commuting Zone used in our analysis.
The central region outlined in black is Philadelphia County. Proceeding clockwise around Philadelphia, the remaining
counties are Bucks (PA), Camden (NJ), Gloucester (NJ), Delaware (PA), and Montgomery (PA). The tracts in bright
colors show ranges for uncongested drive times to the Philadelphia city limits using the present-day road network. The
tracts in gray are only used in the gravity equation and structural estimates. See Appendix Figure A.8 for the continuous
drive time isochrone.

Philadelphia’s boundary, as well as the economic activity of the adjoining neighborhoods, was

established well before and independently of the wage tax.

2.3 Variation in the wage tax

Origins The wage tax originated as a temporary measure during the Great Depression. At the

time, Philadelphia’s property tax was already high, and further increases were seen as regressive

(Fogelson, 2001), while local governments still played a dominant role in providing unemployment

relief (Glaeser, 2013; Siodla, 2020). In 1932, the city council sought state authorization to enact

new taxes. With both Philadelphia and Pennsylvania under Republican control, authority was

granted that year, but competing interests delayed implementation until 1937 (Tinkcom, 1982).

After proposals for a (resident) income tax collapsed, the wage tax emerged as a compromise and

took effect on January 1, 1940, at a flat rate of 1.5%. This rate held until 1960.

Rising rates, 1960–1984 Like other large U.S. cities, Philadelphia faced rising costs after 1960.11 In

Philadelphia, collective bargaining rules under the 1951HomeRule Charter limited council control

over payrolls, contributing to rising expenditures (Inman, 1995). Local corruption and patronage

11In a famous paper, Baumol (1967) cited municipal payrolls as an example of cost disease, since they were concen-
trated in low-productivity-growth sectors such as education and healthcare.
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mayhave further reduced fiscal efficiency (Mandel, 2023). Tomanage the rising costs, Philadelphia

relied on debt and wage tax hikes to finance spending before the 1970s.

Following New York City’s 1975 fiscal crisis, interest rates for municipal bonds surged nation-

wide (Kidwell and Trzcinka, 1983). With the sudden increase in borrowing costs, Mayor Frank

Rizzo raised the wage tax by one percentage point in February 1976, breaking a campaign promise.

The City Council approved the increase 15–1, as it had done for a 1973 hike. Wage tax increases

between 1961 and 1984 frequently appeared on the front page of The Philadelphia Inquirer and be-

came a salient political issue, as reflected in reports by the Pennsylvania Economy League (see,

e.g., Pennsylvania Economy League, 1999, for a retrospective discussion).

Falling rates, 1995–present In 1990, Philadelphia was unable to meet its short-term debt obli-

gations due to declining state aid, a recession, and creditors unwilling to lend additional funds

(Inman, 1995). In response, the state established the Pennsylvania Intergovernmental Coopera-

tion Authority in 1991, with authority to oversee Philadelphia’s five-year budgets and the power

to withhold wage tax revenues. Oversight, combined with governance and property tax reforms,

improved the city’s creditworthiness. Since 1995, successive mayors have successfully pursued a

program of gradual wage tax reductions (Figure 1). Philadelphia’s recovery was further aided

by the broader resurgence of U.S. central cities, driven by college-educated workers (Diamond,

2016; Baum-Snow and Hartley, 2020; Couture and Handbury, 2020; Couture et al., 2024), which

improved municipal finances (Boustan et al., 2013).

Suburban wage taxes, 1992–present Suburban municipalities had little incentive to enact wage

taxes while their tax base was captured by Philadelphia. Opposition to suburban wage taxes was

strong (Strumpf, 1999). In our RD sample, the first suburban jurisdiction adopted a wage tax only

in 1992. Because a wage tax captures the tax base of other jurisdictions, a township’s best response

to another municipality enacting a wage tax is to enact a wage tax of its own. Strumpf (1999)

documents the chain reaction of adoption across Montgomery County in the 1990s, with Bucks

County following in the 2000s. Adoption remains more limited in Delaware County, though still

spatially clustered (Appendix Figure A.2).

Exogeneity of variation at city limits We find no evidence that the mayor or council gave special

attention to areas near the city limits when setting wage tax rates. From inception, rates were a

blunt instrument determined by citywide fiscal conditions. The flat rate structure and Pennsylva-

nia’s uniformity clause limited the targeting of particular neighborhoods. We find no references to

border neighborhoods or adjacent municipalities in city council minutes, mayoral documents, or

prior studies of the tax (Inman, 1995; Haughwout et al., 2004; Gyourko et al., 2005). The evidence

supports the view that the wage tax was exogenous to neighborhoods at the boundary.
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3 Model

We build on the quantitative spatial model in Heblich, Redding, and Sturm (2020) by augmenting

it with wage taxes and border effects. We derive equilibrium expressions for changes in workplace

choice of neighborhood residents on either side of the city boundary. Such expressions are the

foundations for our nonparametric evidence at the city limits in Section 5 and our approach to

estimate the commuting elasticity in Section 6.

3.1 Setup

A metropolitan area is composed of i = 1, ..., n neighborhoods split between two municipalities:

the city (C) and the suburbs (S). Either municipality can implement a wage tax. We assume that

tax revenue pays for an exogenously set level of public expenditure as in Wildasin (1985).

Workers Workers (ω) choose their residence neighborhood (i) andworkplace neighborhood (j).

Their indirect utility function is given by

Uij(ω) = bij(ω)
[
Bijwj(1− τij)/dij

][
Pα
i Q

1−α
i

]−1

where bij(ω) is a worker’s idiosyncratic amenity draw, Bij represents residence and workplace

amenities common to all workers, wj is the (gross-of-tax) workplace wage, τij is the wage tax rate,

dij ≡ exp (tij) captures bilateral commuting costs increasing in bilateral driving times (tij), Pi

is the price index for consumption goods (consumed at the neighborhood of residence), and Qi

is the residential floorspace price. Parameter α is the share of income allocated to consumption.

Idiosyncratic amenities for worker ω are drawn from a Fréchet distribution for each residence-

workplace dyad:

G(b) = e−b−θ

, θ > 1

where θ is the Fréchet spread parameter. We describe the composite amenity term (Bij), the wage

tax rate (τij), and the interpretation of the Fréchet spread parameter (θ) below.

3.2 Commuting probabilities

Standard results for Generalized Extreme Value distributions imply that the probability that work-

ers choose residence neighborhood i and workplace neighborhood j is given by commuting pair

ij’s share of commuting in the metropolitan area:

λij =

[
Bijwj(1− τij)/dij

]θ[
Pα
i Q

1−α
i

]−θ

∑

k

∑

l

[
Bklwl(1− τkl)/dkl

]θ[
Pα
k Q

1−α
k

]−θ
, i, j, k, l ∈ (C ∪ S) (1)
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where the supply of workers to workplace j is increasing in wages and workplace amenities and

decreasing in taxes and commuting costs from residence i; the demand of housing in residence i is

increasing in residential amenities and decreasing in consumption prices and rents. A larger value

of the Fréchet spread parameter (θ) makes workers more sensitive to each of these forces. The

numerator of this expression is the measure of workers commuting from i to j; the denominator is

the measure of all commutes in the metro area.

We define the amenity term Bij as

Bij ≡ BR
i B

L
j (1− ζij), (2)

which captures residential amenities (BR
i ), workplace amenities (BL

j ), and a symmetrical, time-

invariant border effect (ζij) that is activated whenever a commuter crosses the city limits and shut

down otherwise:

Location of Location of residence i

workplace j i ∈ C i ∈ S

j ∈ C 0 ζ

j ∈ S ζ 0

The border effect term captures frictions to commuting across municipalities (Loumeau, 2023).12

The statutory wage tax term (τij) depends on the municipality of residence and workplace.

For ease of exposition, we consider years where suburban municipalities adjoining the city have

no wage taxes (see Appendix Figure A.1):

Location of Location of residence i

workplace j i ∈ C i ∈ S

j ∈ C τRC τLC
j ∈ S τRC 0

where superscripts R or L denote the tax rate that applies to residents or nonresident workers.

The resident wage tax rate (τRC ) applies to city residents (i ∈ C) regardless of the location of their

workplace. The nonresident rate (τLC ) applies to suburban residents (i ∈ S) if they commute to

any city workplace (j ∈ C). Only to commutes within the suburbs have a tax rate of 0.

The numerator in (1) says that, all else equal, workers are more likely to commute from places

with low amenity-adjusted cost of living, and to places with high amenity-adjusted wages net of

commuting costs and wage taxes. To retain their attractiveness, higher-taxed commutes must be

compensated by higher wages, lower rents or prices, or higher amenities, as in a Rosen-Roback

12Note that we could instead include an isomorphic border effect in the bilateral commuting cost term dij in the spirit
of Allen and Arkolakis (2014). We include ζ in the amenities term since border effects in commuting could originate
generally from social or business networks, as in Combes et al. (2005), or, more specifically, from themunicipal provision
of infrastructure jointly used by workers and firms. This mechanism is consistent with the evidence for firm-level trade
inHillberry andHummels (2008) and is explicitly tested for in the context of commuting networks across French regions
in Loumeau (2023), and within Chilean municipalities in Bordeu (2023).
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model with taxes (Gyourko and Tracy, 1989). Unlike Rosen-Roback, however, a wage tax increase

not only makes some residence-workplace dyads less attractive, but also affects the attractiveness

of every other dyad in the metro area (Allen and Arkolakis, 2023).

3.2.1 Neighborhood commuting shares

We now turn to deriving commuting probabilities conditional on residence, a model object from

Heblich et al. (2020), and compare the resulting expressions for city and suburban neighborhoods.

We first condition (1) on residence i, which has the effect of canceling out the i-specific variables,

λij|i =
(1− ζij)

θ(1− τij)
θ
[
Bjwj/dij

]θ

∑

l(1− ζkl)θ(1− τkl)θ
[
Blwl/dkl

]θ
. (3)

The conditional commuting probability in (3) holds constant local amenities and the local cost

of living, since they are captured by the i-specific term [Bθ
i (P

α
i Q

1−α
i )−θ]. Policies affecting these

terms, such as school districts, or property or sales taxes, are therefore also held constant. In other

words, commuting probabilities conditional on residence show the attractiveness of workplaces by

comparing the different commutes of workers with identical residential amenities and cost of liv-

ing.

To obtain the share of residents in a tract that commute to the city, we sum (3) over all work-

places in the city and unpack the border effect (ζij) and statutory wage tax (τij) terms. This yields

the share of residents of a city neighborhood commuting to the city,

λiC|i∈C =
ΦC
i∈C

ΦC
i∈C + (1− ζ)θΦS

i∈C

(4)

and the share of residents of a suburban neighborhood commuting to the city,

λiC|i∈S =
(1− ζ)θ(1− τLC )

θΦC
i∈S

(1− ζ)θ(1− τLC )
θΦC

i∈S +ΦS
i∈S

(5)

where terms such asΦH
i∈K ≡

∑

j∈H

[
BL

j wj/dij
]θ

are gross-of-tax resident market access (RMA) vari-

ables capturing workplace attractiveness in municipality H for a tract located in municipality K.

We sum by municipality to draw a distinction between RMA “to the city” (ΦC
i ) and RMA “to the

suburbs” (ΦS
i ). The border effect and net-of-tax-rate terms pull out of these sums since they do

not vary between neighborhoods within a municipality.

Equation (4) says that the wage tax does not affect workplace choice for residents of a city

neighborhood, since they pay the tax regardless of where they work. The expression is only a

function ofworkplace attractiveness in the city (ΦC
i∈C) and in the suburbs (ΦS

i∈C), aswell as a border

effect (ζ). All else equal, larger wage tax rates do not directly affect the share of city residents

working in the city.

In contrast, (5) says that the nonresident wage tax rate directly affects the composition of com-

12



muting in suburbanneighborhoods. For suburban residents, workplaces in the city (ΦC
i∈S) aremade

less attractive by a border effect (ζ) and the nonresident wage tax (τLC ), while workplaces in the

suburbs (ΦS
i∈S) are unaffected. All else equal, the larger the wage tax, the smaller the share of

suburban workers working in the city.

Appendix Section C shows that, when the nonresident and resident wage tax rates are equal

to each other, similar results hold when conditioning on workplaces to compute the neighborhood

share of employees commuting from the city. Workplace commuting composition is a function of

firm market access (FMA). We show that the share of employees living in the city is only directly

affected on the suburban side, since employees working in the suburbs finds the city less attrac-

tive to live in because of the resident wage tax. Importantly, there is no accounting relationship

between residential shares (where neighborhood residents commute to) and workplace shares

(where neighborhood employees commute from). Residential and workplace commuting shares

are different outcomes similarly affected by the wage tax.

3.2.2 Changes in log commuting shares to the city

Let t0 and t be subscripts denoting a base period and end period. We apply these subscripts to (4)

and (5) to define the log change in commuting shares to the city for neighborhoods on either side

of the city limits. The outcome takes the following form for a city neighborhood,

∆ lnλiC,t|i∈C = ln
λiC,t|i∈C

λiC,t0|i∈C
= ln

(

ΦC
i,t

ΦC
i,t0

)

︸ ︷︷ ︸

change in RMA to C

− ln

(

ΦC
i,t + (1− ζ)θΦS

i,t

ΦC
i,t0

+ (1− ζ)θΦS
i,t0

)

︸ ︷︷ ︸

change in total RMA=∆ lnΦi∈C,t

(6)

and the next form for a suburban neighborhood,

∆ lnλiC,t|i∈S = θ ln

(

1− τLC,t

1− τLC,t0

)

︸ ︷︷ ︸

wage tax variation

+ ln

(

ΦC
i,t

ΦC
i,t0

)

︸ ︷︷ ︸

change in RMA to C

− ln

(

(1− τLC,t)
θ(1− ζ)θΦC

i,t +ΦS
i,t

(1− τLC,t0)
θ(1− ζ)θΦC

i,t0
+ΦS

i,t0

)

︸ ︷︷ ︸

change in total RMA=∆ lnΦi∈S,t

, (7)

which removes time-invariant border effect from the changes in RMA to the city. Equations (6)

and (7) allow for wages, rents, or even amenities to respond endogenously to variation in the

wage tax (Diamond, 2016; Almagro and Domínguez-Iino, 2025). The equations also say that, if we

compare a city tract to a suburban tract where both change-in-RMA terms were comparable, we

could isolate the direct effect of the wage tax on workplace choice with the wage tax variation term
[
θ ln(1−τL

C,t/1−τL
C,t0

)
]
.

3.3 Estimating commuting elasticity from model expressions

We next develop a novel approach to use variation in the wage tax to estimate the elasticity of

commuting flows to the net-of-tax rate (θ). Introducing two plausible continuity assumptions on
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resident market access enables us to exploit the wage tax variation at the city limits to estimate this

parameter. Other methods are a panel gravity equation, which absorbs variation in the attractive-

ness of residences andworkplaces through fixed effects, and a structural approach, which imposes

Cobb-Douglas technology on production and uses the structure of the model to calibrate it. We

develop the latter two approaches following Heblich, Redding, and Sturm (2020) in Appendix

Section D.

We use the theoretical expressions in (6) and (7) as the outcome in a spatial RD estimator that

compares neighborhoods in the city and suburbs. To isolate the wage tax variation, we treat (6)

and (7) as random variables and make spatial continuity assumptions on the RMA terms.13 By

combining model objects with the empirical estimator, we aim to be precise about what theoretical

parameter we estimate and under what assumptions it is identified.

To begin, we briefly formalize the notion of travel time to the city limits (X̃i) in terms of bilat-

eral travel times in the model (tij). Let k be the closest neighborhood across the city limits from

neighborhood i. If the city limits lie at a share ϑi ∈ (0, 1) of the travel time between i and k, then

travel time to the city limits is simply X̃i ≡ ϑitik. We normalize travel time to the city limits at 0 by

assigning negative values for travel time from suburban neighborhoods,Xi = X̃i[2×1(i ∈ C)− 1].

We use this definition of travel times to the city boundary to state the two following continuity

assumptions.

3.3.1 Continuity assumptions for RMA terms

We assume that two objects are continuous: 1) mean log RMA to the city (lnΦC
i,t) conditional on

travel time to the city limits, and 2) mean change in total RMA inclusive of border effects and taxes

(∆ lnΦi,t) conditional on travel time to the city limits. Continuity in mean log RMA to the city

conditional on travel time to the city limits can be stated as

lim
x↑0

E
[
lnΦC

i∈S,t|Xi = x
]
= lim

x↓0
E
[
lnΦC

i∈C,t|Xi = x
]
= φC

t , (8)

which says that, standing at the city limits, average (log)workplace attractiveness across city work-

places varies smoothly if measured in the tract one step to the right, or in the tract one step to the

left.14 Intuitively, this assumption states that access to jobs in Philadelphia is continuous along the

roads that cross the city boundary.

Continuity in mean changes in log (total) RMA conditional on distance to the city limits can

13In our context, conditional expectation operators should not bemisinterpreted as reflecting uncertainty in themodel.
14Equation (8) may appear to hold trivially, but note that RMA to the city (ΦC

i,t) is defined in terms of bilateral
commuting costs (dij) and not in terms of travel times to the city limits (Xi). We do not redevelop the model in terms
of a continuous topography as in Allen and Arkolakis (2014), which would allow us to more rigorously state that RMA
is distributed continuously in space. Even if we did, however, our empirical implementation would likely be identical.
As Allen and Arkolakis explain, “to calculate an equilibrium [in the data], it is necessary to approximate the continuous
space with a discrete number of locations.”
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be stated as

lim
x↑0

E
[
∆ lnΦi∈S,t|Xi = x

]
= lim

x↓0
E
[
∆ lnΦi∈C,t|Xi = x

]
= ∆φt, (9)

which says that the change in RMA inclusive of taxes and border effects must change smoothly at

the city limits. Intuitively, this assumption says that the change in access to jobs in the entire metro

area is continuous along the roads that cross the city boundary. Given that the tax and border effect

terms of log (total) RMA would appear to induce discontinuities on their own, (9) must be tested

empirically through various proxies.

With these continuity assumptions in hand, we define our spatial RD estimator (δRD) with

distance to the city limits (Xi) as the running variable and the log change in neighborhood com-

muting shares to the city (∆ lnλiC,t|i) as the outcome. Using (6) and (7) as outcomes in an RD

estimator (Lee and Lemieux, 2010), and plugging in our continuity assumptions from (8) and (9),

yields the following expression,

δRD ≡ lim
x↑0

E
[
∆ lnλiC,t|i∈C |Xi = x

]
− lim

x↓0
E
[
∆ lnλiC,t|i∈S |Xi = x

]

=
(

φC
t − φC

t0
−∆φt

)

−

[

θ ln

(

1− τLC,t

1− τLC,t0

)

+
(

φC
t − φC

t0
−∆φt

)
]

=− θ ln

(

1− τLC,t

1− τLC,t0

)

, (10)

which links the discontinuity in the change in log commuting shares to the city estimated at the

city limits (δRD) to the model parameter (θ) and the observed wage tax rates (τLC,t and τLC,t0).
15

Equation (10) delivers three intuitive predictions. The first two relate to the sign of the discon-

tinuity. When the wage tax rate increases, suburban neighborhoods (to the left of the city-limits

threshold) face a rising penalty to commute into the city, yielding a positive discontinuity. Second,

when the wage tax rate is falling, suburban commuters face a falling penalty to commute into the

city, yielding a negative discontinuity. The third insight is that dividing the RD estimate (δ̂RD) by

the log change in net-of-tax rates (ln(1−τL
C,t/1−τL

C,t0
)) yields the negative of the commuting elastic-

ity (θ).16 The expression thus suggests a fuzzy RD design (where the first stage is the wage tax

variation at the city limits) to estimate the elasticity of commuting to the net-of-tax rate.

Several confounders are held constant in (10). Confounders affecting residential choice (which

vary by i and t) are held constant by using commuting probabilities conditional on residence in (3).

These confounders include changes in the local cost of living (Handbury, 2021), in school district

15We use the log change in commuting shares to the city as our principal outcome, but we could instead define a log
odds ratio for two periods to remove the change in total RMA. Because the initial shares for 1960 and 1970 are sometimes
equal or close to 1, however, the log odds ratio becomes numerically unstable. When using 2003 as the base year, we
obtain similar results to our main specification. Observe that, had our outcome been cross-sectional shares (4) and (5)
instead of their changes, the RD estimate would be confounded by the border effect (ζ).

16Implicitly, we are assuming workers find it is not optimal to illegally evade the wage tax. While we have no data to
test for tax evasion, the assumption is not unreasonable given the enforcement tools described in Section 2.1.
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quality (Bayer et al., 2007), or in amenities (Almagro and Domínguez-Iino, 2025). Confounders

affecting workplace choice (j, t-varying) are handled by the continuity assumptions in (8) and

(9). Examples of these confounders include deindustrialization (Hanson and Livas, 2025), corpo-

rate taxes such as Philadelphia’s Business Income & Receipts Tax (BIRT) that may pass through

to wages (Giroud and Rauh, 2019; Risch, 2024), or the general equilibrium effect of the wage tax

on wages and workplace amenities. A feature of our framework is that there is a unique wage in

each j, so forces like deindustrialization and corporate taxes affect the workplace wages of city and

suburban workers equally. Finally, time-invariant confounders affecting commuting between mu-

nicipalities are handled by taking changes in commuting probabilities in (6) and (7). Examples

here include road roughness (Currier et al., 2023) and infrastructure quality (Loumeau, 2023; Bor-

deu, 2023). Any remaining confounders must differentially affect suburb-to-city commuting and

in the same direction as changes in the net-of-tax rate.

There a few key limitations to (10). Our expressions originate from identical workers whose

different preferences for residences and workplaces are drawn from the same Fréchet distribution.

But preferences for some workers could be drawn from different distributions: the commuting

elasticity may vary by skill (Kreindler andMiyauchi, 2023; Tsivanidis, 2024) or demographic char-

acteristics (Bunten et al., 2024). Second, with no dynamics in this model, workers and firms adjust

immediately to changes in the wage tax rate. In reality, adjustments to changes in tax policy take

time, particularly when mediated by job switching (Kleven et al., 2023).17 Third, differences in

floor space supply elasticities between cities and suburbs may affect the ease with which workers

and firms can switch locations (Glaeser and Gyourko, 2005, 2025). Finally, expectations about fu-

ture wage tax rates, for which we have no data, may also be a determinant of residential-workplace

decisions (Coglianese et al., 2017).

4 Data

We provide an overview of the data sources we use for the analyses in the rest of the paper. Ap-

pendix Section B details our sources and data construction. We detail the sources for the key out-

come, the change in the share of neighborhood residents that commute to Philadelphia, and our

sources for tax rates and other outcomes. We also describe the implementation of our spatial RDD,

which uses the road network to measure travel times to the city boundary. We conclude with some

balance checks and summary statistics for the city boundary sample and the Philadelphia metro

area in 1940, the year the wage tax was implemented.

4.1 Census tract commuting data

Residential commuting shares in the 1960, 1970, and 1980 censuses The 1960 U.S. Census was

the first to provide workplace information at the city, county, and state levels. Combining 1960

17In a dynamic model with adjustment costs and depreciating building capital, Heblich, Redding, and Sturm (2020)
(Online Appendix F) obtain commuting probabilities that yield exactly the same predictions as their static model.
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and 1970 tract-level place-of-work tabulations from the Elizabeth Mullen Bogue file with scanned

versions of Census reports for those two years allows us to identify flows by workplace county for

a given census tract of residence (see Appendix Figures B.27 and B.28). For 1980, we combine cen-

sus tract tabulations that include total commuting, commuting outside the state of residence, and

commuting to the SMSA’s central city; we deduct out-of-state commuting from total commuting

to exclude NJ. Census tabulations before 1990 do not allow us to construct tract-level workplace

commuting shares.

Census tract-to-tract commuting (1990 to 2016) We use four publicly available Census-based

data products for bilateral commuting flows: the 1990 and 2000 Census Transportation Planning

Packages (CTPP), and the 2006-2010 and 2012-2016 bilateral commuting samples from the ACS.

To preserve confidentiality, tract-to-tract flows of fewer than 3 records are suppressed in these data

sets. The 2000 CTPP is the earliest data set in which tract-to-tract commuting can be further split by

race and nominal income bins, enabling us to compute race- or income-bin-specific workplace and

residential shares. Data suppression rules further apply to commuting split by characteristics, so

more income- or racially-diverse neighborhoods may be subject to a higher degree of suppression.

Subsequent ACS data are further subject to sampling error, which we do not take into account. We

refer to the ACS samples by their middle year (i.e., 2008 and 2014).

LEHD Origin-Destination Employment Statistics (LODES, 2001 to 2019) We complement our

Census and ACSmeasures with the LODES 7 data sets, which provide yearly job tabulations at the

2010 census-block level for 2001 to 2019. We use data for main jobs to measure commuting flows.

LODES features no data suppression; to preserve confidentiality, synthetically generated flows are

instead added at random to block-to-block flows each year. We follow Owens et al. (2020) and

Dingel and Tintelnot (2021) by aggregating blocks to census tracts and taking three-year rolling

averages of raw commuting flows. We refer to these three-year samples by their middle year (e.g.,

2003, 2006, ..., 2018).

Imputation is a possible caveat of LODES in our analysis. The data are constructed with prob-

abilistic imputation of establishments to workers, known as the unit-to-worker (U2W) procedure.

State UI records identify firms using the State Employer Identification Number, but, with the ex-

ception of Minnesota, do not typically identify specific establishments. Using a model estimated

with worker-establishment data from Minnesota, the U2W imputes establishments to workers for

all other states based on exactly two variables: the distance between the place of work and place

of residence, and the distribution of employment across establishments within multiestablishment

firms (Abowd et al., 2009). A potential source of bias in principle, our RD results using LODES

data are nonetheless robust to the inclusion of controls for this type of establishments.

To compute our commuting outcomes, we harmonize the data to 2010 census tract definitions

using area-based crosswalks following (Lee and Lin, 2018). Census tracts never straddle a county

border. For our spatial RDD, we only use commuting flows starting or ending in Bucks, Delaware,
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Montgomery, and Philadelphia counties. We then construct log changes in the neighborhood share

of commutes to or from Philadelphia. Since Green et al. (2017) find a lower rate of within-county

commuting and longer commutes in LODES relative to the Census/ACS, we separately consider

Census and LODES data in our analysis.

4.2 Tax rates for bilateral commutes

We calculate tax rates for all possible tract-to-tract commuting flows in the Philadelphia metro

area from 1960 to 2018. We use historical statutory wage tax rates for each municipality from

Strumpf (1999) and Pennsylvania’s Municipal Statistics agency. We use the NBER-TAXSIMmodel

to compute state and federal tax rates for the median wage and salary income in the Philadelphia

CZ, which we compute using Census/ACS data.18

We account for the institutional details in Section 2.1 to assign a wage tax rate to any given com-

mute. From 1980 onward, after state income taxes in PA and NJ (and tax reciprocity agreements)

were enacted, we include the flat personal income tax rate for Pennsylvania and the average income

tax rate paid by the median worker in the Philadelphia CZ. We assume all workers residing in NJ

claim a refund for taxes paid to Philadelphia. Because federal income taxes may magnify changes

in the log net-of-tax rates due to the concavity of the log function, we also include the average

federal income tax rate. To allow for some dynamic adjustment, we average the net-of-tax rates in

years t, t− 1, and t− 2 for each base and end year. We consider no other taxes.

For our fuzzy RD, we construct a tax differential term using tax rates for bilateral commutes

between Philadelphia and its suburbs. The term mimics the comparisons in our model. To con-

struct the term for the share of residents commuting to Philadelphia, we compute the log net-of-tax

rate paid by commuting to Philadelphia minus the log net-of-tax rate paid by commuting to the

suburbs. The changes in this difference are discontinuous at the city limits. On the Philadelphia

side, the changes always equal zero. On the suburban side, the changes reflect the changing gap

between Philadelphia’s nonresident wage tax rate and other municipalities’ wage taxes.19 Analo-

gously, to construct the term for the share of residents commuting from Philadelphia, we compute

the analogous log net-of-tax rate paid by commuting from Philadelphia minus the log net-of-tax

rate paid by commuting from the suburbs.20

4.3 Other data sets for reduced form analyses

To study residential moving patterns, we use Infutor residential address histories (1990–2019),

which cover most U.S. adults (Diamond, McQuade, and Qian, 2019). We do not observe place of

18We do not include the SALT deduction since it is only claimed by 5.7 to 13.2% of filers in our sample, which is in
PA’s first to fifth congressional districts. See https://www.congress.gov/crs-product/R46246.

19To compute the net-of-tax rates for suburb-to-suburb commutes, we consider the average net-of-tax rate that would
be paid in all possible tract-to-tract commutes within the Pennsylvania suburbs. We do not weight the net-of-tax rates
by observed commuting patterns, but our procedure places more weight on municipalities with more census tracts.

20Note that, on the Philadelphia side, this term is not necessarily equal to 0, as differentials arise betweenPhiladelphia’s
resident and nonresident rates after 1984.

18
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work information in the Infutor data. The moving rate to the central city is the share of residential

moves between year t− 1 and year twhose new address is in the central city. We compute the log

change in this moving rate between years 2003 and 2018.

To study outcomes for firms,weuse annualDun&Bradstreet PrivateCompanyListings (1969–2023),

which provide establishment-level addresses, industries, ownership, employment, and sales. We

geocode establishments and aggregate to census tracts. Our proxy for wages is the tract average of

log sales per worker residualized by industry and state-year fixed effects.

Finally, we use census tract tabulations of median rents and house values (1960 onward), har-

monized to 2010 tracts using area-based crosswalks and deflated with the CPI. Using our cross-

walks, we take spatially-weighted averages to compute values at the 2010 census tract definitions

across time, and deflate using the CPI. We then take log changes between census years.

4.4 Data for quantitative analysis

For counterfactual analyses, we impute historical land values and predict bilateral commuting

flows. Land values are projected backward from 2018 estimates (Davis et al., 2021) using tract

characteristics selected by LASSO. 21 Our measure for model rents (Ri) is the predicted land value

for a 1 acre lot. We combine the 2018 LODES samplewith a bilateral travel timematrix for 2017 (Mc-

Donald, 2017) and indicators for cross-county and cross-state commutes, and estimate predicted

bilateral commuting shares using PPML estimation following Redding (2024).

4.5 Spatial RDD implementation

Three problems motivate our use of drive times along the road network to the city limits. The first

and most natural concern is that Euclidean distance may not be robust to natural geography (e.g.,

rivers) that can act as barriers to commuting. Such barriers affect the supply of infrastructure and

therefore travel time (Loumeau, 2023).

Second, Cattaneo et al. (2025) indicate that misspecification bias may arise near kinks of geo-

graphic boundaries when using univariate Euclidean distance as the running variable. The kinks

truncate Euclidean distance, meaning that the conditional expectation function is not differentiable

everywhere. Cattaneo et al. (2025) propose new methodological tools based on bivariate location

to address this issue, but do not address concerns on natural geography.

Third, the unit of analysis in our context is an area, but location is usually measured as a point.

To see why this matters, first suppose that distances are measured between the area centroid and

the nearest point in the boundary, as is conventional (Keele and Titiunik, 2015). This approach

could yield the same distance for a large tract that borders the city limits and for a smaller tract

that doesn’t, in which case a spatial RDD would treat the two tracts as comparable units. Suppose

21The selected predictors are log acres, the square of log acres, the product of log acres and log median house value,
log rent, the square of log household income, and the square of log median house value. The post-LASSO R2 equals
0.86. Our imputation approach implies that changes in land value across time come exclusively from changes in values
for the underlying predictors.
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instead that distances are measured from the closest point to the boundary, as in Loumeau (2023).

This results in a distancemeasure of 0 for all tracts bordering the city limits, yielding amass point at

the threshold but almost no observations near it. Note that thismeasurement issue is not addressed

by point-wise bivariate location. Our argument is that allocating a single point to an area may

potentially bias the estimated conditional expectation function in a spatial RDD.

To address these three issues, we use an isochrone from points on the road network located at

the boundary. The road network captures actual travel routes, neutralizing barriers from natural

geography. While travel time may be truncated by individual roads (e.g., dead ends), travel times

are never truncated along a city’s road network, addressing the key issue identified by Cattaneo

et al. (2025). We use ArcGIS to generate drive-time isochrones around the Philadelphia boundary,

which approximate the (log of) commuting costs in our model. We overlay the isochrones on

census tracts, which creates multiple tract-level observations. This approach addresses point-wise

location but introduces some inference issues. We thus weight each drive-time-surface-by-tract

observation by its share of tract area and cluster standard errors at the grid-cell level. We use the

same present-day road network for all years in our sample (1960–2018) because the suburbs tended

to get earlier access to interstate highways than more urban tracts in Philadelphia. In addition,

location decisions likely incorporated expectations about future road network expansions.22 Figure

2 shows our RD sample along the Philadelphia city limits with discrete intervals for drive times,

while Appendix Figure A.8 presents the continuous 5-minute drive time isochrone.

4.6 Balance checks and summary statistics

We next show evidence that workplace and residential characteristics were continuous at Philadel-

phia’s city limits the year the wage tax came into effect. Several factors could be a potential source

of bias by inducing discontinuities in resident or firm market access at the city limits. Two exam-

ples are natural amenities (Lee and Lin, 2018) or persistent historical shocks (Ambrus et al., 2020).

Pre-policy differences in the business environment in Philadelphia relative to its suburbs could

have also affected firm density at baseline (Holmes, 1998). And differences in land use regulation

could also affect the price of floorspace, aswell as residential and commercial development (Turner

et al., 2014). For our spatial RDD to be valid, observable determinants of commuting around the

Philadelphia county border must be continuous prior to the implementation of the wage tax.

To test for continuity of baseline characteristics prior to the wage tax, we digitize two historical

sources. First, we digitize the 1938 Industrial Directory of Pennsylvania, which provides plant-level

information on location, employment, and sector. We geocode plants for Philadelphia and sur-

rounding counties. Second, we use full-count 1940 Census microdata linked to digitized enumera-

tion district maps in the suburbs and for enumeration districts within Philadelphia from Shertzer,

Walsh, and Logan (2016), yielding 773 districts within five minutes of the city boundary.

22The sections of the I-95 connecting Bucks County to Northeast Philadelphia were completed as early as 1964, but
protests and redesigns delayed completion of the highway through the city proper until 1979. Sections of I-76 and I-676
running along the Schuylkill Riverwere completed by 1960, butmore central segments (e.g., theVine Street Expressway)
would not be completed until 1991.
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Table 1 tests for continuity of observable characteristics in a sample of 1940 enumeration dis-

tricts within a five-minute drive of the Philadelphia County border. The first set of columns dis-

plays the relevant parameters in a spatial RDD: the estimate from the left (Suburbs), the estimate

from the right (Philadelphia), and the discontinuity estimate (∆). The second set of columns

helps interpret the magnitude of the discontinuity by showing county means for the suburbs and

for Philadelphia as a whole.

Table 1: Continuity of workplace and residential characteristics at city limits at baseline

RD estimates at city limits County means
Suburbs Philadelphia ∆ Suburbs Philadelphia

Panel A: Workplace characteristics, 1938
Manufacturing plants per km2 0.024 0.720 0.696 0.304 15.875
Mfg employees per km2 2 19 17 32 870
Mfg employees per km2 (⊥ industry FEs) 8 51 44 31 874

Panel B: Main residential characteristics, 1940
Log population per km2 6.997 6.858 -0.139 5.359 8.621
Log residential rents 3.577 3.751 0.174 3.338 3.328
Log house values 8.576 8.480 -0.096 8.393 8.034
Log male wage (⊥ Mincer ctrls) 7.169 7.181 0.013 6.945 6.886

Panel C: Other residential characteristics, 1940
Share population nonwhite 0.027 0.081 0.053 0.050 0.127
Share population foreign born 0.095 0.129 0.033*** 0.087 0.152
Household size 4.299 4.456 0.157 4.827 4.746
Homeownership rate 0.552 0.495 -0.057 0.530 0.394
Employment/population (males 16-64) 0.799 0.770 -0.029 0.786 0.722
Mfg emp/pop (males 16-64) 0.222 0.236 0.014 0.358 0.345
Share males 25-54 w/ some college 0.232 0.186 -0.046 0.095 0.051

Note: The table presents estimates for baseline workplace (Panel A) and residential characteristics (Panels B and C). The
first set of columns shows the estimate for each variable at the suburbs’ limits with Philadelphia (i.e., the estimate from
the left), Philadelphia’s limits with the suburbs (estimate from the right) and the discontinuity at the city limits. The
final two columns show average values for the entirety of Delaware, Montgomery, and Bucks counties under Suburbs,
and for all of Philadelphia County in the last column. The RD sample consists of the 773 enumeration districts within
a 5 minute drive of the city limits. Standard errors to obtain statistical significance are clustered at the grid cell level.
Omnibus test for discontinuities in Panels A, B, and C has a p-value of 0.17. See Appendix Figure A.25 for RD plots for
selected baseline characteristics. Stars in the∆ column denote statistical significance: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.

There is balance across different workplace characteristics (Panel A). We detect no statistically

significant discontinuities in the density of manufacturing plants or in the number of manufactur-

ing employees in 1938. We obtain similar results for plant size adjusted for industry fixed effects,

suggesting our result for rawmanufacturing employee density are unconfounded by industry sort-

ing. The magnitudes of the discontinuities are statistically insignificant and are only about 2-4% of

the average densities observed in Philadelphia. Altogether, we find no evidence of statistically or

economically significant differences in workplace densities at the city limits in 1938.

There is also balance across the chief residential determinants of commuting in the 1940 Cen-
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sus (Panels B and C).23 In Panel B, we estimate no statistically significant discontinuities for log

population density, log rents, log house values, or log residualized wages for males ages 16-64. 24

Because the 1940 Census collected no data on housing characteristics (reflected in the somewhat

imprecisely estimated and opposite-signed discontinuities for the two raw housing cost variables),

we examine some demographic correlates in Panel C. Household size is virtually identical on ei-

ther side of the city limits, andwe detect no statistically significant discontinuities for the nonwhite

population share or working-age male employment rates. We only detect a statistically significant

discontinuity of 3 p.p. in the foreign born share of the population. With that exception, we find no

evidence of discontinuities at the city limits for other variables in Panels B and C.

We pool all discontinuities in an omnibus test and obtain a p-value of 0.17, which supports

the assumption that baseline workplace and residential determinants of commuting were contin-

uous at the city limits the year the wage tax was introduced. Since spatial RD designs may mask

geographic heterogeneity (Keele and Titiunik, 2015), we split the sample into 5 clusters of enumer-

ation districts at the city limits and iterate our balance tests in Appendix Table A.3. While we find

some statistically significant discontinuities across a few secondary residential characteristics in

some subsamples, this exercise continues to support balance for key dimensions of sorting. Across

all subsamples in Appendix Table A.3, we show evidence supporting continuity in manufacturing

plant and population density, residential rents, house values, residualized male wages, and the

share of the population that is nonwhite. The region around the city limits was more similar to

the collar counties of Philadelphia than to the city. The area had a light manufacturing presence in

1938, and specialized as a place of residence for richer and more educated individuals relative to

the rest of Philadelphia County.

5 Nonparametric evidence at the city limits

Weshownonparametric evidence of changes in neighborhood commuting shares at the city bound-

ary consistent with the expressions derived in Section 3. We show evidence of discontinuities at

the boundary of Philadelphia as the wage tax rose and fell, at the boundaries of other cities with

wage tax variation, and in placebo cities, as well as heterogeneity in these discontinuities byworker

characteristics. We end the section by providing evidence in support of the exclusion restriction to

estimate the elasticity of commuting to the net-of-tax rate.

23The year 1940 is not a strict pre-period since the wage tax went into effect on January and the Census was lifted in
April. But the 1940 Census was the first to collect information on wages and education, which is important to assess
sorting at the city limits. To the extent that households were imperfectly mobile within that four-month time-span, we
can use the 1940 Census to test our identification assumption.

24We adjust wages with indicators for education and race, and an age quartic using the universe of working-age male
workers in Philadelphia and its collar counties in 1940.
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5.1 Changes in the share of residents working in the city

Rising wage tax rates Figure 3a shows our RD plot for the change in log share of residents com-

muting to Philadelphia between 1960 and 2000. Philadelphia neighborhoods are to the right of

x-axis value of zero, marked by the dashed line. In Philadelphia neighborhoods, the log commut-

ing share to Philadelphia on average fell by 20 log points, consistent with declining workplace

attractiveness in the city during this period. As the nonresident wage tax increased from 1.5 to 4%

in this period, however, so did the penalty of commuting into Philadelphia from the suburbs. In

suburban neighborhoods, the change in the share of commutes to Philadelphia falls discontinu-

ously relative to Philadelphia neighborhoods. Consistent with our theoretical prediction in (10),

we estimate that the rising wage tax induces a positive discontinuity at the city limits of 10 log

points (SE = 3.7). A similar result holds with 1970 as the base period (Figure 3b).

Falling wage tax rates Figure 3c repeats the exercise over 2003-2018. Philadelphia’s nonresident

wage tax rate fell while several of its neighbors introduced new wage taxes, reducing the average

tax gap between Philadelphia and its suburbs by more than a full percentage point. Per (10),

these narrowing tax differentials would discontinuously increase commuting into the city from the

suburbs. Consistent with that theoretical prediction, the sign of the discontinuity is now negative.

We estimate a discontinuity of -11 log points (SE = 1.67).

We obtain similar results when iterating this exercise for the log change in the share of work-

place employment commuting from Philadelphia for 2003-2018 (Figure 3d). Conditional on work-

ing in the suburbs, Philadelphia became a discontinuously more attractive residence due to the

falling resident wage tax rate. Figures 3c and 3d support the notion that the two different out-

comes are similarly affected by the wage tax.
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Figure 3: RD plots for change in log commuting share to or from Philadelphia

(a) 1960-2000 (to; ↑ wage tax)
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(b) 1970-2000 (to; ↑ wage tax)
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(c) 2003-2018 (to; ↓ wage tax)
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(d) 2003-2018 (from; ↓wage tax)
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Note: Spatial RDD plots display changes in log commuting shares for tracts within a 5-minute drive of Philadelphia’s
city limits. Positive x-values are inside the city. Panel (a): change in log share of residents commuting to Philadelphia,
1960–2000. Panel (b): change in log share of residents commuting to Philadelphia, 1970–2000. Panel (c): change in log
share of residents commuting to Philadelphia, 2003–2018. Panel (d): change in log share of employees commuting from
Philadelphia, 2003–2018. Standard errors clustered at the grid-cell level.

Appendix Figures A.9 to A.12 show robustness to the choice of end period for each of the three

base periods, a total of 21 RD plots. With one exception, we find discontinuities that are positive as

the wage tax rose and negative as the tax fell. The exception is Appendix Figure A.11a, where we

find apositive discontinuity for 2003-2006 despite a fallingwage tax. We attribute this discontinuity

to the fact that there is a positive discontinuity in the change in log total commuting flows, which,

aswe discuss below, violates our continuity assumption in (9). We discuss and test this assumption

in Section 6.1.1 below.
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Changes in commuting shares in other cities with wage taxes To adjudicate the discontinuities

seen at the Philadelphia city limits to the wage tax, we examine other cities that also adopted a

wage tax. In Appendix Section E, we perform separate case studies for Cleveland and Detroit,

which implemented wage tax ordinances in 1966 and 1962. One strength of this analysis is that, by

taking 1960 as the base year, we can study the effect of enacting awage tax. One caveat is that, while

we have historical wage tax variation for these two cities, we lack good data on historical wage tax

rates in neighboring jurisdictions. We detect positive and statistically significant discontinuities

as the wage tax rose in Cleveland and Detroit. We also detect a large, but noisy, negative discon-

tinuity as the wage tax fell modestly in Detroit, and no significant discontinuity for Cleveland in

periods in which the wage tax did not vary. The results for Cleveland and Detroit are consistent

with both our theoretical framework and our empirical estimates for Philadelphia, and indicate

that Philadelphia is not the only city with a wage tax that experienced discontinuous changes in

commuting composition at the city limits.

Changes in commuting shares in placebo cities As a validation test for the same base and end

periods in Figure 3, we ask whether the discontinuities we document above are present in jurisdic-

tions where labor earnings are not taxed differentially across the city limits. Selecting jurisdictions

comparable to Philadelphia in terms of temperature, population size, and industrial and demo-

graphic composition, our set of placebo cities includes Boston, Brooklyn-Queens, Chicago, and

Minneapolis.25 We construct analogous samples of census tracts within a 5-minute drive of the

city limits. To account for level differences in the composition of commuting between cities, we re-

move city-year fixed effects from the outcomes prior to the spatial RDD analysis (Lee and Lemieux,

2010).

In Figure 4, we iterate the RD plots for the outcomes in Figure 3 for our (pooled) sample of

placebo cities. We find no evidence of a discontinuity for the change in log commuting shares to

the central jurisdiction over 1960 to 2000 (4a), 1970 to 2000 (4b), 2003-2018 (4c), or the change in

log commuting shares from the central jurisdiction over 2003-2018 (4d). There is little evidence

that the discontinuities we find for Philadelphia in Figure 3 were present in this sample of cities

that did not adopt a wage tax. The results for placebo cities validate that the discontinuities in

Figure 3 are particular to Philadelphia.

25Boston, Chicago, andMinneapolis do not have a wage tax. New York City enacted a wage tax in 1966 and abolished
the nonresident tax rate in 1999, but labor earnings have never been taxed differentially across the boroughs of Brooklyn
and Queens, whose borders we use for this analysis. With the exception of New York City, we exclude historically
comparable cities that enacted their ownwage tax ordinances, such as Detroit, St. Louis, Newark, Pittsburgh, Cleveland,
or Columbus. Outcomes with base 2003 exclude Boston due to LODES data availability. We also restrict to commuting
flows starting or ending in the counties adjacent to the central city in each of these placebo jurisdictions.
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Figure 4: Continuity check: RD plots for change in log commuting share to or from central city
in placebo jurisdictions
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(b) 1970-2000 (to)
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(c) 2003-2018 (to)
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(d) 2003-2018 (from)
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Note: For a sample of placebo cities (Boston, Brooklyn-Queens, Chicago, andMinneapolis), the spatial RDDplots display
changes in log commuting shares for tracts within a 5-minute drive of the city limits. Positive x-values are inside the
central city. Panel (a): change in log share of residents commuting to the central city, 1960–2000. Panel (b): change in
log share of residents commuting to the central city, 1970–2000. Panel (c): change in log share of residents commuting
to the central city, 2003–2018. Panel (d): change in log share of employees commuting from the central city, 2003–2018
(excluding Boston). Displayed data are orthogonal to city fixed effects. Standard errors clustered at the grid-cell level.

Robustness: outcomes by race, income, commute time, and sector One possible concern is that

the discontinuities in the changes in commuting composition are merely the result of changes in

sorting on observables at the city limits, which in turn correlate with commuting decisions. Exam-

ples could include race, income, or preferences for commute time. Moreover, discontinuities could

potentially arise because of (perhaps unobserved) changes to residency requirements for city gov-
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ernment employees.26 To test for these possibilities, we compute the log change in the commuting

share to Philadelphia for different classes of workers and iterate our spatial RDD.27

In Appendix Figure A.18, we split tract-to-tract commuting flows in 2000 and 2014 by two nom-

inal earnings bins: one for workers earning up to 50,000 dollars, and another for workers earning

more than that quantity. Displaying the RD plot for the change in the share of residents earning up

to $50,000 that commute to Philadelphia, Appendix Figure A.18a shows a negative discontinuity

as the wage tax fell between 2000 and 2014. Appendix Figure A.18b also shows a negative discon-

tinuity of similar size when considering commuters earning more than $50,000. Using the same

nominal earnings bins, but instead considering the change in the log share of employees commut-

ing from Philadelphia, we also find negative discontinuities for workers in either group (A.18c and

A.18d).

In Appendix Figure A.19, we split tract-to-tract commuting flows in 2000 and 2014 by race and

recompute our outcomes. Negative discontinuities continue to appear when considering white

residents (A.19a), or white or nonwhite employees (A.19c and A.19d). While we obtain an in-

significant estimate for the change in the log share of nonwhite residents commuting to Philadel-

phia (A.19b), the other panels support the notion that the discontinuities we document in Figure

3 are not the indirect result of race- or income-based sorting.

In Appendix Figure A.20, we split changes in commuting shares in the LODES data by 1) com-

mutes to/from tracts up to 15 minutes away, and 2) commutes to/from tracts more than 15 min-

utes. We use bilateral commute times on the uncongested road network. The results indicate that

the negative discontinuities persist when comparing residents or employees with similar commut-

ing times. However, the discontinuities are somewhat larger when we restrict to short commutes.

While this is outside of our model, it is intuitive that workers who commute for longer may be less

sensitive to changes in economic fundamentals like the wage tax.

In Appendix Figure A.21, we restrict commuting shares in the LODES data to the private sector.

Reassuringly, we observe similar discontinuities to Figure 3 when we study changes in private

sector commuting shares to (A.21a) or from (A.21b) Philadelphia.

5.2 Evidence in support of exclusion restriction

We examine several margins of adjustment coinciding with variation in the wage tax. We analyze

changes in workplace density as the wage tax increased between 1970 and 1976. We also examine

changes in residualized log sales per worker and in raw median house values to provide some

suggestive results on the incidence of the wage tax.

Unlike changes in the composition of commuting above, the outcomes in this section may be

affected by other policy variation in Philadelphia. For instance, workplace density may be affected

26Residency requirements for city employees were relaxed by the Supreme Court in McCarthy v. Philadelphia Civil
Svc. Comm’n, 424 U.S. 645 (1976). To our knowledge, no other large modifications have been effectuated since.

27Note that this test may be sensitive to suppression rules in Census/ACS data, as we explain in Section 4, because
more racial or income-diverse tractsmay featuremore suppression. Our data sources unfortunately have no information
on commuting flows by college attainment.
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by business taxes; rents may be affected by variation in property taxes. The interpretation of our

results for mechanisms is therefore suggestive. We show continuity of the outcomes in placebo

cities, however, to validate that what we document in this section is particular to Philadelphia. We

are also deliberate in choosing base and end periods to ensure we the variation captured along

the city limits can be reasonably attributed to changes in the wage tax rather than to other policy

changes, as recommended in Keele and Titiunik (2015).

Changes in Infutor moving rates As Philadelphia decreased its residential wage tax, did out-

comes other than the composition of commuting move in the same direction? We use geocoded

Infutor data to study the change in a census tract’s movers that move to Philadelphia. By condi-

tioning on moving as in Agrawal and Foremny (2019), we capture changes in the attractiveness of

Philadelphia as a residence.

A related outcome to our changes in commuting shares, the change inmoving rates to Philadel-

phia captures the sensitivity of workers’ residential choices to the wage tax, and holds constant

time-invariant differences in neighborhood size or turnover. There are two caveats in interpreting

this outcome. First, there is no expression for moving rates in the model, since the moving rate is

equal to zero in equilibrium. Second, unlike the composition of residential commuting, changes in

moving rates could potentially respond to changes in neighborhood rents and amenities, meaning

spatial RDD estimates for this variable could include variation other than that induced by thewage

tax.

Figure 5a displays an RD plot for the change in moving rates to Philadelphia between 2003

and 2018. Figure 5b does the same for Chicago, a placebo jurisdiction. We see a negative discon-

tinuity in the log change in moving rates at Philadelphia’s city limits, but no such discontinuity

for Chicago. We estimate a discontinuity of -12.5 log points per decade (SE ≈ 6.00). While this

impact is less precisely estimated and more suggestive than our main commuting-based outcome,

the magnitude of the effect is consistent with the discontinuities in the change in log commuting

shares for base year 2003.28

28Infutor data at the tract level is sparse prior to 2000.
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Figure 5: RD plots for change in log moving rates to central city, 2003-2018

(a) Philadelphia sample (↓ wage tax)
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(b) Chicago
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Note: Spatial RDD plots display changes in log share of movers moving to the central city for tracts within a 5-minute
drive of each city’s limits. Positive x-values are inside each city. Panel (a): changes in log share of movers moving to
Philadelphia, 2003–2018. Panel (b): changes in log share of movers moving to Chicago, 2003–2018. Standard errors
clustered at the grid-cell level.

Changes in employment and establishment density The wage tax applies to both worker com-

pensation and firm profits, as we discussed in Section 2.1. Labor demand is thus potentially re-

duced through two channels: by reducing employment within firms, and by reducing the number

of firms. To isolate each channel, we study changes in the density of employees and establishments

separately (Holmes, 1998; Suárez Serrato and Zidar, 2016), and restrict the analysis to changes be-

tween 1970 and 1976. The period features stark variation in the wage tax rate, no policy variation

in property tax rates, and predates the implementation of Philadelphia’s Business Income & Re-

ceipts Tax (BIRT) in 1984.29 We use our geocoded Dun & Bradstreet data, which begins in 1969, to

compute changes in census tract employee and establishment counts between the two years.

Figure 6 shows our RD plots for the tract-level changes in log employee and log establishment

counts. We find no statistically significant discontinuity in the change in employee count at the

city limits (6a). Indeed, the log change in employee counts for Philadelphia is similar to that in the

placebo sample (6d). In contrast, establishment growth was discontinuously weaker in Philadel-

phia by amagnitude of 40 log points (6c). At the same time, in our placebo sample, we see a similar

rate of suburban establishment growth to that seen in the Philadelphia suburbs, but a smooth de-

cline in establishment growth towards more central neighborhoods moving right along the x-axis

(6d). These findings suggest the wage tax reduces labor demand because it reduces the number

of small establishments rather than the number of employees.

29Philadelphia’s property tax remained at 4.775% from 1970 to 1976. By 1980, it was at 6.175%.
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Figure 6: RD plots for change in workplace density, 1970-1976 (↑ wage tax)

(a) Employees, Philadelphia sample
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(b) Employees, placebo sample
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(c) Establishments, Philadelphia sample

0

.2

.4

.6

∆ 
lo

g 
es

ta
bl

is
hm

en
t c

ou
nt

-5 -4 -3 -2 -1 0 1 2 3 4 5
Minutes to city limits

(d) Establishments, placebo sample
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Note: For our Philadelphia and placebo samples, the spatial RDD plots display the 1970–1976 changes in log employee
and in log establishment counts for tracts within a 5-minute drive of the city limits. Positive x-values are inside the
central city. Panel (a): change in log employees (Philadelphia sample). Panel (b): change in log employees (placebo
sample). Panel (c): change in log establishments (Philadelphia sample). Panel (d): change in log establishments
(placebo sample). Placebo sample is composed of tracts along the city limits of Boston, Brooklyn-Queens, Chicago,
and Minneapolis. Displayed data for placebo sample is orthogonal to city fixed effects. Standard errors clustered at the
grid-cell level.

Changes in rents and wages If establishment growth was discontinuously weaker in Philadel-

phia, what happened to wages? Because we do not directly observe wages at the workplace census

tract, we use our median residual log sales per worker measure as a wage proxy and show its

1970-1976 change along Philadelphia’s city limits in Figure 7. We see no statistically significant

discontinuity for our wage proxy in Philadelphia (7a) or in our placebo sample (7b), although the

sign of the discontinuity is small and negative in both cases. That we find no statistically signif-
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icant discontinuity in wage changes is also consistent with the lack of a significant discontinuity

in workplace employment in Figure 6: workplaces along the border were not becoming discon-

tinuously unattractive at the border. The graphical evidence suggests that wages did not respond

significantly to variation in the wage tax.

In Figure 7c, we show the RDplot for the real change in logmedian contract rent in our Philadel-

phia sample over 1960-1970. In the intervening years, the increase in Philadelphia’s property tax

was small relative to future periods (3.8% to 4.775%), while the wage tax rate doubled (from 1.5%

to 3%).30 The change in residential rents over 1960-1970 discontinuously dropped at the city limits

by 20 log points, suggesting that the incidence of the wage tax fell on landlords. While some of this

variation may reflect changes in housing characteristics and to differential selection of properties

into the rental market, the sign of the discontinuity suggests stark capitalization effects of the wage

tax. Although much larger than what Brülhart et al. (2025)’s estimates for the tax-real estate elas-

ticity would imply, the negative discontinuity we find in Figure 7c is consistent with their findings

on the capitalization effects of local income taxes. Our findings suggest that the incidence of the

wage tax is borne by immobile land, not mobile labor.

30We unfortunately have no data on assessed property values in Philadelphia, which were likely significantly lower
than the market values. Indeed, Philadelphia had increasingly higher property tax rates while its property tax revenues
were declining sharply during this period (Figure A.5). That assessed values and property tax rates were moving in
opposite directions complicates measuring the property tax burden in Philadelphia. See https://whyy.org/articles/
nutter-says-old-property-tax-system-is-dead/.
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Figure 7: Mechanisms: RD plots for change in factor prices

(a) Wage proxy, 1970-1976, Phila. sample
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(b) Wage proxy, 1970-1976, placebo sample
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(c) Rent, 1960-1970, Philadelphia sample
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(d) Rent, 1960-1970, placebo sample
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Note: For our Philadelphia and placebo samples, the spatial RDD plots display changes in factor prices for tracts within
a 5-minute drive of the city limits. Positive x-values are inside the central city. Panel (a): change in log sales per worker
residualized with state-industry-year FEs, 1970-1976 (Philadelphia sample). Panel (b): change in log sales per worker
residualized with state-industry-year FEs, 1970-1976 (placebo sample). Panel (c): change in log real median contract
rent, 1960-1970 (Philadelphia sample). Panel (d): change in log real median contract rent, 1960-1970 (placebo sample).
Placebo sample is composed of tracts along the city limits of Boston, Brooklyn-Queens, Chicago, and Minneapolis.
Displayed data for placebo sample is orthogonal to city fixed effects. Standard errors clustered at the grid-cell level.

In summary, our nonparametric evidence at the city limits is consistent with our model. First,

we find that the change in the share of residents commuting to Philadelphia exhibits a positive dis-

continuity at the city limits as the wage tax rises, and a negative discontinuity as the wage tax falls.

We also find similar discontinuities in cities with wage tax variation, but no such discontinuities

in placebo cities, and that the discontinuities we document in Philadelphia persist when comput-

ing both types of commuting shares for workers of comparable race, income, commute time, and
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sector. We then provide evidence in support of the exclusion restriction to estimate the commut-

ing elasticity with a fuzzy spatial RD design. Together with the institutional details discussed in

Section 2, the evidence supports the relevance and exclusion restrictions needed to estimate the

elasticity of commuting flows to the wage tax (Baum-Snow and Ferreira, 2015).

6 Elasticity of commuting flows to the wage tax

We estimate the elasticity of commuting flows to the wage tax by pooling the discontinuities at

the Philadelphia boundary we document in Section 5.1. We do so using a fuzzy spatial RDD,

as suggested by the model expressions derived in Section 3 and by the nonparametric evidence

supporting the relevance and exclusion restriction in Section 5. We perform a variety of robustness

checks and validate our estimate using a panel gravity equation and a structural approach.

6.1 Fuzzy spatial RDD estimates

We can obtain base- and end-year-specific commuting elasticities by taking each of the disconti-

nuities in Section 5.1 and dividing them by the change in the net-of-tax rate. By stacking different

end periods, we can instead estimate a pooled commuting elasticity for each base period in a fuzzy

spatial RD design. To fix ideas, let Di ≡ 1(i ∈ C) be an indicator for census tracts in Philadelphia,

and consider a simple linear specification,

∆ ln(1− τPi,t)− ln(1− τSi,t) = αt + ϱtXi + πDi + ρtDiXi + εi,t

∆ lnλiC,t = γt + ςtXi + δDi + υtDiXi + ξi,t,

where ∆ ln(1− τPi,t)− ln(1− τSi,t) is the change in the net-of-tax differential that would be paid by

commuting to Philadelphia relative to the suburbs;∆ lnλiC,t is the log change in commuting shares

to Philadelphia; αt and γt are end-period fixed effects; and ϱt, ρt, ςt, and υt are end-period-specific

slopes. Our estimate of the pooled commuting elasticity (θ̂) is the ratio of the reduced form (δ̂) to

the first stage (π̂).

We consider a PPML estimator to allow for zero-valued commuting shares in an end period and

a Local Polynomial Fuzzy RD estimator (hereafter, Fuzzy RD).31 The PPML specification includes

two quadratics in travel times to the city limits, one for either side of the threshold, fully interacted

with end-year fixed effects.32 The Fuzzy RD specification partials out end-year fixed effects from

the change in log shares, but does not allow for end-year-specific slopes. To compare census tracts

with similar exposure to agglomeration forces, we include a control for log distance to Philadelphia

City Hall across all specifications (Calonico et al., 2019). Lastly, to allow for spatial correlation

31Zero-valued commuting shares are the result of Philadelphia airport being expanded over a residential area over
the course of the 1970s. The 8 affected census tracts only appear in the variation between 1960 and 1980, but our results
are similar if we remove them to obtain a balanced panel.

32We know of no tools that combine Poisson and local linear regression, so parametric assumptions are necessary. But
a parametric RD design is not overly restrictive in light of Figure 3.
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between neighboring tracts, we cluster standard errors at the grid cell level.

Main results Table 2 shows our main empirical results. The columns show results for different

base years, changes in commuting shares, and specifications. Our estimates of the commuting

elasticities on the first row are the ratio of the reduced form to the first stage, which we display in

the rows immediately below.

Taking 1960 as a base year and using a fuzzy RD specification, we estimate that a 1% increase

in the net-of-tax rate reduced commuting to Philadelphia by approximately 6.39% (SE = 1.39). We

obtain higher estimates taking 1970 as the base year for tax hikes (10.7; SE = 1.95), when taking

2003 as the base year for tax reductions (12.07; SE = 2.53), or when using changes in the share of

employees commuting from Philadelphia as the outcome (10.59; SE = 5.15). These results indicate

that the magnitude of the estimate is somewhat sensitive to the choice of base year (and, hence,

to the magnitude of the first stage), but much less sensitive to specification choice. Because of the

stability of wage tax rates prior to 1960, our preferred estimate of 6.39 is the Fuzzy RD estimate for

base year 1960 in Table 2 Column (2).

Table 2: Commuting elasticity estimates from pooled spatial RD designs

Base year 1960 1970 2003
∆ log commuting share To Phila. To Phila. To Phila. From Phila.
Specification IVPPML Fuzzy RD IVPPML Fuzzy RD IVPPML Fuzzy RD IVPPML Fuzzy RD

(1) (2) (3) (4) (5) (6) (7) (8)

Commuting elasticity (θ) 5.11 6.39 11.17 10.69 11.30 12.07 10.60 10.59
( 1.93) ( 1.39) ( 2.50) ( 1.95) ( 2.98) ( 2.53) ( 5.12) ( 5.15)

Reduced form (× 100)
∆ log commuting share 10.68 13.47 15.39 14.99 -7.15 -7.73 -9.83 -9.83

( 4.02) ( 2.94) ( 3.40) ( 2.74) ( 1.80) ( 1.51) ( 4.94) ( 5.01)

First stage (× 100)
∆ log tax differential 2.11 2.10 1.40 1.39 -0.63 -0.64 -0.92 -0.92

( 0.01) ( 0.01) ( 0.02) ( 0.01) ( 0.03) ( 0.03) ( 0.07) ( 0.07)

Census Tracts 300 300 300 300 292 292 302 267

Grid cells 100 100 100 100 99 99 100 97

Note: This table displays pooled commuting elasticity estimates from RD designs pooling various end years. The out-
come is the change in the log share of commuting to (or from) Philadelphia between a base period and and end period.
For the 1960 base, the end years are 1970, 1980, 2000, 2008, and 2014. For 1970, they are the same excluding 1970. For
2003, they are 2006, 2009, 2012, 2015, and 2018. Except for Columns (7) and (8), the outcome is the change in the log
share of residents commuting to Philadelphia. The outcome in Columns (7) and (8) is the change in the log share of
employees commuting from Philadelphia. Fuzzy RD specifications use the optimal bandwidth in Calonico et al. (2022).
All specifications include a control for log distance to City Hall. Standard errors clustered at the grid cell level are shown
in parentheses.

For context, we benchmark Fréchet spread parameter and tax elasticity estimates from several

studies in Appendix Table A.1. The Fréchet spread parameter estimates from recent studies of

within-city variation in Panel A range from 2.08 to 8.34 and average 4.7, implying our estimates lie

34



in the upper range. Analogizing our commuting elasticity with flow elasticities in the tax literature

allows us to contextualize our results. Our estimates are much larger than those from studies of

taxation and migration in Panel B, whose flow elasticities average 2.1. As we discussed previously,

the variation studied in Panel B is typically across local labor markets, and, with the possible ex-

ception of Italian municipalities, the jurisdictions are typically more expansive than Philadelphia.

Our results are most consistent with Martínez (2022)’s flow elasticity of 7.2 in Swiss cantons. Our

findings suggest that location elasticitiesmay be higherwithin local labormarkets, and that Fréchet

parameters from within-city studies may offer a conservative benchmark.

The strictest interpretation for the estimates in Table 2 is a local average treatment effect: they

retrieve the elasticity of commuting to the wage tax at the city limits. In principle, our model in

Section 3 permits a more general interpretation. If the location preferences of workers near the city

limits are drawn from the same distribution as that forworkers elsewhere in the city, then the shape

parameter is a constant, and, therefore, the local average treatment effect would be equivalent to

the average treatment effect.

Observable worker heterogeneity and sorting qualify the average treatment effect interpreta-

tion. In a version of this model with worker heterogeneity, Tsivanidis (2024) shows that the shape

parameters within each class of worker are policy-invariant constants. Intuitively, our spatial RD

estimate would then recover some weighted average of the shape parameters for the worker mix

that predominates at the city limits. Although we find little evidence of pre-policy sorting at the

city limits in Table 1, we also find some evidence that this region was, as a whole, whiter and

more educated than Philadelphia County. The estimated elasticities would therefore correspond

to whiter, more educated suburban compliers, which, as we discuss in Section 3.3, could be poten-

tially lower than the elasticities for other groups. Since our data does not allow us to rule out that

workers are drawn from different distributions, our commuting elasticity should be interpreted as

a local average treatment effect.

6.1.1 Assumption and robustness checks

We test the continuity assumption in the total market access terms from Section 3.3. We also show

robustness of our Fuzzy Spatial RD results to controls for initial worker and establishment hetero-

geneity, to different donut hole specifications, and to randomization inference with simulated city

limits.

Assumption: continuity in the expected change in log RMA We check the continuity of (unob-

served) RMA through several measures, most straightforward of which is the log change in total

commuting flows originating from a census tract. For a given residence tract, total commuting

flows depend not just on RMA but on neighborhood-level determinants such as rents and ameni-

ties. Equation (9) would be unlikely to hold, however, if there was on average a discontinuity in the

change in commuting flow volumes at the city limits.

Appendix FiguresA.13 toA.16 display, for each of the base years in Figure 3, the RDplots for the
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associated changes in total commuting flows for various end years. We detect no discontinuities

between 1960 and 2000 (A.13d), 1970 and 2000 (A.14c), and 2003 to 2018 (A.15e), supporting

the assumption that RMA is continuous. Commuting measured at the place of work also varied

smoothly at the city limits between 2003 to 2018 (A.16e), which also supports the assumption that

FMA is continuous. With the exception of the log change in residential commuting between 2003

and 2006 (A.15a), the empirical results generally support our continuity assumption.

In Appendix Section A.17, we construct additional proxy measures of RMA and FMA. We use

a travel time matrix for census tracts (McDonald, 2017) and tract-level workplace and residential

employment counts for Bucks, Delaware, Montgomery, and Philadelphia counties. We consider

different hypothesized values for the commuting elasticity (θ = {1.25, 1.5, . . . , 12}), and for the

border effect parameter (ζ = {0.1, 0.2}), and the corresponding net-of-tax rates for each year. In

the simulations, we only detect statistically significant discontinuities for log changes in RMAwith

small hypothesized commuting elasticity values (< 2.75).33 Aside from those simulated values,

there are no other statistically significant discontinuities in RMA or FMA for the time periods con-

sidered in Figure 3. The point estimates for the discontinuities are, at most, half a standard devi-

ation of the change in log market access, but are generally less than a quarter standard deviation

and statistically insignificant when the hypothetical value of the commuting elasticity is close to

our empirical estimates. In summary, the assumption that the expected change in log RMA is

continuous at the city limits is supported in the data.

Controls for worker and firm heterogeneity We test robustness to the possibly confounding ef-

fects of baseline sorting on observables. In Appendix Table A.4, we display our baseline estimate in

the first column for base years 1960, 1970, and 2003, and then display the robustness of our results

to the inclusion of the share of white population in the census tract, the college share of tract work-

ing age population, and the log median household income by tract (all measured at the base year

or the closest census year before it) as covariates in our fuzzy RD design (Calonico et al., 2019).

If changes in sorting were driving changes in commuting decisions, then conditioning on initial

demographic, skill, and income composition would reduce the value of our estimated elasticities.

As we add covariates, however, the resulting estimates vary little from our pooled specification

in Table 2. Because imputation is used in the LODES data (base 2003), we include additional ro-

bustness checks for including the share of tract establishments that are corporate owned, or the

share of tract employees that work in corporate-owned establishments. Our results for changes in

workplace commuting from Philadelphia are robust to the inclusion of these variables.

Donut hole specification Appendix Figure A.22 shows that our fuzzy RD estimates from Table

2 are robust to donut hole specifications (Barreca et al., 2011). We sequentially exclude portions of

census tracts within 0.2, 0.4, . . . , 2 minutes of drive time to the city boundary. The results remain

stable across these thresholds, with the exception of workplace shares in base year 2003, where

33These small magnitudes, however, are outside the 95% CI of our estimates.
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estimates become noisier once we exclude areas more than 1 minute from the boundary. Even in

our strictest specification, where we exclude up to 40% of tracts, the elasticity estimates remain

generally stable and consistent with our main specification.

Randomization inference with simulated city limits Following Lehner (2024), we simulate city

limits for Philadelphia, compute Euclidean distance from a census tract to the simulated city limits,

and estimate a spatial RD design for the base years in Table 2. We repeat this procedure 2,500 times

using straight-line boundary simulations that are tangent to the actual county border in at least one

point. We then estimate the probability that we would have obtained reduced form estimates at

least as extreme as those in Table 2 had we randomly drawn the Philadelphia County border some

other way.34 In Appendix Figure A.23, we show the CDF plots of RD estimates for all simulations

of the Philadelphia city limits, and display the reduced form RD estimates from Table 2 in dashed

vertical lines. The randomization inference p-values for base years 1960, 1970, 2003 (residence),

and 2003 (workplace) are 0.015, 0.01, 0.004, and 0.03. The small p-values allow us to reject the

sharp null of no effect on the change in the composition of commuting.

6.2 Validation with gravity and structural estimates

Based on the model in Section 3, we present two alternative methods to estimate the elasticity of

commuting flows to the net-of-tax rate: a panel gravity equation that leverages variation in bilateral

commuting flows across time, and a structural approach that requires additional assumptions on

production. We derive these methods in Appendix Section D.

6.2.1 Panel gravity equation

A panel gravity equation estimates the parameter of interest by controlling for bilateral commut-

ing costs and absorbing variation in border effects time-varying residential and workplace deter-

minants through fixed effects. It imposes no additional assumptions on the continuity of resident

market access (as our fuzzy spatial RDD does) or on the structure of production, but at the cost of

estimating thousands of additional parameters.

Weuse a panel of bilateral commutingflows in the Philadelphiametro area. We stackACS/Census

bilateral commuting flows for 1990, 2000, 2008, and 2014. Separately, we also stack LODES bilateral

commuting data for every three-year period between 2003 and 2018, which may be preferable to

the ACS/Census data since it features noise but no suppression. We impute zeroes to every tract-

to-tract dyad with no recorded commuting flows. We stack log net-of-tax rates for every possible

tract-to-tract dyad in the sample.

With these data in hand, we estimate the following extended gravity equation,

λi,j,t = exp
[

αj,t + γi,t + θ ln(1− τi,j,t) + θϕt ln di,j + κtCountyi,j + µtStatei,j
]

(11)

34“Extreme” in this context means larger than the reduced form coefficients for 1960 and 1970, and smaller than the
reduced form coefficient for 2003. We only use the reduced form for this exercise.
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where workplace-by-year fixed effects (αj,t) capture time-varyingwages andworkplace amenities,

and residence-by-year fixed effects (γi,t) capture time-varying rents and residential amenities. Be-

cause we do not observe the opportunity cost of commuting at each point in time, we can only

identify the parameter cluster θϕt, where ϕt > 0 is the elasticity of commuting costs at time t to

bilateral travel times in 2017. To flexibly estimate the border effect term, we allow for time-varying

indicators for commutes that cross a state or county line (excluding Philadelphia, which we treat

as a municipality). Equation (11) says that if tax rates are exogenous to census tracts, we can iden-

tify the parameter of interest (θ) by using a PPML estimator. We cluster standard errors at the

municipality-by-municipality level, which is consistent with the level at which the tax rates are

assigned as treatment (Abadie et al., 2023).

Table 3 shows our results for the extended gravity equation estimates of the commuting elas-

ticity to log net-of-tax rates. We consider unconditional commuting probabilities from the Cen-

sus/ACS data in Columns 1 to 3, and from LODES in Columns 4 to 6. All specifications include

workplace tract-by-year and residence tract-by year fixed effects, as well as some time-varying con-

trol for bilateral commuting costs. The estimated tax elasticities can be interpreted as comparing

commutes with similar changes in amenity-adjusted cost of living and similar changes in amenity-

adjusted wages net of some measure of commuting costs.

Table 3: Commuting elasticity estimates from extended gravity equation

Log unconditional commuting probabilities
lnλi,j,t lnλi,j,t lnλi,j,t lnλi,j,t lnλi,j,t lnλi,j,t

(1) (2) (3) (4) (5) (6)
Log net of tax rate (ln(1− τi,j,t)) 9.50 12.92 20.47 8.57 12.39 12.10

( 1.60) ( 1.70) ( 3.52) ( 1.59) ( 1.71) ( 1.69)
Controls

Travel time-by-year slopes
Road distance-by-year slopes
Workplace-by-year fixed effects
Residence-by-year fixed effects
Workplace-by-residence fixed effects
County border-by-year fixed effects
State border-by-year fixed effects

Sample Census/ACS Census/ACS Census/ACS LODES LODES LODES

Estimation PPML PPML PPML PPML PPML PPML

Census Tracts 1,072 1,072 1,072 1,072 1,072 1,072

Municipalities 212 212 212 212 212 212

Note: This table shows PPML estimates with (log) unconditional commuting probabilities between home tract i and
workplace tract j in year t as the outcome. Missing-valued bilateral commutes coded as 0; total observation count per
year is 1, 0722. Years are 1990, 2000, 2008, and 2014 for the Census/ACS sample. Years are 2003, 2006, 2009, 2012, 2015,
and 2018 for the LODES sample. We use the yearly statutory wage tax rate for every possible tract-to-tract commute
in Bucks, Camden, Delaware, Gloucester, Montgomery, and Philadelphia counties, and include state and federal taxes
for the median wage and salary income in the Philadelphia CZ. Travel time and road distance data measured in 2017.
Standard errors clustered at the level of residence municipality-by-workplace municipality shown in parentheses.

In Column (1), we obtain a commuting elasticity of 9.50 (SE = 1.60) when using our Cen-
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sus/ACS sample and allowing for time-varying slopes for (uncongested) travel times between all

census tracts. We obtain a higher and less precisely estimated elasticitywhenwe instead control for

road network distances in columns (2) and (5), which are a noisier control for commuting costs.

The elasticities in columns (2) and (5) may thus be biased upwards, as both commuting shares

and net-of-tax rates correlate negatively with travel times. Columns (3) and (6) partial out bor-

der effects by using workplace-by-residence fixed effects. This control overstates the magnitude

of the elasticity given the suppression in Census/ACS data, but results in similar estimates when

using LODES data. In Column (4), we obtain a lower elasticity of 8.57 (SE = 1.59) when we use

our LODES sample with the travel time slopes and state and border effects. This is our preferred

specification because the added noise in the LODES data does not bias the coefficient, whereas

suppression of small commuting flows in the Census/ACS data may.

Because the results capture commuting between a state with a flat income tax (PA) and a state

with a progressive income tax (NJ), a possible concern is that they may be sensitive to the choice

of income percentile at which the tax rates are calculated. We test the robustness of our extended

gravity equation estimates to tax rates at different percentiles for wage and salary income in the

Philadelphia CZ. We calculate net-of-tax rates for each income decile and for the 99th income per-

centile in each year, and then iterate our estimation of (11).

Our estimates in Appendix Figure A.24 are remarkably stable if net-of-tax rates are calculated

at any point between the 10th and 90th income percentiles. We only obtain smaller elasticities at the

99th income percentile, which is reasonable given that the average federal tax rates at high income

levels magnify the log net-of-tax rates inclusive of the wage tax.

6.2.2 Structural estimates

We now turn to using the model structure to estimate the commuting elasticity. This method re-

quires us to assume Cobb-Douglas technology for production and to assume values for several pa-

rameters. While it is the least transparent approach to estimate the elasticity, it can also be viewed

as a way to validate the structure of the model, which we will rely on in Section 7.

The estimation procedure requires us to assume values for parameters on preferences and pro-

duction, as we detail in Appendix Section D. In our model, a final good is produced in each neigh-

borhood with Cobb-Douglas technology and three factors: commercial floor space (HL
j ), physical

capital (Mj), and labor (Lj). Cost minimization implies that payments to each of these factors are

constant shares of revenue (Xj):

wjLj = βLXj , qjH
L
j = βHXj , rMj = βMXj , βL + βH + βM = 1

We assume values for each of these parameters as of 2018 or the closest available year. We assume

that the share of expenditure on consumption is α = 0.7, which is consistent with the observed

rent-to-income ratio in the Philadelphia CZ in 2018.35 Although the labor share declined during

35The median rent-to-household income ratio in the Philadelphia CZ in the 2018 ACS is 0.265. To compute this value,
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our study period (seeGrossman andOberfield, 2022), we use the estimate in vanVlokhoven (2024)

for 2019 and set its value to βL = 0.59. We assume βH = 0.1 for the floor space share of revenue,

which is on the high end of lease-to-revenue ratio benchmarks for industries such as restaurants

and retail.36 The latter two values imply a capital share of βM = 1− βL − βH = 0.31.

We then proceed as follows. First, we take 2018 as our estimation year and use data on land

values and predicted commuting shares for that year to estimate model-implied wages. To do so,

we use the model’s land market clearing condition, which relates land values to wages using the

assumed parameters above. Given the change in tax rates for a particular commute, the model

yields a unique vector of wage changes for each location. We use this vector to solve for workplace

employment going back to 1960 for a range of hypothesized values for the Féchet shape parameter

(θ). Finally, we calibrate the parameter by minimizing the sum of squared deviations between the

observed and predicted shares of workers living and working in the suburbs, as in Figure 1a.

Appendix Figure A.26 compares the observed and model-predicted suburb-to-suburb com-

muting shares for the portion of the Philadelphia CZ we use for this quantitative exercise. With

the exception of 2008, our calibrated model generally predicts the suburb-to-suburb commuting

share with small errors. Across the range of hypothetical parameter values, the smallest error cor-

responds to a value of 6.5, which is consistent with our commuting elasticity estimates for 1960 in

Table 2.

In summary, this section estimates the parameter that tells us how the wage tax directly affects

location decisions holding wages, rents, and amenities constant. Our main fuzzy spatial RDD es-

timates are robust to including baseline demographic, income, and workplace controls (Appendix

Table A.4), to different donut hole specifications (Appendix Figure A.22), and to randomization

inference tests (Appendix Figure A.23). We estimate slightly higher elasticities in our extended

gravity regression framework relative to our fuzzy spatial RDD. Our structural estimate of 6.5 is

more consistent with our preferred estimate from our fuzzy spatial RDD. In the context of the lit-

erature, our pooled commuting elasticities lie in the upper range of Fréchet parameter estimates,

but our 95% CIs admit estimates from seminal work (see Appendix Table A.1). We turn to using

our parameter estimate to study the effects of the wage tax on the stocks of residents, employees,

nonresident workers, wages, and land values below.

7 Stock elasticities and counterfactuals

In this section, we estimate how the stocks of residents, workers, andnonresidentworkers of Philadel-

phia respond to the wage once wages and rents adjust. Understanding the magnitude of the stock

elasticity of the tax base is essential to assess the wage tax’s efficiency (Oates, 1972), job relocation

(Fajgelbaum et al., 2019), and revenue effects (Kleven et al., 2020). We also use the model to assess

how property, sales, and wage tax revenue changes with a range of counterfactual wage tax rates.

we only consider households with positive household income and rent values.
36See https://www.occupier.com/blog/lease-to-rent-revenue-ratio/.
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7.1 Stock elasticities from removing the wage tax

Stock elasticities cannot be estimated using changes in unconditional commuting probabilities [i.e.,

changes in (1)] along the city boundary. Using changes in unconditional commuting probabilities

as the outcome of the spatial RDD would reintroduce neighborhood-specific characteristics that

can be affected by policy variation other than the wage tax, weakening the causal interpretation of

the estimates. Instead, we treat stock elasticities as a general equilibrium object that can be more

rigorously estimated with the structure of the model.

The policy experiment used to estimate the stock elasticities is to set Philadelphia’s wage tax

rates to 0. Held constant in this counterfactual are wage taxes in the suburbs, state and federal in-

come taxes, and residential, workplace, and bilateral amenities. The outcomes that endogenously

adjust are wages, land values, residents, and employees across neighborhoods in the entire com-

muting zone. Importantly, our counterfactual assumes that expected worker utility is the same

across all locations, so welfare gains from abolishing the wage tax are entirely captured by absen-

tee landlords.

While removing the wage tax may in practice affect the funding of public amenities, the City of

Philadelphia could potentially tax land if counterfactual land values are larger than the foregone

wage tax revenue. If this condition is met, Philadelphia’s transition to a land value tax would have

no additional effects: since the gains from eliminating thewage tax are capitalized into land values,

they can be taxed at zero cost to efficiency (Arnott and Stiglitz, 1979). The counterfactual change

in land values we obtain is before the city steps in to tax land to replace wage tax revenue, so it is

overstated and can be interpreted as an upper bound on welfare gains.

Using a commuting elasticity estimate of 6.5 and the assumed values for the share of expendi-

ture on consumption and the shares of labor, land, and capital in production in Section 6.2.2, we

estimate the effects of removing Philadelphia’swage tax. We use 2018 as our base year and an open-

city specification that assumes population mobility with the rest of the United States (Haughwout

and Inman, 2001).37 We consider three specifications. First, we assume a perfectly inelastic supply

of floorspace and no agglomeration externalities, which guarantees a unique equilibrium (Heblich

et al., 2020). In our second specification, we allow for a census tract’s supply of land to be elastic to

land values. Third, we allow for elastic floorspace supply and productivity agglomeration forces,

which allow neighborhood productivity and wages to increase with its own employment density.

We borrow estimates of floorspace supply and productivity agglomeration elasticities from the

literature.

Table 4 shows the results for removing the wage tax. Panel A displays the stock elasticities of

several employment measures, as well as the revenue-maximizing rate of τ∗ = (1 + η)−1, where η

is the stock elasticity of the tax base to the net-of-tax rate (Kleven et al., 2020). Panel B displays the

effect on several measures of land values; changes in land values across themetro area capturewel-

37This population mobility condition is a function of the commuting elasticity, as we show in Appendix Section D.
Intuitively, this condition tells us that expected utility for workers is the same regardless of where they live and work
(including the rest of the U.S.). Welfare gains from the wage tax are thus entirely captured by landlords.
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fare effects. Column 1 displays our base specification. Column 2 allows for a tract-level floorspace

supply elasticity of 2.5 following Baum-Snow and Han (2024). Column 3 uses this floorspace sup-

ply elasticity and a productivity agglomeration elasticity of 0.04, following high-income-country

estimates in Ahlfeldt and Pietrostefani (2019).

Table 4: Results from removing Philadelphia’s wage tax

No agglomeration No agglomeration Agglomeration
Inelastic floorspace Elastic floorspace Elastic floorspace

(1) (2) (3)
Panel A: Stock elasticities

Residential employment 0.64 1.59 2.19
Workplace employment 1.16 1.66 2.75
Tax base (resident and non-resident workers) 0.86 2.09 3.04
Revenue-maximizing tax rate (%) 53.88 32.32 24.77

Panel B: Counterfactual land values
Philadelphia: multiple of wage tax revenue 12.28 12.69 13.66
Philadelphia: percent change 9.41 13.12 21.75
Suburbs: percent change 2.37 -1.20 2.79
Metro area: percent change (welfare) 4.44 3.01 8.37

Note: Stock elasticities are obtained by dividing the log change in employment by the log change in the average net-of-tax
rate for Philadelphia residences, workplaces, and residences or workplaces. Tax base is the mass of employment living
or working in Philadelphia. Revenue-maximizing tax rate equals τ∗ = (1 + η)−1, where η is the stock elasticity of the
tax base to the net-of-tax rate (Kleven et al., 2020). In Panel B, Philadelphia’s counterfactual land value is normalized
by model-implied wage tax revenue in 2018. Percent changes are relative to observed values in 2018. Floorspace supply
elasticity is 2.5 (Baum-Snow and Han, 2024). Production agglomeration elasticity is 0.04 (Ahlfeldt and Pietrostefani,
2019).

In the specification with no agglomeration and inelastic floorspace in column (1), the stock of

workers living in Philadelphia increases by 0.64 log points for every log point increase in their net-

of-tax rate. Philadelphia workplace employment has an elasticity that is nearly twice as large at

1.16. The stock elasticity of the tax base, which captures Philadelphia residents and its nonresident

workers, is 0.86. This elasticity is the relevant input to obtain the revenue-maximizing tax rate,

which is 54% = (1 + 0.86)−1. Counterfactual land values in Philadelphia are at more than 12

times the model-implied wage tax revenue, validating the counterfactual exercise. Relative to their

observed levels, land values would increase by 9.4% in Philadelphia, 2.4% in the suburbs, and 4.4%

in the entire metro area. The open-city specification places all incidence on immobile landlords,

whose welfare would increase even in suburban census tracts in this specification. The changes in

census tract residential employment, workplace employment, and land values, displayed in Figure

8, suggest that economic activitywould significantly re-centralize even in absence of agglomeration

forces or responses in the real estate market.
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Figure 8: Counterfactual for removing Philadelphia wage tax: results for employment and land values

(a) ∆ residential employment share (b) ∆ workplace employment share (c) % change in land value

Note: Themaps display the census-tract-level effects of a counterfactual in which we set Philadelphia’s wage tax rates to 0. Philadelphia is the central county outlined in black;
New Jersey lies to its south and east, while the rest of Pennsylvania lies to its north and west. Outcomes in Panels (a) and (b) are changes in shares of total employment
relative to 2018 values. More intense shades of pink denote larger employment losses. More intense shades of green denote larger employment gains. Underlying variable in
Panel (c) is the percentage increase in land value relative to the 2018 value.
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The specification in Column (2) allows for an elastic supply of floorspace that significantly

magnifies the effect on the stocks of residents, employees, the tax base, and land values. Under

this specification, the more elastic tax base implies a lower revenue-maximizing tax rate of 32%.

Philadelphia’s counterfactual land values are more than 12 times the revenue raised by the wage

tax and increase more than in the base scenario in Column (1). We obtain a net decline of 1.2% in

suburban land values, however, implying that the total supply of floorspace in the suburbs would

decline as economic activity re-centralizes, and a smaller welfare increase of 3%. This result high-

lights that the interaction between the wage tax and Philadelphia’s real estate market intensifies

the behavioral responses of worker location.

In Column (3), we allow for production agglomeration in addition to an elastic floorspace sup-

ply. We obtain even starker responses across both panels. Here the estimated elasticity of the tax

base is 3.09, which implies a revenue-maximizing tax rate of 25%. The increase in Philadelphia

land values is the starkest across the three specifications at 21.75%. Combined with a more modest

change in suburban land values of 2.79%, this implies that removing the wage tax would increase

welfare by 8.37%. Put simply, removing the wage tax has the largest effects on economic activity

when accounting for gains in productivity and in the built environment.

Across all three specifications, the endogenous responses of wages and rents compensate work-

ers for higher taxes, and therefore reduce the magnitude of the stock elasticity of the tax base rela-

tive to the ceteris paribus commuting elasticity. That the magnitude of the stock elasticities is lower

than the magnitude of the commuting elasticities is also consistent with studies of taxation and lo-

cation decisions in Appendix Table A.1 Panel B. Nonetheless, the stock elasticities are higher when

we allow for elastic floorspace supply and agglomeration forces in production.

How large are the magnitudes of the welfare effects and the revenue-maximizing wage tax

rate? In a closely related exercise of tax harmonization across states, Fajgelbaum et al. (2019) obtain

welfare effects of at most 1.2%. Depending on the specification, the magnitudes in Table 4 are 2.5

to almost 7 times larger than those estimates. Qualitatively, our welfare results are nevertheless

consistent with previous analyses of Philadelphia’s wage tax and its national share of employment

(Grieson, 1980; Haughwout and Inman, 2001). Welfare gains from removing thewage tax are large

but in line with previous findings.

Our estimates of revenue-maximizing wage tax rates in excess of 24% are larger than those

in previous work. Interpreting the revenue-maximizing tax rate as the “top” of the revenue hill,

our estimates imply that Philadelphia has never come close to it, whereas Haughwout and Inman

(2001) find that Philadelphia would maximize wage tax revenue at rates slightly larger than 4%.38

This suggests that, in equilibrium, Philadelphia would have been able to obtain more revenue by

raising wage tax rates far beyond their observed values despite the significant costs to welfare and

economic activity. To more rigorously explore this finding, we next consider a series of counter-

factual wage tax rates and compute revenues from the wage tax, the property tax, and the sales

tax.
38A similar exercise in Haughwout et al. (2004) shows that wage tax revenue is increasing between 0 and 10%.

44



7.2 Total tax revenue for different wage tax rates

We now estimate how much total tax revenue Philadelphia would collect under different wage

tax rates. Our findings that the wage tax reduces land values and incentivizes residents to move

suggest that the property and sales tax bases are negatively impacted by the wage tax. We use the

structure of the model to study these forces instead of estimating the revenue-maximizing tax rate

with a simple formula that abstracts away from how the wage tax interacts with other tax bases.

We iterate the procedure in the previous section for counterfactual wage tax rates ranging from

0 to 10%. For simplicity, we assume a unique wage tax rate for residents and nonresident workers.

We compute the wage tax revenue for each scenario allowing for endogenous adjustment of wages,

rents, and commuting patterns. To account for land value tax revenues, we calibrate the land

value tax rates such that their revenue equals observed property tax revenue as a proportion of

wage tax revenue in 2018. To compute sales tax revenues, we assume that Philadelphia collects

a constant share of residential income net of taxes and rental payments, and calibrate this share

such that the sales tax revenue equals its observed proportion of wage tax revenue in 2018. In

the counterfactuals, revenues for the land value tax and the sales tax are fixed proportions of land

values and after-tax residential income net of rents; we do not model the effect that sales taxes have

on the location of economic activity. We consider no other taxes such as BIRT or the component of

the wage tax that applies to firm profits. These simplifying assumptions imply that the three taxes

studied in this counterfactual empirically amount to 57% of Philadelphia’s general fund revenue

in 2018. The wage tax accounts for 2/3 of that revenue.

Figure 9 shows revenue collected under the different counterfactualwage tax rates using a spec-

ification with no agglomeration and inelastic floorspace supply. The y-axis displays counterfactual

revenue as a proportion of the sum of the wage tax, the property tax, and the sales tax revenue in

2018. The x-axis displays a range of counterfactual wage tax rates. We decompose total tax revenue

in each scenario by property, sales, and wage taxes.

In the scenario in which wage taxes are abolished, revenues for land value and sales taxes

amount to 38 cents for each dollar raised in 2018. As counterfactual wage tax rates increase from

0 to 10%, land value and sales tax revenues decline from 38 to 30 cents on the dollar, implying

the wage tax acts as a fiscal externality by reducing other revenue sources. In contrast, as wage

tax rates increase, wage tax revenues also increase, albeit at a diminishing rate. With a wage tax

of 10%, Philadelphia would raise 83% more than it raised in 2018. The results for Figure 9 imply

that Philadelphia’s revenue-maximizing wage tax rate is substantially larger than 10%, even as it

diminishes other tax bases.

45



Figure 9: Model-implied Philadelphia tax revenues under different counterfactual wage tax
rates
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Note: The figure shows results for a range of counterfactual wage tax rates using a specification with no agglomeration
and inelastic floorspace supply. The y-axis displays Philadelphia’s tax revenues divided by the sumof themodel-implied
wage tax, sales tax, and land value tax revenue. We calibrate sales tax and land value tax rates to match the observed
composition of the wage, sales, and property tax revenues in 2018. Calibrated sales and land value tax rates are held
constant in each counterfactual scenario and equal fixed proportions of after-tax earnings and land values. Wage tax
revenue is endogenous to model-implied commuting patterns for each counterfactual wage tax rate.

We assess the robustness of these results to alternative specifications inwhichwe allow for elas-

tic floorspace supply and agglomeration forces. We use the same parameters for the counterfactual

above and display results in Appendix Table A.5. In either of these alternative specifications, we

find that abolishing the wage tax would expand the property and sales tax bases by larger amounts

than in our base specification. At the same time, higher counterfactual wage tax rates would result

in larger declines in these two tax bases. The declines are starkest in the specification with elastic

floorspace supply and production agglomeration forces. Since wage tax revenue more than makes

up for these declines, we find that total tax revenue is nonetheless increasing in the wage tax rate

between 0 and 10% under across the three specifications.39 Floorspace supply and agglomeration

forces each magnify the fiscal externalities of the wage tax.

A limitation of this exercise is that it does not consider the effect of thewage tax on other sources

of tax revenue, such as local corporate taxes. Our estimates nevertheless highlight why it was

possible for the City of Philadelphia to become heavily dependent on the wage tax in the first

place: it raised more revenue despite its significant impacts on welfare and on other tax bases.

39A wage tax of 10% is well above the wage tax rates historically used in Philadelphia or in other cities with local
income taxes. The top marginal income tax rates for New York City and Washington D.C. are 10.9 and 10.75%, for
instance.
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8 Conclusion

Government in the United States has been slowly decentralizing since 1950 (Agrawal et al., 2024).

As state and local governments have taken onmore (and perhapsmore expensive) responsibilities,

so too has their need for tax revenue. Because local labor markets frequently straddle different tax

jurisdictions, the effect of state and local taxation on location decisions has come to the forefront.

In this paper, we used Philadelphia’s wage tax as a case study of a particularly stark tax differen-

tial that affected commuting decisions within a local labor market. We argued that a quantitative

spatial model of commuting provided an appropriate lens through which to study the wage tax.

We found that the elasticity of commuting flows to the net-of-tax rate was 6.39, which is similar

to estimates in urban economics but twice as large as cross–local labor market estimates in recent

papers in public economics. Our estimate for the stock elasticity of the tax base to the wage tax,

which accounts for endogenous changes in wages, rents, and commuting patterns, was 0.86, simi-

lar in magnitude to other estimates in the public economics literature. The implications for urban

structure are stark. Even in the absence of agglomeration economies, we found that Philadelphia

would gain 26,000 jobs from its suburbs if it abolished its wage tax. Our other results are remark-

ably consistent with Adam Smith’s critique of the (predominantly local) income taxes of his time:

If direct taxes upon the wages of labour have not always occasioned a proportionable

rise in those wages, it is because they have generally occasioned a considerable fall in

the demand for labour. The declension of industry, the decrease of employment for the

poor, the diminution of the annual produce of the land and labour of the country, have

generally been the effects of such taxes. In consequence of them, however, the price of

labour must always be higher than it otherwise would have been in the actual state of

demand, [. . . ] and must always be finally paid by the landlords and consumers.

Future applications of quantitative spatial models to questions of local taxation could aim to

understand three margins. First, unlike Philadelphia’s flat wage tax, several cities in the United

States tax income progressively. This fact complicates assigning tax rates to commutes, since the

tax rate depends on the (endogenous) workplace wage. Second, local earnings taxesmay affect the

decision to work itself. Taxes may cause individuals to substitute away from taxed income sources

(such as wages, salaries, and profits) and toward untaxed sources (such as government benefits).

Jobless individuals could then potentially sort into the taxing jurisdiction if it provides lower rents

compared to suburban locations (Notowidigdo, 2020). Third, rewriting the framework to allow

for positive firm profits would allow us to investigate the effect of local corporate taxes (such as

the BIRT) on firm location (Suárez Serrato and Zidar, 2016).
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Figure A.1: Maps of wage tax rates by year (%)

(a) Resident wage tax rate, 1960 (b) Nonresident wage tax rate, 1960

(c) Resident wage tax rate, 1970 (d) Nonresident wage tax rate, 1970

(e) Resident wage tax rate, 1980 (f) Nonresident wage tax rate, 1980

Note: The maps display the values for the resident (Panel (a)) and nonresident (Panel (b)) wage tax rates for munici-
palities near the City of Philadelphia in various years. State income taxes in PA and NJ, enacted after 1970, were 2.24%
and 1.97% in 1980 (not displayed). See Section 2.3 for institutional details. See Figure A.2 for maps of tax rates in other
years. 56



Figure A.2: Maps of wage tax rates by year (%)

(a) Resident wage tax rate, 1990 (b) Nonresident wage tax rate, 1990

(c) Resident wage tax rate, 2000 (d) Nonresident wage tax rate, 2000

(e) Resident wage tax rate, 2018 (f) Nonresident wage tax rate, 2018

Note: Themaps display the values for the resident (Panel (a)) and nonresident (Panel (b)) wage tax rates for municipal-
ities near the City of Philadelphia in various years. State income taxes in PA were 2.1, 2.8, and 3.07% in 1990, 2000, and
2018. Average state income taxes for those same years in NJ were 2.72, 2.04, and 2.51%. See Section 2.3 for institutional
details. 57



Figure A.3: Revenue shares for wage taxes in select jurisdictions
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Note: This figure showswage tax revenues as a share of general revenue in Philadelphia, NewYorkCity (which abolished
the nonresident rates in 1999), Detroit, St Louis and Toledo. Data from the Government Finance Database (Pierson et al.,
2015).

Figure A.4: Wage tax revenue per capita in select jurisdictions

$794

$736

$186

$274

$345

0

200

400

600

800

W
a

g
e

-T
a

x
 R

e
v
e

n
u

e
 P

e
r 

R
e

s
id

e
n

t 
(2

0
0

0
 D

o
lla

rs
)

1970 1980 1990 2000 2010

Year

Philadelphia New York City Detroit St Louis Toledo

Note: This figure uses the same data as above to show wage tax revenues per resident for Philadelphia, New York City,
Detroit, St Louis and Toledo in constant (2020) dollars.
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Figure A.5: Importance of wage tax in Philadelphia General Fund revenue, 1940 to 2019
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Note: The figure displays time series for the share of General Fund revenue for the wage tax, the property tax, and the
sales tax. General Fund revenue includes tax and non-tax revenues for the City of Philadelphia. Sources: Pennsylvania
Economy League (1999), City of Philadelphia Income Tax Regulations, and Pierson et al. (2015).

Figure A.6: Revenue and Expenditure in the City of Philadelphia, 1923 to 1936

50

60

70

80

90

1920 1922 1924 1926 1928 1930 1932 1934 1936 1938

year

Total revenue Total spending

Note: The figure shows the City of Philadelphia’s total revenue and total expenditure from 1923 to 1936. Values are in
1967 dollars. Data from Siodla (2020).
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Figure A.7: Holme Map of 1687

Note: We overlay approximate present-day borders for Philadelphia County (marked in bright green) over township
borders (marked in dull red in the original source) from Thomas Home’s Map of 1687. See Holme, Thomas, John
Harris, and Philip Lea. A mapp of ye improved part of Pensilvania in America, divided into countyes, townships, and lotts.
[London: Sold by P. Lea at ye Atlas and Hercules in Cheapside, ?, 1687] Map. https://www.loc.gov/item/81692881/.
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Figure A.8: Five-minute drive time isochrone to the Philadelphia County border

Note: The map displays the uncongested drive time surface to the Philadelphia County border using the present-day
road network. The darkest shade of blue corresponds to areas that are within 5minutes of the border. The lightest shade
of blue corresponds to areas within 0.1 minutes of the border. We overlay 2010 census block definitions and a standard
topographic map for reference.
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Figure A.9: RD plots for change in log commuting share to Philadelphia: end years for 1960 base
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(b) 1960-1980
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(c) 1960-1990
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(d) 1960-2000
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(e) 1960-2008
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(f) 1960-2014
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Note: Spatial RD plots display changes in log commuting shares for tracts within a 5-minute drive of Philadelphia’s city limits. Positive x-values are inside the city.
Panels (a)-(e) show all end years for base year 1960. Standard errors clustered at the grid-cell level.
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Figure A.10: RD plots for change in log commuting share to Philadelphia: end years for 1970 base
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(b) 1970-1990
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(c) 1970-2000
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(d) 1970-2008
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(e) 1970-2014
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Note: Spatial RD plots display changes in log commuting shares for tracts within a 5-minute drive of Philadelphia’s city limits. Positive x-values are inside the city.
Panels (a)-(d) show all end years for base year 1970. Standard errors clustered at the grid-cell level.
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Figure A.11: RD plots for change in log commuting share to Philadelphia: end years for 2003 base
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(b) 2003-2009
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(c) 2003-2012
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(d) 2003-2015
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(e) 2003-2018
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Note: Spatial RD plots display changes in log commuting shares for tracts within a 5-minute drive of Philadelphia’s city limits. Positive x-values are inside the city.
Panels (a)-(d) show all end years for base year 2003. Standard errors clustered at the grid-cell level.
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Figure A.12: RD plots for change in log commuting share from Philadelphia: end years for 2003 base
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(b) 2003-2009
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(c) 2003-2012
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(d) 2003-2015
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(e) 2003-2018
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Note: Spatial RD plots display changes in log commuting shares for tracts within a 5-minute drive of Philadelphia’s city limits. Positive x-values are inside the city.
Panels (a)-(d) show all end years for base year 2003. Standard errors clustered at the grid-cell level.
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Figure A.13: Continuity check: RD plots for change in log commuting: end years for 1960 base
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(b) 1960-1980
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(c) 1960-1990
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(d) 1960-2000
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(e) 1960-2008
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(f) 1960-2014
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Note: Spatial RD plots display changes in log residential commuting for tracts within a 5-minute drive of Philadelphia’s city limits. Positive x-values are inside the
city. Panels (a)-(e) show all end years for base year 1960. Standard errors clustered at the grid-cell level.
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Figure A.14: Continuity check: RD plots for change in log commuting: end years for 1970 base
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(b) 1970-1990
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(c) 1970-2000
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(d) 1970-2008
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(e) 1970-2014
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Note: Spatial RD plots display changes in log residential commuting for tracts within a 5-minute drive of Philadelphia’s city limits. Positive x-values are inside the
city. Panels (a)-(d) show all end years for base year 1970. Standard errors clustered at the grid-cell level.
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Figure A.15: Continuity check: RD plots for change in log commuting: end years for 2003 base
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(b) 2003-2009
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(c) 2003-2012
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(d) 2003-2015
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(e) 2003-2018
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Note: Spatial RD plots display changes in log residential commuting for tracts within a 5-minute drive of Philadelphia’s city limits. Positive x-values are inside the
city. Panels (a)-(d) show all end years for base year 2003. Standard errors clustered at the grid-cell level.
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Figure A.16: Continuity check: RD plots for change in log workplace commuting: end years for 2003 base

(a) 2003-2006
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(b) 2003-2009
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(c) 2003-2012
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(d) 2003-2015
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(e) 2003-2018
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Note: Spatial RD plots display changes in log workplace commuting for tracts within a 5-minute drive of Philadelphia’s city limits. Positive x-values are inside the
city. Panels (a)-(d) show all end years for base year 2003. Standard errors clustered at the grid-cell level.
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Figure A.17: Robustness: Continuity in Simulated Resident Market Access or Firm Market Access

(a) RMA, ζ = 0.1, 1970-2000
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(b) RMA, ζ = 0.1, 2003-2018
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(c) FMA, ζ = 0.1, 2003-2018
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(d) RMA, ζ = 0.2, 1970-2000
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(e) RMA, ζ = 0.2, 2003-2018

-1

-.5

0

.5

C
oe

ffi
ci

en
t f

or
 s

im
ul

at
ed

 ∆
 lo

g 
R

M
A

(u
ni

ts
 =

 s
ta

nd
ar

d 
de

vi
at

io
ns

)

2 4 6 8 10 12
Hypothetical θ

(f) FMA, ζ = 0.2, 2003-2018
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Note: The coefficient plots show the estimated RD coefficients for (simulated) changes in RMA and in FMA terms for different hypothesized values of the border effect
parameter (ζ) and the Fréchet parameter (θ). To construct RMA, we use a travel time matrix between census tracts in our RD sample and every other census tract in
Philadelphia and its collar counties. We then merge employee counts for every census tract in Philadelphia and the other counties, divide by travel times, raise to the power
of the hypothesized value of the Fréchet spread parameter, and then aggregate across workplace tracts to obtain gross-of-tax RMA. We then compute the change in log total
RMA terms from Equations 6 and 7 for different base-end year pairs (1970-2000, 2003-2018), and different hypothetical values for the border effect parameter (ζ) and the
commuting elasticity (θ). To construct the change in log total FMA,we perform a similar procedure usingworking age population counts for census tracts instead of employee
counts. Employee counts from Dun & Bradstreet not available before 1969. Standard errors clustered at the grid-cell level.
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Figure A.18: Robustness: RDplots for changes in log commuting shares to or fromPhiladelphia
by nominal income bin, 2000-2014 (↓ wage tax)

(a) Residents earning ≤ $50,000
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(b) Residents earning > $50,000
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(c) Employees earning ≤ $50,000
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(d) Employees earning > $50,000
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Note: Spatial RD plots display 2000–2014 changes in log commuting shares for tracts within a 5-minute drive of Philadel-
phia’s city limits. Positive x-values are inside the city. Earnings bins are in nominal dollars. Panel (a): change in log
share of residents earning ≤ $50,000 that commute to Philadelphia, 2000–2014. Panel (b): change in log share of resi-
dents earning more than $50,000 that commute to Philadelphia, 2000–2014. Panel (c): change in log share of employees
earning ≤ $50,000 that commute from Philadelphia, 2000–2014. Panel (d): change in log share of employees earning
more than $50,000 that commute from Philadelphia, 2000–2014. Standard errors clustered at the grid-cell level.
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Figure A.19: Robustness: RDplots for changes in log commuting shares to or fromPhiladelphia
by race, 2000-2014 (↓ wage tax)

(a) White residents
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(b) Nonwhite residents
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(c) White employees
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(d) Nonwhite employees
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Note: Spatial RD plots display 2000–2014 changes in log commuting shares for tracts within a 5-minute drive of Philadel-
phia’s city limits. Positive x-values are inside the city. Panel (a): change in log share of white residents that commute to
Philadelphia, 2000–2014. Panel (b): change in log share of nonwhite residents that commute to Philadelphia, 2000–2014.
Panel (c): change in log share of white employees that commute from Philadelphia, 2000–2014. Panel (d): change in
log share of nonwhite employees that commute from Philadelphia, 2000–2014. Standard errors clustered at the grid-cell
level.
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Figure A.20: Robustness: RDplots for changes in log commuting shares to or fromPhiladelphia
by commute time, 2003-2018 (↓ wage tax)
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(b) To; long commutes
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(c) From; short commutes
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(d) From; short commutes

-.1

0

.1

.2

.3

.4

.5

lo
g 

co
m

m
ut

in
g 

sh
ar

e 
to

 P
hi

la
de

lp
hi

a
> 

15
 m

in
ut

e 
co

m
m

ut
es

-5 -4 -3 -2 -1 0 1 2 3 4 5
Minutes to city limits

Note: Spatial RD plots display 2003–2018 changes in log commuting shares for tracts within a 5-minute drive of Philadel-
phia’s city limits. Positive x-values are inside the city. Panel (a): change in log share of residents with short commutes
(<15 minutes) that commute to Philadelphia, 2003–2018. Panel (b): change in log share of residents with long com-
mutes (≥15 minutes) that commute to Philadelphia, 2003–2018. Panel (c): change in log share of employees with short
commutes (<15 minutes) that commute from Philadelphia, 2003–2018. Panel (d): change in log share of employees
with long commutes (≥15 minutes) that commute from Philadelphia, 2003–2018. Commute times between census
tracts calculated using uncongested road network (McDonald, 2017). Standard errors clustered at the grid-cell level.
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Figure A.21: Robustness: RD plots for change in log private sector commuting share to or from
Philadelphia

(a) To, 2003-2018 (↓ wage tax)
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(b) From, 2003-2018 (↓ wage tax)
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Note: Spatial RD plots display changes in log private sector commuting shares for tracts within a 5-minute drive of
Philadelphia’s city limits. We exclude government jobs from the LODES data. Positive x-values are inside the city. Panel
(a): change in log share of residents commuting to Philadelphia, 2003–2018. Panel (b): change in log share of employees
commuting from Philadelphia, 2003–2018. Standard errors clustered at the grid-cell level.
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Figure A.22: Robustness: Elasticities from donut hole specifications

(a) To C, 1960 base year
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(b) To C, 1970 base year

-15

-10

-5

0

5

10

15

20

25

El
as

tic
ity

 E
st

im
at

e
0 .5 1 1.5 2

Size of donut hole in minutes

(c) To C, 2003 base year
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(d) From C, 2003 base year
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Note: The coefficient plots display the point estimate and 95% CI for donut hole RD specifications. The x-axis is the size
of the hole, in minutes to the Philadelphia city limits. Panel (a): pooled commuting elasticity from ∆ log commuting
share to Philadelphia, base 1960. Panel (b): pooled commuting elasticity from∆ log commuting share to Philadelphia,
base 1970. Panel (c): pooled commuting elasticity from ∆ log commuting share to Philadelphia, base 2003. Panel
(d): pooled commuting elasticity from ∆ log commuting share from Philadelphia, base 2003. The first coefficient in
each panel (where the size of the donut hole equals 0) is equivalent to that shown in the Fuzzy RD column in Table 2.
Standard errors clustered at the grid-cell level.

75



Figure A.23: Robustness: Randomization inference with simulated city limits

(a) To C, 1960 base year
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(b) To C, 1970 base year
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(c) To C, 2003 base year
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(d) From C, 2003 base year
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Note: The figures display the CDF of (reduced form) RD coefficients of changes in log commuting shares for 2,500
simulated borders for Philadelphia County. To construct the simulated city limits, we draw straight lines at random
(such that there is tangency with the actual Philadelphia County border in at least one point), and compute straight-
line distance between census block centroids and the simulated border. We assign negative values to census tracts that
lie to the northwest of the simulated border. We then estimate the spatial RD design, controlling for log distance to
City Hall. The RD estimates shown next to the vertical dashed lines are the reduced form coefficients from Table 2. The
p-values are the fraction of estimates larger than those in Table 2 for 1960 and 1970, and smaller than those in Table 2
for 2003.
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Figure A.24: Robustness: Gravity equation estimates for net-of-tax rates at different income
percentiles

(a) Census/ACS, travel time control
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(b) Census/ACS, road distance control
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(c) LODES, travel time control
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(d) LODES, road distance control
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Note: The figures display robustness of the elasticities in Table 3 to different net-of-tax rates by wage and salary income
percentiles in the Philadelphia Commuting Zone. The coefficients at the 50th percentile in Panel (a), (b), (c), and (d)
correspond to the coefficients in Table 3 Columns (1), (2), (3), and (4). The point estimate and 95%CI are also displayed
in gray dashed lines. Standard errors used for 95% CIs are clustered at the home municipality-by-work municipality
level.
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Figure A.25: RD on measures of male wage and salary income, rents, and house values around
Philadelphia’s borders in 1940

(a) Log population density
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(c) Log residualizedmalewage and salary income
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(e) Log rents
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RD Estimate: 0.230 (SE = 0.1175). Enumeration districts = 769

(f) Log house values
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Note: The figure displays RD estimates on log price measures for 1940 enumeration districts within a five-minute drive
of Philadelphia’s city limits. Establishment density obtained from the 1938 Industrial Directory of Pennsylvania is not
logged to include zeroes. Male wage residuals are those estimated for employed males ages 16 to 64 in Philadelphia
and its four collar counties, and are orthogonal to indicators for educational attainment, an age quartic, indicators for
race-by-Hispanic status, and an indicator for foreign-born status. The index is the simple average of the z-scores for
each measure (using the mean and standard deviation in the enumeration districts outside of Philadelphia). Controls
include latitude and longitude. Standard errors clustered at percentiles of distance from City Hall.
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Figure A.26: Observed, model-predicted share of workers living and working in suburbs
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Note: The figure displays observed andmodel-predicted commutes starting and ending outside of Philadelphia County
as a share of all commutes in Bucks, Camden, Delaware, Gloucester, Montgomery, and Philadelphia counties. The
commuting elasticity that minimizes the sum of squared deviations between the model’s predictions for the suburb-to-
suburb commuting share and the data is 6.5. We use LODES data for 2018, marked by the vertical red line, to estimate
the model baseline. See Section 6.2.2 for assumed model parameter values for consumption and production.
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Table A.1: Summary of Fréchet parameter and tax elasticity estimates

Study Sample Variation Estimation Estimate

Panel A: Fréchet parameter
Ahlfeldt et al. (2015) Berlin city blocks Division, reunification QSM 6.83
Monte et al. (2018) U.S. counties Million dollar plants QSM 3.30
Bryan and Morten (2019) Indonesian regencies (migration) – Gravity equation 3.18
Bryan and Morten (2019) U.S. states (migration) – Gravity equation 2.69
Heblich et al. (2020) Greater London boroughs Steam railway QSM 5.25
Owens et al. (2020) Detroit census tracts – Gravity equation 4.62-8.34
Allen and Arkolakis (2022) Seattle grid cells – – 6.83
Zárate (2022) Mexico City municipalities Subway Gravity equation 3.11-4.66
Kreindler and Miyauchi (2023) Dhaka, Colombo cell phone towers – Gravity equation 1.57-5.00
Severen (2023) Los Angeles census tracts LA Metro Rail Gravity equation 2.18-2.90
Tsivanidis (2024) Bogotá city blocks TransMilenio (BRT) Gravity equation 3.40
Franklin et al. (2024) Addis Ababa neighborhoods Public works program Gravity equation 2.08

Panel B: Tax elasticity Stock Flow
Moretti and Wilson (2017) U.S. scientists (migration) State income tax rate Diff-in-diff 0.4 1.8
Agrawal and Foremny (2019) Rich Spanish taxpayers (migration) Region top income tax rate IV 0.9 1.7
Martínez (2022) Rich Swiss taxpayers (migration) Canton income tax rate Diff-in-diff 2.0 7.2
Rubolino and Giommoni (2023) Italian taxpayers (migration) Municipal income tax rate Panel FE 1.2 2.2
Agrawal and Tester (2024) U.S. pro golfers (labor supply) State income tax rate Panel FE – 2.1

Panel C: Elasticity w/r/t wage tax Stock Flow (θ)
This paper Census tracts, Phila. city limits Wage tax rate Spatial RD – 6.39
This paper Census tracts, Phila. region Wage tax rate Gravity equation – 8.57
This paper Census tracts, Phila. region Wage tax rate QSM 0.86 6.50

Note: This table displays Fréchet spread parameter estimates (Panel A), migration elasticity of taxes (Panel B), and the commuting elasticity to the wage tax estimates
in this paper (Panel C). We emphasize studies of within-city variation wherever possible, complemented by other studies of within-country variation referenced
therein. QSM refers to quantitative spatial model. Gravity equations refer to regressing bilateral commuting flows on some measure of transportation costs, usually
using PPML or IV-PPMLmethods. Allen and Arkolakis (2022) borrow estimate from Ahlfeldt et al. (2015). The median Fréchet parameter estimate in Panel A is 4.7.
The median tax elasticities across Panel B are 1.05 (stock) and 2.1 (flow).
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Table A.2: Geocode rates by county for Dun & Bradstreet establishments, 1970-2018

All Bucks Delaware Montgomery Philadelphia
counties County County County County

Geocode rate, all years
Establishments (raw) 98.82 99.85 93.81 99.48 99.88
Employment counts 97.84 99.45 90.44 99.23 98.63

1970 Geocode rate
Establishments (raw) 98.82 98.78 96.67 97.98 99.52
Employment counts 95.03 98.75 95.00 97.47 93.80

1980 Geocode rate
Establishments (raw) 98.63 99.23 95.44 98.53 99.61
Employment counts 97.21 98.16 90.23 98.26 98.29

1990 Geocode rate
Establishments (raw) 99.33 99.46 98.72 99.09 99.65
Employment counts 98.55 97.76 98.56 99.00 98.55

2000 Geocode rate
Establishments (raw) 98.77 99.90 94.02 99.36 99.87
Employment counts 98.53 99.78 93.32 99.28 99.43

2008 Geocode rate
Establishments (raw) 98.86 99.93 93.48 99.66 99.95
Employment counts 98.21 99.85 89.40 99.59 99.51

2014 Geocode rate
Establishments (raw) 98.76 99.94 92.95 99.65 99.96
Employment counts 98.37 99.87 89.39 99.65 99.69

2018 Geocode rate
Establishments (raw) 98.74 99.95 92.81 99.66 99.98
Employment counts 97.62 99.98 85.04 99.62 99.72

Note: For each of the counties in our spatial RD sample, we display geocode rates for select years by establishment or by
establishments weighted by employee count. We consider an observation to be successfully geocoded if 1) the address
is matched to a (non-administrative) point or street point, and 2) if the Dun & Bradstreet county and the geocoded
county match.
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Table A.3: Robustness: continuity of characteristics at city limits at baseline for different subsamples

Subsample 1 Subsample 2 Subsample 3 Subsample 4 Subsample 5
Sub. Phil. ∆ Sub. Phil. ∆ Sub. Phil. ∆ Sub. Phil. ∆ Sub. Phil. ∆

Panel A: Workplace characteristics in 1938
Manufacturing plants per km2 0.524 0.744 0.220 -0.194 0.741 0.935 0.038 0.725 0.686 0.496 1.178 0.683 0.015 -0.000 -0.015
Mfg employees per km2 16 -245 -261 -4 10 14 43 42 -1 10 22 12 1 -0 -1
Mfg employees per km2 (⊥ industry FEs) 11 -583 -594 -7 -0 7 16 66 50 59 132 73 1 -0 -1

Panel B: Main residential characteristics in 1940
Log population per km2 6.291 7.142 0.851 7.748 7.581 -0.167 5.617 5.816 0.199 6.516 6.919 0.403 4.404 3.821 -0.584
Log residential rents 3.446 4.507 1.062* 3.717 3.914 0.197 3.492 3.712 0.219 3.377 3.056 -0.321 3.050 3.202 0.152*
Log house values 8.755 8.500 -0.255 8.634 8.877 0.244 8.615 8.945 0.330 8.258 7.819 -0.440 8.277 8.490 0.213
Log male wage (⊥ Mincer ctrls) 7.126 7.175 0.049 7.200 7.225 0.025 7.059 7.169 0.110 7.182 7.190 0.008 6.972 7.004 0.032

Panel C: Other residential characteristics in 1940
Share population nonwhite 0.064 0.005 -0.058 0.006 0.021 0.015 0.014 0.026 0.012 0.074 0.215 0.141 0.054 0.037 -0.017
Share population foreign born 0.128 0.138 0.009 0.090 0.131 0.041** 0.110 0.172 0.062 0.086 0.104 0.018 0.099 0.077 -0.022
Household size 5.440 4.076 -1.364 4.002 3.883 -0.119 4.595 5.786 1.192 4.416 4.808 0.392 4.000 4.187 0.187
Homeownership rate 0.627 0.626 -0.001 0.529 0.436 -0.093* 0.668 0.506 -0.162** 0.514 0.429 -0.085 0.645 0.522 -0.123
Employment/population (males 16-64) 0.763 0.821 0.057*** 0.800 0.772 -0.028 0.803 0.827 0.024 0.813 0.707 -0.107** 0.797 0.729 -0.068
Mfg emp/pop (males 16-64) 0.232 0.315 0.083** 0.178 0.177 -0.001 0.230 0.203 -0.027 0.341 0.273 -0.068 0.283 0.170 -0.113***
Share males 25-54 w/ some college 0.236 0.164 -0.072 0.253 0.280 0.027 0.271 0.246 -0.026 0.180 0.057 -0.123 0.093 0.240 0.147***

Note: The table presents robustness checks for 1 for different subsamples of our 1940 data. The subsamples are five clusters of enumeration districts along the city
limits. The columns show the estimate for each variable at the suburbs’ limits with Philadelphia (i.e., the estimate from the left), Philadelphia’s limits with the suburbs
(estimate from the right) and the discontinuity at the city limits. The RD sample consists of the 773 enumeration districts within a 5 minute drive of the city limits.
Standard errors to obtain statistical significance are clustered at the grid cell level. Stars in the ∆ columns denote statistical significance: ∗∗∗p < 0.01, ∗∗p < 0.05,
∗p < 0.10.
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Table A.4: Specification check for pooled commuting elasticities

Base year 1960 (To P) 1970 (To P) 2003 (To P) 2003 (From P)
Specification Fuzzy RD Fuzzy RD Fuzzy RD Fuzzy RD Fuzzy RD Fuzzy RD Fuzzy RD Fuzzy RD

Commuting elasticity (θ) 6.29 6.42 10.85 10.77 12.57 12.85 10.60 10.85
( 1.36) ( 1.35) ( 1.94) ( 1.88) ( 2.58) ( 2.58) ( 5.12) ( 5.04)

Controls
Log dist from City Hall
White share
College share
Log HH Income
Share estab. corp.-owned
Share empl. in corp.-owned

Census Tracts 300 300 300 300 292 292 267 267

Clusters 100 100 100 100 99 99 97 97

Note: This table displays specification checks for the pooled commuting elasticity estimates in Table 2 when controlling for census tract white share of the working
population, college share of the working age population, log household income, share of tract establishments that are corporate owned, and share of tract employees
that work in corporate-owned establishments. Controls are measured in the base year. Specifications use the optimal bandwidth in Calonico et al. (2022). See Table
2 notes for further details. Standard errors clustered at the grid cell level are shown in parentheses.
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Table A.5: Total tax revenue scenarios for counterfactual wage tax rates

Counterfactuals No agglomeration No agglomeration Agglomeration
Inelastic floorspace Elastic floorspace Elastic floorspace

(1) (2) (3)
Total Revenue at 0% wage tax 38 39 42

Wage tax revenue 0 0 0
Property tax revenue 22 23 24
Sales tax revenue 16 17 18

Total Revenue at 1% wage tax 56 58 61
Wage tax revenue 19 19 21
Property tax revenue 21 22 24
Sales tax revenue 15 16 17

Total Revenue at 2% wage tax 73 74 78
Wage tax revenue 37 38 40
Property tax revenue 21 21 23
Sales tax revenue 15 15 16

Total Revenue at 3% wage tax 89 89 90
Wage tax revenue 54 54 55
Property tax revenue 21 21 21
Sales tax revenue 15 15 15

Total Revenue at 4% wage tax 105 103 103
Wage tax revenue 70 69 69
Property tax revenue 20 20 20
Sales tax revenue 14 14 14

Total Revenue at 5% wage tax 120 116 113
Wage tax revenue 86 84 82
Property tax revenue 20 19 19
Sales tax revenue 14 13 13

Total Revenue at 6% wage tax 133 126 122
Wage tax revenue 101 95 92
Property tax revenue 19 18 18
Sales tax revenue 13 13 12

Total Revenue at 7% wage tax 147 136 130
Wage tax revenue 115 107 102
Property tax revenue 19 18 17
Sales tax revenue 13 12 11

Total Revenue at 8% wage tax 158 145 136
Wage tax revenue 127 117 109
Property tax revenue 19 17 16
Sales tax revenue 13 11 11

Total Revenue at 9% wage tax 171 154 141
Wage tax revenue 140 127 116
Property tax revenue 18 16 15
Sales tax revenue 12 11 10

Total Revenue at 10% wage tax 183 163 144
Wage tax revenue 153 136 121
Property tax revenue 18 16 14
Sales tax revenue 12 10 9

Note: Values as a proportion of the sum of the wage tax, property tax, and sales tax revenue in 2018. See Section 7.2 for
details.
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B Data Construction

B.1 Census tract commuting data

1960 We use census tract tabulations for “Employed Population by Place of Work [from printed

report]” from NHGIS (ID ds92 code B6Y). The raw tabulations contain no labels for place of work

and are simply marked as “Area A”, “Area B”, etc. To match areas to identifiable places, we use

scanned versions of the Census Published Tables (Table P-3) available on the IPUMS website

(https://usa.ipums.org/usa/voliii/pubdocs/1960/pubvols1960.shtml). An example of the

scanned versions is shown in Appendix Figure B.27 below. For Philadelphia, we keep commuting

flows to Bucks, Delaware, Montgomery, and Philadelphia County. For placebo cities, we keep com-

muting flows to the central jurisdiction and to any county that has a land border with the central

jurisdiction. The Brooklyn-Queens sample only considers commuting between Kings and Queens

County. To crosswalk to 2010 census tract definitions, we overlay the 1960 census tract shapefile

with the 2010 census tract shapefile in ArcGIS. We then calculate the share of the 1960 tract area

that lies in each 2010 tract, which assumes equal population density. Finally, to apportion 1960

flows to 2010 tracts, we multiply 1960 commuting flows by the area shares and aggregate to the

2010 tract level.

Figure B.27: Detail of Census Published Tables for 1960 (Table P-3)

Note: This figure is a detail of the scanned version of the Census Published Tables for 1960 (Table P-3). Rows represent
the number of workers aged 16+ residing in a census tract by place of work. Columns are different census tracts whose
codes are displayed at the top of the printed table (codes not shown in figure).

1970 We use census tract tabulations for “Place of Work” from NHGIS (ID ds99 code C2F). The

raw tabulations contain no labels for place of work and are simply marked as “Place of work 1”,

“Place of work 2”, etc. To match areas to identifiable places, we use scanned versions of the Cen-

sus Published Tables (Table P-2) available on the IPUMS website (https://usa.ipums.org/usa/

voliii/pubdocs/1970/pubvols1970.shtml). An example of the scanned versions is shown in Ap-

pendix Figure B.28 below. For Philadelphia, we keep commuting flows to Bucks, Delaware, Mont-

gomery, and Philadelphia County. For placebo cities, we keep commuting flows to the central

jurisdiction and to any county that has a land border with the central jurisdiction. The Brooklyn-

Queens sample only considers commuting between Kings and Queens County. To crosswalk to

2010 census tract definitions, we overlay the 1970 census tract shapefile with the 2010 census tract

shapefile in ArcGIS. We then calculate the share of the 1970 tract area that lies in each 2010 tract,
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which assumes equal population density. Finally, to apportion 1970 flows to 2010 tracts, we multi-

ply 1970 commuting flows by the area shares and aggregate to the 2010 tract level.

Figure B.28: Detail of Census Published Tables for 1970 (Table P-2)

Note: This figure is a detail of the scanned version of the Census Published Tables for 1970 (Table P-2). Rows represent
the number of workers aged 16+ residing in a census tract by place of work. Columns are different census tracts whose
codes are displayed at the top of the printed table (codes not shown in figure).

1980 We combine two census tract tables for 1980. First, we identify commuting flows to out-

of-state workplaces using “Place of Work – State and County Level” from NHGIS (ID ds107 code

DG9). Second, we identify commuting flows to the central city of the SMSA with “Place of Work

– SMSA Level” from NGHIS (ID ds107 code DHB). We deduct out-of-state commuting from the

total flows to the SMSA. Because of the data structure, we do not consider Brooklyn-Queens in

our placebo sample for 1980. To crosswalk to 2010 census tract definitions, we overlay the 1980

census tract shapefile with the 2010 census tract shapefile in ArcGIS. We then calculate the share

of the 1980 tract area that lies in each 2010 tract, which assumes equal population density. Finally,

to apportion 1980 flows to 2010 tracts, we multiply 1980 commuting flows by the area shares and

aggregate to the 2010 tract level.

1990 We use bilateral commuting flows between census tracts from the Census Transportation

PlanningPackage: UrbanElement Part 3 (https://dataverse.harvard.edu/dataset.xhtml?persistentId=

doi:10.7910/DVN/QFA8IS). The 1990 CTPP was the third iteration of a Census program designed

to inform the planning of transportation infrastructure, but it is the earliest for which residential

and workplace shares can be analyzed for the same census tract. The first two iterations were the

Urban Transportation Package, launched in 1970, and the Urban Transportation Planning Pack-

age, launched in 1980. These data had to be purchased from the Census by Metropolitan Planning

Organizations. To our knowledge, these data sets are not available online, in the National Trans-

portation Library, or in the FHWA Library and may be stored on “obsolete mainframe computer

storage media” across several MPOs. See https://www.trbcensus.com/olddata.html. The data

contains bilateral commuting flows between 1990 census tracts, subject to the data suppression

rules discussed in the main text. We first transform the data to bilateral flows between 2010 census

tract definitions. To crosswalk to 2010 census tract definitions, we overlay the 1990 census tract

shapefile with the 2010 census tract shapefile in ArcGIS. We then calculate the share of the 1990

tract area that lies in each 2010 tract, which assumes equal population density. We multiply 1990
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commuting flows by the area shares for both residence and workplace tracts, and then aggregate

the bilateral data to 2010 census tract definitions. We then apply sample restrictions for workplace

census tracts. For Philadelphia, we keep commuting flows to Bucks, Delaware, Montgomery, and

Philadelphia County. For placebo cities, we keep commuting flows to the central jurisdiction and

to any county that has a land border with the central jurisdiction. The Brooklyn-Queens sample

only considers commuting between Kings and Queens County.

2000 We use bilateral commuting flows between census tracts from the Census Transportation

Planning Package (CTPP) 2000 Part 3 (https://rosap.ntl.bts.gov/view/dot/49849). The data

contains bilateral commuting flows between 2000 census tracts, subject to the data suppression

rules discussed in the main text. We first transform the data to bilateral flows between 2010 census

tract definitions. To crosswalk to 2010 census tract definitions, we overlay the 2000 census tract

shapefile with the 2010 census tract shapefile in ArcGIS. We then calculate the share of the 2000

tract area that lies in each 2010 tract, which assumes equal population density. We multiply 2000

commuting flows by the area shares for both residence and workplace tracts, and then aggregate

the bilateral data to 2010 census tract definitions. We then apply sample restrictions for workplace

census tracts. For Philadelphia, we keep commuting flows to Bucks, Delaware, Montgomery, and

Philadelphia County. For placebo cities, we keep commuting flows to the central jurisdiction and

to any county that has a land border with the central jurisdiction. The Brooklyn-Queens sample

only considers commuting between Kings and Queens County.

2006-2010 We use bilateral commuting flows between census tracts from the Census Transporta-

tion PlanningPackage (CTPP) for the 2006-2010ACS (https://transportation.org/census-transportation-solutions/

datasets/previous-datasets/2006-2010-5-year-ctpp/). The data contains bilateral commut-

ing flows between 2010 census tracts, subject to the data suppression rules discussed in the main

text. For Philadelphia, we keep commuting flows to Bucks, Delaware, Montgomery, and Philadel-

phia County. For placebo cities, we keep commuting flows to the central jurisdiction and to any

county that has a land border with the central jurisdiction. The Brooklyn-Queens sample only

considers commuting between Kings and Queens County.

2012-2016 We use bilateral commuting flows between census tracts from the Census Transporta-

tion PlanningPackage (CTPP) for the 2012-2016ACS (https://transportation.org/census-transportation-solutions/

datasets/previous-datasets/2012-2016-ctpp/). The data contains bilateral commuting flows

between 2010 census tracts, subject to the data suppression rules discussed in the main text. For

Philadelphia, we keep commutingflows to Bucks, Delaware,Montgomery, andPhiladelphiaCounty.

For placebo cities, we keep commuting flows to the central jurisdiction and to any county that has a

land border with the central jurisdiction. The Brooklyn-Queens sample only considers commuting

between Kings and Queens County.
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2002-2019 We use Version 7 of the LEHD Origin-Destination Employment Statistics (https://

lehd.ces.census.gov/data/). The Origin-Destination data contains bilateral commuting flows

between 2010 census blocks for each year between 2002 and 2019, subject to the added noise dis-

cussed in the main text. We aggregate flows to 2010 bilateral census tract definitions. We also take

three-year averages (considering zeroes) to construct flows for 2003, 2006, . . . , 2018. For Philadel-

phia, we keep commuting flows to Bucks, Delaware, Montgomery, and Philadelphia County. For

placebo cities, we keep commuting flows to the central jurisdiction and to any county that has a

land border with the central jurisdiction. The Brooklyn-Queens sample only considers commuting

between Kings and Queens County.

B.2 Drive times to city limits

We generate points, spaced 100 meters apart, along the boundary for Philadelphia County. To

ensure continuity in commuting costs, we retain all points located on land but exclude points sit-

uated on bodies of water. We exclude these points because ArcGIS defaults to the nearest road

when using the Generate Drive Time Trade Area tool for points located on water. In these cases,

the nearest road may be far from the jurisdiction border, and including such points to calculate

drive times would introduce measurement error to our running variable. Drive time surfaces, or

isochrones, are obtained from these points in increments of 0.2 minutes up to 5 minutes. At an

average speed of 24 mph, the sample spans 2 miles (road distance) on either side of the city limits.

By overlaying census tracts on the 5-minute drive time isochrone, we obtain the running variable at

the drive-time-surface-by-tract level. This means there are multiple observations per tract, which

we take into account for inference. We also weight each drive-time-surface-by-tract observation by

the area share that the surface occupies in the census tract.

B.3 Tax rates for bilateral commutes

We use historical statutory wage tax rates for each municipality from Strumpf (1999) and Penn-

sylvania’s Municipal Statistics agency.40 We assume that all income is earned through wages and

salaries, account for all institutional details we describe in Section 2.1, and that workers pay the

average federal income tax rate for the median wage and salary income in the Philadelphia CZ.

To calculate thewage and salary income percentiles, we use the 1960 5% sample, 1970 1%metro

sample, 1980 5% sample, 1990 5% sample, 200 5% sample, 2010 ACS 5-year sample, 2016 ACS 5-

year sample, and combine the 2017, 2018, and 2019 ACS 1-year samples (Ruggles et al., 2022). Our

universe consists of employed individuals ages 25 to 54 not in group quarters that report strictly

positive, non-missing wage and salary earnings in the Philadelphia CZ. We use mini-PUMA-to-

CZ crosswalks for 1960, as described in Rose (2018), to match observations to the Philadelphia

CZ. We otherwise use geography crosswalks from Autor and Dorn (2013). We interpolate income

percentiles for years between these samples to obtain yearly estimates for wage and salary income.

40See https://munstats.pa.gov/Public/ReportInformation2.aspx?report=taxes_Dyn_Excel.
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To assign tax rates to bilateral commutes, we consider home and work jurisdictions for four

different cases. For commutes between Pennsylvania municipalities, we assume that workers pay

the larger wage tax rate between the home and work jurisdictions, plus the flat PA income tax rate.

For residents of PA that work in NJ, we assume that workers pay the local resident wage tax and

the PA income tax. For residents of NJ that work in PA, we assume the worker is eligible for NJ tax

credits paid to other jurisdictions, and therefore pays the larger amount between the average NJ

income tax rate and the nonresident wage tax rate, per Schedule NJ-COJ (also known as Schedule

A; https://www.nj.gov/treasury/taxation/njit14.shtml). For commutes that start and end in

NJ, we assume the worker pays the average state income tax rate for the median wage and salary

income in the Philadelphia CZ. State tax rates are set to 0 for 1960 and 1970, as neither state taxed

income in those years. We use the NBER-TAXSIM model to compute state and federal tax rates

for the median wage and salary income in the Philadelphia Commuting Zone, which we compute

using Census/ACS data. To allow for some dynamic adjustment to changes in the wage tax, we

average the net-of-tax rates in years t, t− 1, and t− 2 for each base and end year.

B.4 1938 Industry Directory

Wedigitize the 1938 Industrial Directory of the Commonwealth of Pennsylvania. Assembled by the

state statistical bureau, this directory contains the name, location of plant, location of main office,

employment count, and industrial sector for thousands of industrial plants. The location of plants

in and near Philadelphia is given by an address string, which we geocode using ArcMap. If the

string only denotes the nameof a suburban township, we assign the township centroid to that plant.

We then use plant latitude and longitude to assign plants to 1940 enumeration districts, which we

describe below. We use consistent industry classifications from Fiszbein et al. (2020), who map

strings listing industries from this time period into IPUMS ind1950 codes. We use employment

counts for the universe of plants in Philadelphia, Bucks, Montgomery, and Delaware counties and

use PPML to estimate industry fixed effects for plant size.

B.5 1940 Census and enumeration districts

We use microdata from the full-count 1940 Census (Ruggles et al., 2021) and merge to place iden-

tifiers from Berkes et al. (2023) to identify the set of enumeration districts in 26 municipalities sur-

rounding Philadelphia. Enumeration districts are the rough historical equivalent of census tracts.

For these municipalities, we georeference digitized enumeration district maps from the National

Archives Catalog and build a shapefile linkable to the census microdata. We then combine this

GIS data with a shapefile for 1940 enumeration districts within Philadelphia from Shertzer, Walsh,

and Logan (2016). Finally, we overlay the drive time isochrone to the enumeration districts, and

obtain a sample of 773 enumeration districts within a 5-minute drive of the Philadelphia County

border.
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B.6 Dun & Bradstreet (1969-2023)

We use yearly Dun & Bradstreet Private Company Listings from 1969 to 2023. This data set con-

tains uniquely-identified establishments’ addresses, SIC industries, corporate ownership statuses,

employment counts, and sales estimates. We geocode establishments using the Census Geocod-

ing API and ArcMap, achieving an establishment geocode match rate of 98.82%. Appendix Table

A.2 shows geocode rates by year and county. To measure employee count and sales, we use estab-

lishment employment and sales estimates provided directly in the raw data. Because we cannot

measure wages directly, we instead compute log sales per worker and, weighting establishments

by employee counts, residualize with state-by-year-by-4-digit-SIC-industry fixed effects. We then

compute the median residual per census tract, again weighting by establishment employee count.

B.7 Infutor data (1990-2019)

We use individual address histories from Infutor to measure migration flows within the U.S. The

data includes residential addresses, moving dates, names and basic demographic information. As

established in Diamond, McQuade, and Qian (2019), this data set is well suited to measure do-

mestic migration flows and has coverage for the overwhelming majority of U.S. adults. We do not

observe place of work information in Infutor data.

Census rent and house value Weuse census tract tabulations formedian contract rent and house

value for each census year and ACS sample in our commuting data. In using our area-based cross-

walks, we take spatially-weighted averages to compute values at the 2010 census tract level across

time, and deflate using the CPI. We then take log changes between census years.

B.8 Imputation of historical land values

Weuse tract-level land value estimates for 2018 fromDavis et al. (2021), anduse tract characteristics

thatwe can consistently observe through time to find the best predictors of land values for that year.

We use a LASSO linear regression of log land values and consider a second-degree polynomial of

logged characteristics, including interactions, to select the predictors. Using the coefficient for the

selected variables, we then project land values at each point in time for our sample of census tracts

in the Philadelphia metro area. The selected predictors are log acres, the square of log acres, the

product of log acres and logmedian house value, log rent, the square of log household income, and

the square of log median house value. The post-LASSO R2 equals 0.86. Our imputation approach

implies that changes in land value across time come exclusively from changes in values for the

underlying predictors. Our measure for rents (Ri) is the predicted land value for a 1 acre lot.

B.9 Predicted bilateral commute flows for estimation year

Following Redding (2024), we predict commuting flows using bilateral commuting flow data for

the estimation year, the commuting costmatrix for 2017 (McDonald, 2017), and indicators for cross-
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county and cross-state flows. We estimate the model using the 2018 LODES sample as the base.
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C Workplace commuting probabilities

We condition (1) on workplace j to obtain expressions for workplace shares, and integrate resi-

dences to get the share of workers commuting from Philadelphia in a workplace in Philadelphia,

λCj|j∈C =
(1− τRC )θΦC

j∈C

(1− τRC )θΦC
j∈C + (1− τLC )

θ(1− ζ)θΦS
j∈C

(C.1)

and the share of workers commuting from Philadelphia in a workplace in the suburbs,

λCj|j∈S =
(1− τRC )θ(1− ζ)θΦC

j∈S

(1− τRC )θ(1− ζ)θΦC
j∈S +ΦS

j∈S

where terms such as ΦH
j∈K ≡

∑

i∈C

[
BR

i

Pα
i Q1−α

i dij

]θ

are gross firm market access variables which

integrate residential amenities, consumption good prices, rents, and commuting costs across all

neighborhoods in municipality H for a workplace located in municipality K. Echoing the results

for residential shares, taxes and border effects can pull out of these market access terms since they

do not vary between neighborhoods within municipalityH.

Assuming Philadelphia’s workplace and residence tax rates are similar (i.e., τRC ≈ τLC ), (C.1)

becomes

λCj|j∈C =
ΦC
j∈C

ΦC
j∈C + (1− ζ)θΦS

j∈C

.

With this expression in hand, we can construct changes in log commuting shares fromPhiladel-

phia as in Section 3.2.2. The outcome takes the following form for a Philadelphia neighborhood,

∆ lnλCj,t|j∈C = ln
λCj,t|j∈C

λCj,t0|j∈C
= ln

(

ΦC
j,t

ΦC
j,t0

)

︸ ︷︷ ︸

change in FMA from C

− ln

(

ΦC
j,t + (1− ζ)θΦS

j,t

ΦC
j,t0

+ (1− ζ)θΦS
j,t0

)

︸ ︷︷ ︸

change in total FMA

and the next form for a suburban neighborhood,

∆ lnλCj,t|j∈S = θ ln

(

1− τRC,t

1− τRC,t0

)

︸ ︷︷ ︸

wage tax variation

+ ln

(

ΦC
j,t

ΦC
j,t0

)

︸ ︷︷ ︸

change in FMA from C

− ln

(

(1− τRC,t)
θ(1− ζ)θΦC

j,t +ΦS
j,t

(1− τRC,t0)
θ(1− ζ)θΦC

j,t0
+ΦS

j,t0

)

︸ ︷︷ ︸

change in total FMA

,

which removes variation from time-invariant border effects from the changes in FMA to Philadel-

phia.
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C.1 Continuity assumptions for FMA terms

We assume that two objects are continuous in travel time at the county border: 1) the expectation

of log FMA from Philadelphia at any point in time (lnΦC
j,t), and 2) the expected change in total

FMA inclusive of border effects and taxes.

Continuity in the expectations of log FMA to Philadelphia can be stated as

lim
x↑0

E
[
lnΦC

j∈S,t|Xj = x
]
= lim

x↓0
E
[
lnΦC

j∈C,t|Xj = x
]
= ϕC

t ,

which says that, standing at the city limits, average amenity- and commuting-cost-adjusted (log)

rents across Philadelphia vary smoothly if measured in the tract one step to the right, or in the tract

one step to the left.

Continuity in the expectation of changes in log (total) FMA can be stated as

lim
x↑0

E
[
∆ lnΦj∈S,t|Xj = x

]
= lim

x↓0
E
[
∆ lnΦj∈C,t|Xj = x

]
= ∆ϕt,

As in (9), continuity must be tested empirically through various proxies.

C.2 Mapping to RD estimator

Following an analogous procedure to Section 3.3 yields the following expression,

δRD ≡ lim
x↑0

E
[
∆ lnλCj,t|j∈C |Xj = x

]
− lim

x↓0
E
[
∆ lnλCj,t|j∈S |Xj = x

]

=
(

ϕC
t − ϕC

t0
−∆ϕt

)

−

[

θ ln

(

1− τRC,t

1− τRC,t0

)

+
(

ϕC
t − ϕC

t0
−∆ϕt

)
]

=− θ ln

(

1− τRC,t

1− τRC,t0

)

,

which links empirical estimates from our RD design to the model parameter and the observed

resident wage tax rates.
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D Panel Gravity Equation and Structural Approach

We derive alternative estimators for the elasticity of commuting to the net-of-tax rate (θ). The

exposition closely follows Heblich, Redding, and Sturm (2020).

D.1 Panel Gravity Equation

The model implies the following population mobility condition with the rest of the United States:

Ū

(

LC + LS

LUSA

)

= Γ

(

θ − 1

θ

){
∑

k∈C∪S

∑

l∈C∪S

[
Bklwl(1− τkl)/dkl

]θ[
Pα
k Q

1−α
k

]−θ

} 1

θ

(D.2)

where Ū is expected utility in the wider U.S. economy, LC+LS/LUSA is the probability that a worker

chooses a residence-workplace pair in the Philadelphia CZ, and Γ(·) is the gamma function.

From (1) and (D.2), we can write the following gravity equation for the log commuting prob-

ability at each point in time:

lnλi,j,t = αj,t + γi,t + θ ln(1− τi,j,t) + θ ln di,j,t + θ(1− ζi,j) + ξi,j,t

whereαj,t denotes workplace-by-time fixed effects, γi,t captures residence-by-time fixed effects and

common expected utility in the Philadelphia CZ, and ξi,j,t accounts for idiosyncratic shocks to

bilateral amenities and commuting costs. We use this expression as the basis for (11), which allows

for a more flexible specification for the time-varying commuting cost and the border effect terms.

D.2 Structural Approach

This approach requires us to think about neighborhoods simultaneously functioning as residences

and workplaces. Since we reserve sub-indices i and j for residences and workplaces, we adopt a

neutral placeholder subindex k here. In this approach, we assume that both the border effect (ζij)

and workplace amenities (Bj) are time-invariant.

We assume that a final good is produced in each neighborhood k with Cobb-Douglas technol-

ogy and three factors: commercial floor space (HL
k ), physical capital (Mk), and labor (Lk). Cost

minimization implies that payments to each of these factors are constant shares of revenue (Xk):

wkLk = βLXk, qkH
L
k = βHXk, rMk = βMXk, βL + βH + βM = 1

which implies payments for commercial floor space are proportional to workplace income

qkH
L
k =

βH

βL
wkLk (D.3)

On the other hand, commuter market clearing implies that neighborhood resident income per

capita (vk) is a weighted average of wages in all locations, where the weights are the commuting
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probabilities conditional on residence in (3):

vk =
∑

j

λkj|kwj (D.4)

Combining (D.3) and (D.4) yields the land market clearing condition, which states that total

income from the ownership of land equals the sum of payments for residential (HR
k ) and commer-

cial (HL
k ) floor space use,

Qk = qk(H
R
k +HL

k ) = (1− α)

[
∑

j

λkj|kwj

]

Rk +
βH

βL
wkLk, (D.5)

where Rk denotes residents. This equation can be written in exact hat algebra form (Dekle, Eaton,

and Kortum, 2008) as

Q̂ktQkt = (1− α)v̂ktvktR̂ktRkt +
βH

βL
ŵktwktL̂ktLkt (D.6)

where x̂kt = xkt/xkt0
. In turn, the relative change in neighborhood income per capita (v̂ktvkt) is

v̂ktvkt =
∑

j

[

λkjt|kŵ
θ
jt

̂(1− τkjt)θ

∑

j λkjt|kŵ
θ
jt

̂(1− τkjt)θ
ŵjtwjt

]

(D.7)

while the relative change in workplace employment (L̂ktLkt) is

L̂ktLkt =
∑

k

[

λkjt|kŵ
θ
jt

̂(1− τkjt)θ

∑

j λkjt|kŵ
θ
jt

̂(1− τkjt)θ
R̂ktRkt

]

(D.8)

since time-varying residence amenities (Bit) have canceled out from the numerators and denomi-

nators from these fractions. Substituting (D.7) and (D.8) into (D.6) yields the combined land and

commuter market clearing condition,

Q̂ktQkt =(1− α)
∑

j

[

λkjt|kŵ
θ
jt

̂(1− τkjt)θ

∑

j λkjt|kŵ
θ
jt

̂(1− τkjt)θ
ŵjtwjt

]

R̂ktRkt

+
βH

βL
ŵktwkt

∑

k

[

λkjt|kŵ
θ
jt

̂(1− τkjt)θ

∑

j λkjt|kŵ
θ
jt

̂(1− τkjt)θ
R̂ktRkt

]

. (D.9)

Suppose we observe the initial equilibrium values of the commuting probabilities conditional on

residence, workplace employment, resident employment, wages, and average per capita income

by residence. Suppose also that we observe relative changes in residents and land values between

years t0 and t. Given these observed variables and known values for changes in the wage tax rate,

(D.9) provides a system of N equations that determines unique values for the N unknown relative
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changes in wages in each location (and, hence, residents, employment, and bilateral commuting

flows).

We hypothesize a value of θ and use (D.9) to obtain the predicted share of workers in the

Philadelphia CZ that live and work in the suburbs in a given year t. As stated above, our only data

requirement for that given year is that we also observe residents and land values in that year. We

repeat this for a range of hypothesized values of θ. We then calibrate θ by minimizing the squared

deviations between the observed and predicted share of workers in the Philadelphia CZ that live

and work in the suburbs (which we only observe starting 1960).
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E Wage tax variation in other cities

Several cities adopted a wage tax after Philadelphia. The first major city to impose a wage tax

outside of Philadelphia was Toledo, OH in 1946. St. Louis and Kansas City, MO enacted wage

taxes in 1948, where the resident and nonresident rates have remained at 1% ever since. New York

City had a wage tax between 1966 and 1999, when the nonresident rate was abolished. Cleveland

passed its wage tax ordinance in 1966, and began taxing workers the following year. Detroit did so

in 1962.

In this analysis, we consider thewage tax variation in Cleveland andDetroit. A straightforward

implementation of our spatial RD design is not possible in Toledo, due to its relatively small size,

nor in Cincinnati or Columbus, due to their multiple enclaves and highly complex jurisdiction

borders. Data availability on wage tax rates through time is also limited. Appendix Figure E.29

displays the variation in wage tax rates for Cleveland and Detroit.

Figure E.29: Wage tax variation for Cleveland and Detroit
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(b) Detroit
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Note: The figure displays the wage tax variation for Cleveland and Detroit. Source for Cleveland: City of Cleve-
land Central Collection Agency, http://ccatax.ci.cleveland.oh.us/?p=effective. Source for Detroit: City
of Detroit Code of Ordinances, https://library.municode.com/mi/detroit/codes/code_of_ordinances/389797?
nodeId=PTIVDECO_CH44TA_ARTIICIINTA.

E.1 Cleveland

Cleveland’s wage tax increased steadily between its introduction in 1967 and 1981, and remained at

2% until 2016. Cleveland’s resident and nonresident wage tax rates have always been equivalent.

We analyze the 1 percentage point increase in the nonresident wage tax rate between 1970 and

2000. We also analyze the period between 2000 and 2014 to test whether there is any discontinuity
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in periods in which the wage tax didn’t vary.

Appendix Figure E.30 shows our results. In Panel (a), we detect a positive discontinuity for

the log change in commuting shares to Cleveland between 1970 and 2000. This is consistent with

our sign prediction in Equation 10. Using our fuzzy RD design, the implied commuting elasticity

here is 9.3 (SE = 2.99), which is similar in magnitude to the estimates we obtain for Philadelphia

in Table 2. In Panel (b), we estimate a small, non-statistically significant discontinuity for the log

change in commuting shares to Cleveland between 2000 and 2014. The null result for this time

period is also consistent with our framework.

Figure E.30: RD plots for change in log commuting share to Cleveland

(a) 1970-2000 (rising wage tax)
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(b) 2000-2014 (no variation in wage tax)
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Note: The figure displays RD plots of changes in log commuting share to Cleveland for census tracts within a five-minute
drive of the city limits. City tracts correspond to positive values along the x-axis. Panel (a) shows the outcome between
1970 and 2000. Panel (b) does the same for 2000-2014. Standard errors are clustered at the grid cell level.

E.2 Detroit

Detroit implemented its city wage tax in 1962. The municipalities surrounding Detroit have never

had wage taxes, but Detroit’s two enclave cities, Highland Park and Hamtramck, enacted wage tax

ordinances in 1965. In this context, we consider three types of wage tax variation for Detroit.

The first case is the most complex since it involves the resident and nonresident wage tax rates

moving in opposite directions. Detroit began taxing residents and nonresidents at a rate of 1% in

1962. In 1968, this rate halved to 0.5% for nonresidents, but doubled to 2% for residents. This varia-

tion in opposite directions effectively meant that, in relative terms, the city appeared to subsidize

suburban commuting into the city in 1968. In other words, city workers had a higher incentive to

relocate close to the city limits in 1970.
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The second case is a more straightforward one, similar to our main analysis between 1960 and

2000 for Philadelphia. By the year 2000, the wage tax rates had stabilized in Detroit. The resident

and nonresident wage tax rates had been at about 3 and 1.5% for nearly two decades. In 2000,

the resident rates were 2% in Highland Park and 1% in Hamtramck. Relative to 1960, then, there

would have been a penalty to commute into the city from the suburbs, but not from either of these

two enclaves.

The third case is one of fallingwage tax rates inDetroit. Between 2000 and 2014, the nonresident

wage tax rate fell modestly from 1.45% to 1.2%. We have no clear data on the historical wage

tax rates for the enclaves of Highland Park and Hamtramck, but available information appears to

suggest the tax rates did not change during this period.41

Appendix Figure E.31 applies our spatial RD design to the log change in commuting shares to

Detroit for each of these three episodes. Consistent with our intuition for the first episode (1960-

1970), we obtain a negative discontinuity for the change in commuting shares to Detroit in Panel

(a), where the variation of the wage tax in opposite directions increased the incentives to commute

into the city from the suburbs. Indeed, the slope to the left of the threshold reflects this unusual

variation. The implied commuting elasticity is 10.1 (SE = 4.17), which is noisier but still consistent

with the magnitudes we obtain in Table 2.

In the second episode in Panel (b), where suburban workers faced an increasing penalty to

commute into Detroit between 1960 and 2000, we now obtain a positive discontinuity. This is

consistent with our predictions from Equation 10. The implied commuting elasticity here is 10.6

(SE = 6.4), which is imprecisely estimated but still consistent with our main estimates.

In the modestly falling wage tax rate episode between 2000 and 2014 in Panel (c), we obtain

a negative discontinuity. Because the change in Detroit’s nonresident wage tax rate is so small

(0.25 p.p.), we estimate a large commuting elasticity of 56.9 (SE = 25.022). Given the magnitude of

the standard error, the 95% CI for this estimate nevertheless includes the elasticities we document

above.
41See https://www.michigan.gov/taxes/questions/iit/accordion/general/what-cities-impose-an-income-tax.
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Figure E.31: RD plots for change in log commuting share to Detroit

(a) 1960-1970 (↑ resident, ↓ nonresident)
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(b) 1960-2000 (rising wage tax)
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(c) 2000-2014 (falling wage tax)
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Note: The figure displays RD plots of changes in log commuting share to Detroit for census tracts within a five-minute
drive of the city limits. City tracts correspond to positive values along the x-axis. Panel (a) shows the outcome between
1960 and 1970. Panels (b) and (c) do the same for the 1960-2000 and 2000-2014 periods. Standard errors are clustered
at the grid cell level.
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