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Abstract

This paper explores the within-city dynamics of neighbourhood change in New York City.

Since 1974 there has been a spatial inversion of neighbourhoods in New York City, with cen-

tral neighbourhoods getting both wealthier and more expensive and peripheral neighbourhoods

getting both poorer and less expensive. To explain these facts I begin by characterizing the

temporal patterns of change using a structural breakpoint analysis. I provide novel estimates

of which neighbourhoods have changed, when they changed, and how quickly they changed. I

find that neighbourhoods declining in prices are more spatially correlated than neighbourhoods

rising in prices, but that house prices rise faster than they fall. Following this, I construct a

spatial-Bartik instrument – which acts as an exogenous measure of neighbourhood labour de-

mand – to generate shocks to neighbourhood income growth. Labour market demand shocks

account for as much as 41% of the overall variation in house price growth rates and as much as

61% of the annual variation. A one standard deviation increase in predicted housing demand

decreases the probability that a neighbourhood declines in relative house prices and homeowner

incomes by 44% and conditional on not declining, increases the probability of a positive struc-

tural breakpoint in any given year by 35%. Counterfactual analysis suggests that had New

York City labour demand grown at the national rate overall house price growth would be 18%

higher, the spatial variation would be 38% higher, and 40% more neighbourhoods would exhibit

gentrification. As such, this paper establishes the importance of labour market changes on the

trajectory of house price growth and neighbourhood change.
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1 Introduction

Gentrification — the influx of higher-income residents into predominantly lower-income neighbour-

hoods — has received a lot of attention both politically and academically in the last decade. In

April 2016 the New York City Council approved the rezoning of the East New York neighbourhood

in Brooklyn, presently an area of high-unemployment that was previously a hub for well-paying

industrial jobs.1 The 20 year rezoning plan aims to invest millions in capital improvements while

committing to build or preserve 200,000 affordable apartments. This general goal of generating

new development without adversely affecting current residents is at the heart of the gentrification

debate. In the last 20 years downtowns around the United States have seen large increases in house

prices and their shares of higher-income, better educated residents compared to their suburban

counterparts. Focusing on changes within New York City, the goals of this paper are first, to exam-

ine the spatial and temporal patterns of neighbourhood change and second, to estimate the extent

to which changing labour demand characteristics cause these changes.

A number of recent papers address the trends in re-urbanization across major cities in the United

States.2 In doing so they consider the role of factors such as changes in amenities and house-

hold preferences (Baum-Snow and Hartley (2016), Couture and Handbury (2016)), tolerance for

commuting (Edlund et al. (2015)), the age of the housing stock (Rosenthal (2008), Rosenthal and

Brueckner (2009)), crime (Ellen et al. (2016)), and consumption externalities (Glaeser et al. (2001),

Bayer et al. (2007), Guerrieri et al. (2013)). However, much of the literature looks at across-city

gentrification rather than within-city neighbourhood change. While Couture and Handbury (2016)

and Guerrieri et al. (2013) do consider within-city gentrification, the former specifically focuses on

revival of central business districts (CBDs) as opposed to within-city changes more generally; the

latter does not address the role that the CBD or access to labour markets has for neighbourhood

change.

Rather than focusing on the revival of downtowns in the last 20 years, some research addresses

changing patterns in the distribution of incomes across cities. For example, Lee and Lin (2016)

emphasize the role that geographic amenities play in anchoring neighbourhood incomes. Moretti

(2013) shows that shifts in the demand for college-educated workers cause changes in the geo-

graphical location of skill groups. This paper differs from the previous literature in two important

regards. First, I focus on the role of the changing nature of labour demand in driving neighbourhood

change within a city. Second, by considering these within-city dynamics and the spatial distribu-

tion of housing demand, I observe both gentrification and decline. Characterizing these within-city

dynamics is an important component of understanding the implications of gentrification.

1Press Office, ”Mayor de Blasio Announces 20-Point Plan for Job Growth in East New York,” NYC Office of
the Mayor, July 14, 2016, http://www1.nyc.gov/office-of-the-mayor/news/614-16/mayor-de-blasio-20-point-plan-job-
growth-east-new-york.

2For a comprehensive review of the empirical and theoretical literature on neighbourhood change, see Rosenthal
and Ross (2014).
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Since the 1990s, NYC has undergone many changes: crime rates have fallen significantly, the

annual issuance of building permits for new development has quadrupled, and house prices have

increased by almost 200%. An integral part of my analysis relies on trends in the sales prices of

properties around NYC. Using a detailed micro-level dataset for all property sales in NYC from

1974 to 2014, I construct a repeat-sales house price index and a price growth series. I complement

this data with several other sources reporting homeowner incomes and local industry employment.

Using this data, I present three facts characterizing neighbourhood change. First, there has been

a spatial inversion of neighbourhoods in NYC with central neighbourhoods getting richer and

peripheral neighbourhoods getting poorer. Second, a similar pattern is observed in house price

growth. Third, the patterns of neighbourhood income change and house price growth resemble the

pattern observed in the organization of labour demand around the City.

To understand these facts I begin by systematically characterizing the temporal patterns of neigh-

bourhood change from 1974 to the present using a structural breakpoint analysis. Neighbourhood

tipping models, as characterized by Schelling (1971), suggest that the mechanisms driving neigh-

bourhood change build up over time until a point is reached after which change is irreversible. The

structural breakpoint procedure backs-out the point at which neighbourhoods change trajectories,

as captured by movements in house prices.3 Of the 157 NYC neighbourhoods considered in this

paper, I find statistically significant structural breaks in 94 of them. Of these, 52 are growing faster

than the NYC average with house prices rising approximately 3.4 times faster in the breakpoint year

relative to the year prior. The other 42 neighbourhoods are declining relative to NYC, with prices

falling approximately 1.8 times faster at the estimated breakpoint relative to the year prior. After

the structural breakpoint prices continue to rise or fall in the gentrifying or declining neighbour-

hoods, respectively.4 The spatial and temporal patterns of the estimated structural breakpoints

are consistent with the inversion observed in the data. A neighbourhood is two times more likely

to have a positive estimated structural breakpoint following one in an adjacent neighbourhood and

four times more likely to have a negative estimated structural breakpoint.

Next, I estimate the extent to which these changes are driven by the changing composition and spa-

tial organization of labour demand in the City. I construct an exogenous measure of neighbourhood

labour demand which is used to generate predicted shocks to neighbourhood incomes. Following

Bartik (1991), each neighbourhood’s base year industry mix is interacted with national changes in

industry employment.5 This is then further interacted with a parameter for the distance between

3The structural break estimation follows the methodology of Ferreira and Gyourko (2011) as well as Charles et al.
(2013). While looking across time dimensions, both are similar to the work by Card et al. (2008) on racial tipping.
I discuss this in more detail in Section 4.2.

4Not all neighbourhoods experiencing price growth would actually be considered as having gentrified. For example,
in Central Harlem, a historically low income neighbourhood in upper Manhattan, house prices have risen by about
324% between 1990 and 2014. Over the same period, in the Upper East Side, one of the most affluent neighbourhoods
in New York City, house prices rose by a much smaller 48%. Both have an estimated statistically significant breakpoint
but the Upper East Side would not likely be classified as a gentrifying neighbourhood.

5Bartik instruments have been widely used in the urban literature to isolate demand for living in a CBSA. Each
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neighbourhoods to generate a spatial-Bartik instrument. This spatial-Bartik instrument works as

follows: national growth in industry x generates predicted labour demand in neighbourhood n,

which generates predicted housing demand in neighbourhoods, j 6= n. The intuition underlying

this instrument is that the national growth in industries differentially affects neighbourhoods be-

cause of pre-existing differences in composition and as such is unrelated to potential neighbourhood

labour supply shocks. The spatial component implies that labour demand shocks generate housing

demand shocks to contiguous neighbourhoods. The size of the predicted housing demand shock

falls exponentially the further is the distance between neighbourhoods n and j.

I find that labour markets have a significant impact on house prices. Specifically, a one standard

deviation increase in exogenous labour demand increases house prices by 0.85 standard deviations.

Furthermore, a one standard deviation increase in predicted housing demand decreases the prob-

ability that a neighbourhood has a negative estimated structural breakpoint by 44%. Exogenous

variation in labour demand shocks can explain about 60% of the variation observed in house prices.

Endogenous changes to labour supply can explain an additional 26% of the variation. Between

1990 and 2010, exogenous labour demand and endogenous labour supply movements explain ap-

proximately 41% and 30% of the variation in price growth, respectively.

Using these estimates, I consider several counterfactual labour market environments. First, employ-

ment in New York City grew approximately 7% slower than the rest of the United States between

1990 and 2010. Setting employment growth across industries equal to the national rate, overall

house price growth is predicted to be 18% higher and 40% more neighbourhoods are predicted to

gentrify. The annual spatial variation in price growth is predicted to increase by 38%. Conversely,

if employment across all industries had grown at the same rate, overall house price growth is pre-

dicted to be almost 90% higher and the annual spatial variation almost 124% higher. In both

counterfactual scenarios, gentrification is less concentrated in upper Manhattan. Rather, gentrifi-

cation appears in central neighbourhoods in Brooklyn and Queens – neighbourhoods that initially

had employment in industries that have largely left NYC. This counterfactual analysis reinforces

the importance of changes in labour markets on the evolution of neighbourhood change.

The remainder of this paper proceeds as follows: Section 2 presents the data used to characterize

neighbourhood change. Section 3 presents the key facts observed with the data and Section 4

discusses the methodology of the structural breakpoint procedure as well as the resulting temporal

patterns. Section 5 is dedicated to the impact of labour demand on housing demand including

presenting the empirical strategy, and the construction of the spatial-Bartik instrument. Section 6

presents and discusses the main empirical results; Section 7 considers counterfactual labour markets

and Section 8 concludes.

of the aforementioned papers, Guerrieri et al (2013), Baum-Snow and Hartley (2016), Edlund et al. (2015), and
Couture and Handbury (2015) make use of a variant of the Bartik instrument.

4



2 Data and Descriptive Statistics

The data used in this paper come from a variety of sources: (1) New York City property sales

transactions data provide my annual measure of house price movements; (2) I use the FFIEC Home

Mortgage Disclosure Act (HMDA) data for a measure of annual average homeowner incomes; (3) Zip

code business patterns data provide annual by-industry employment counts across zip codes; and (4)

the 1990 Census Transportation Planning Package is used to calculate worker flows between census

tracts. Datasets are all aggregated at the neighbourhood level according to the NYC Department of

City Planning’s neighbourhood definitions and are based on 2010 census tract geographies. There

are 196 defined neighbourhoods in New York City and after removing airports, parks and cemeteries,

and neighbourhoods comprised entirely of private or subsidized housing developments,6 I am left

with 157 neighbourhoods. On average there are 13 census tracts per neighbourhood. Table A1 of

the Appendix lists the full set of NYC neighbourhoods used throughout this paper.

New York City Sales Data: An integral part of my analysis relies on trends in the sales price

of properties around NYC. The Furman Center at New York University maintains data for all

property sales in NYC from 1974 to 2014.7 These files include information on address (tax lot

identifier), sales price, and date of sale for condominiums, single family, and multifamily homes.

Given the address of the property, the sales data is merged with publicly available data from the

NYC Department of Planning, providing the age of the property as well as building classification

codes. I remove buildings coded as co-operative housing units and apartment buildings. For

construction of the repeat-sales index I also remove buildings that changed classification codes or

the number of residential units over the sample period.

Using the NYC Department of City Planning’s neighbourhood definitions (neighbourhood Tabula-

tion Areas, or NTAs), I allocate properties to their respective neighbourhood. In the final data

set, there are a total of 1,261,067 sales across all five boroughs in New York City, with 470,514

properties having repeat sales. On average there are approximately 288 repeat sales per year, per

neighbourhood. Summary statistics are presented in Panel A of Appendix Table A2. The average

sales price (in 2014 dollars) increased from $148,321 in 1974 to $709,941 in 2014. As expected, this

was largely driven by growth in Manhattan and Brooklyn, with prices increasing from $167,334 to

$1,944,913, and $120,745 to $510,421, respectively. Median house prices increased more modestly,

albeit still by about 200%.

Home Mortgage Disclosure Act (HMDA) Data: For my measure of neighbourhood income,

I make use of the HMDA files.8 The HMDA data include mortgage loan amounts by year, census

6These neighbourhoods include: Stuyvesant Town/Cooper Village, a private residential development; Starrett
City, a housing development; and Rikers Island, a jail complex.

7The Furman Center has obtained this data under exclusivity from the New York City Department of Finance.
8The Home Mortgage and Disclosure Act was implemented in 1975 by the Federal Reserve Board and requires all

lending institutions to report all mortgage applications. This was done to identify discriminatory lending practices.
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tract, loan status, and applicant characteristics such as race and income, starting in 1990 through

to 2014.9 Summary statistics are presented in Panel B of Appendix Table A2. Average incomes

of homebuyers in New York City increased from $168,940 (median, $117,730) in 1990 to $271,330

in 2014 (median, $145,000). Note that while I do not specifically match the mortgage data to the

NYC sales data, I only use originated owner-occupied mortgages and exclude mortgages that are

recorded as being greater than 4 times the applicant’s income.

Zipcode Business Patterns Data (ZCBP): Zipcode Business Patterns data are available

through the Census Bureau for the years 1994 to 2013. County Business Patterns are available

starting in 1986. The US Department of Housing and Urban Development (HUD) has created

crosswalk files that overlay census tract geographies with zipcodes. Using their overlay and 2010

tract boundaries, I am able to allocate the zipcode data to census tracts. The ZCBP include by-

industry employment counts.10 Appendix Table A3 provides some descriptives statistics of logged

employment changes in New York City. Overall, between 1990 and 2013, total employment in New

York City has increased by approximately 17 percent, compared to the rest of the United States,

which increased by 24 percent. Compositionally, employment has moved away from industries

like Manufacturing towards Business and Professional Services more rapidly than elsewhere in the

United States.

Census Transportation Planning Packages (CTPP): The CTPP data are used primarily

to calculate commuting preferences but also supplements the ZCBP data described above. The

1990 CTPP is available through the Bureau of Transportation Statistics and provides information

on location of work, location of residence, and commute times between the two. It also includes

industry of work based on work location.11 As such, in constructing my Bartik instrument I am

able to use 1990 as my base-year (discussed in detail in Section 5.2).

In order to isolate demand shocks for living in particular neighbourhoods based on the spatial

distribution of jobs and employment growth within industries, I am going to rely on commute

patterns around the City. I calculate inter-neighbourhood flows with in 21,620 cross tabulations of

observed commutes between neighbourhoods. During peak travel times the number of commuters

between neighbourhoods averages 107 (however the variance is quite high at 326), with the average

9Using HUD x-walk files I converted 1990 and 2000 census tracts to 2010 census tract boundaries. Census tracts
that were not able to be reliably applied to 2010 boundaries were removed from the sample. This represents less than
half a percent of records.

10Prior to 1997, industries were classified based on the North American Classification System (NAICS), after which
they were reclassified under the Standard Industrial Classification (SIC) system. Industries are aggregated according
to their two-digit industrial classifications and include, Agriculture, Mining, Utilities, Construction, Manufacturing of
non-durable and durable goods, Transportation, Wholesale Trade, Retail Trade, Finance and Real Estate, Business
Services, Professional Services, Personal Services, Health Care, Education, and Arts and Entertainment.

11Industries are classified based on the 1990 Census Bureau industrial classification scheme, IND1990. As such,
they differ from both the NAICS and the SIC classification schemes. I manually translate between the two and apply
a correction based on the ZCBP and CTPP year 2000 relationships. Use of the 2-digit classification codes eases
comparison between the two datasets.
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commute time taking approximately 40 minutes.12

From this I estimate the elasticity (κ) of commuters between neighbourhoods i and j, with respect

to travel time as follows:

ln(flowsi,j) = κ(commute timei,j) + ηi + ηj (1)

κ is estimated to be -0.026, implying that for a 10 minute increase in commute time, worker flows

will decrease by approximately 26%. Appendix Figure A1 depicts this relationship between worker

flows and travel time.

3 The Spatial and Temporal Patterns of neighbourhood Change

3.1 Patterns Observed in the Data

Twenty years ago downtowns were declining in population, household incomes, and home prices;

today this is no longer the case. Consistent with the gentrification of downtowns seen in major

cities throughout the United States, downtown New York City is becoming increasingly expensive.

Since 1974 the spatial distribution of house prices and homeowner incomes has inverted – perviously

affluent suburban neighbourhoods in the outer boroughs are now declining in prices and incomes

while Manhattan neighbourhoods are gentrifying. While the remainder of this paper focuses on

the process governing these changes, I first present evidence of these changes.

Using the New York City property sales data, Figure 1 shows the spatial inversion of house prices

that has occurred in New York between downtown and peripheral neighbourhoods. Snapshots are

shown for 1974, 1995, and 2014 and the colour gradient depicts quantiles of the median house price

distribution - darker shades are more expensive. In 1974 the peripheral neighbourhoods in Queens

and Brooklyn contained the most expensive properties in NYC. By 2014 this pattern had almost

completely reversed with Manhattan and downtown Brooklyn now holding the most expensive

neighbourhoods in the City.

Figure 2 shows snapshots of median homeowner incomes in 1990 and 2010 as reported in the HMDA

data. As with the house price data, the colour gradient represents quantiles of the median income

distribution. Consistent with the pattern in median house prices, initially lower income neigh-

bourhoods in upper Manhattan and downtown Brooklyn have become richer while the peripheral

neighbourhoods have become relatively poorer. Furthermore, at the same time as the concentra-

tion of high-income households has moved towards the downtown, the lower-income households in

the peripheral neighbourhoods are actually poorer than the low-income households 20 years prior.

12For the moment, I am restricting commute times to be no greater than 90 minutes and allow for all modes of
transportation during peak travel times.
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The lowest quartile of the household income distribution has decreased from a maximum income

of $59.772 in 1990 to $46,683 in 2014.

These observed changes to neighbourhood house prices and incomes have followed similar trends

and these trends are consistent with movements towards the downtown core. For the most part, the

geographic concentration of labour remains located in Manhattan around the CBD (i.e. Midtown in

NYC). However, both the volume of employment and the composition of employment has changed.

Of neighbourhoods in the CBD, in 1990 the fraction of employment in manufacturing was 7.5% and

professional services was 10.8%. However, by 2014, this has become 1.2% and 21.7% respectively.

Across all neighbourhoods in NYC, manufacturing employment has decreased by approximately

60% while employment in finance and real estate has increased 56% and employment in professional

services has increased by 198%. In particular, how the spatial organization of labour and changing

labour demand has contributed to the reversal in fortunes between the downtown and suburban

neighbourhoods.

4 The Timing of Neighbourhood Change: Structural Breakpoint

Estimation

4.1 House Price Index

Using the NYC sales data, I construct a repeat-sales house price index for each neighbourhood in

New York City following the methodology provided by the Furman Center at NYU. The repeat

sales index controls for housing characteristics by using sales of the same property but, it comes

at the cost of excluding properties that sold only once. I differentially weight properties that have

sold more or less frequently and more or less recently to address potential changes to the either

the physical structure or to the external environment. Details of the regression techniques used

to construct the house price index (HPI) are included in Section A1 of the Appendix. Figure 3

presents the HPI for NYC and for each borough. Between 1974 and 2005 house prices were growing

at roughly the same rate around NYC. Post-2005, Manhattan experienced the biggest appreciation

in prices.

Because of the cyclical movement of house prices at the macroeconomic level, to calculate struc-

tural breakpoints in house price trends I use detrended (relative to NYC as a whole) house price

movements. Figure 4 shows the detrended house price indices for each neighbourhood in each

borough (minus Staten Island for brevity). There is a large amount of heterogeneity both across

boroughs and within boroughs. For example, Manhattan’s house prices have been getting more

expensive relative to NYC, whereas neighbourhoods in the Bronx and Queens tend to be getting

less expensive. Brooklyn on the other hand has a split of neighbourhoods that are either getting
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more expensive or less. Taking these detrended indices I construct price growth rate series; this,

and the structural breakpoint estimation methodology are discussed next.

4.2 Structural Breakpoint Estimation

To explain the observed patterns of neighbourhood change, I begin by identifying change (as re-

flected by movements in house prices) using a structural breakpoint analysis. To find breaks in

the house price appreciation rate series, I use a search procedure developed by Card, Mas, and

Rothstein (2009) and used by Ferreira and Gyourko (2011).13 Under the assumption that gentrifi-

cation is partially characterized by rising prices, I am interested in pinning down when there was

a deterministic change in house price trends.

I allow for prices to be increasing or decreasing however, I restrict my analysis to allow for at most

one change-point. As such, neighbourhoods that cycle up and down even after removing the macro

trend are assumed to not have a breakpoint.14 In order to ensure that I am not picking up noise

in the house price data, I estimate the price growth rates over a smoothed local polynomial of the

HPI.

Price growth rates are defined as:

PGn,t =
HPIn,t

HPIn,t−1
− 1 (2)

Where, PGn,t represents the price growth in neighbourhood n at time t.

To identify the structural breakpoints I take the price growth rate series for each neighbourhood

and estimate the following equation:

PGn,t = an + dn1[yn,t ≥ y∗n,t] + εn,t, for Tn,0 = 1974 < y∗n,t < Tn,T = 2014 (3)

The price growth rate series, PGn,t, is regressed on a series of {1,0} dummy variables for each po-

tential breakpoint year; the year that maximizes the R2 is identified as the structural breakpoint.15

The intuition in estimating the above equation is to identify the year in which the change in the

price growth rate series best predicts the growth rate series itself.

13Outside of financial studies and macroeconomic time-series literature, the estimation of structural breaks was
first used to describe racial segregation by Card, Mas, and Rothstein (2009). Ferreira and Gyourko (2011) document
the heterogeneity in house price booms (pre 2008 bust) across the United States.

14In the context of neighbourhood change it is uncommon that within 40 years a neighbourhood both declines
and gentrifies, so their exclusion from the final analysis seems appropriate.

15For example, to test if 1990 is a structural breakpoint, PGn, t 1990 is regressed on a dummy variable equalling
{0} if y < 1990 and equalling {1} if y ≥ 1990. This is done for all years from 1974 to 2014 and for all neighbourhoods,
n. The breakpoint is the year in which the price growth trend to the right of the breakpoint is most easily separable
from the trend to the left of the breakpoint.
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4.3 Statistically Significant Breakpoints

Of the 157 neighbourhoods in NYC, 94 ever have a statistically significant breakpoint. Of these,

52 are growing faster than the New York City average (i.e. gentrifying or “tipping up”) and 42

are growing slower (i.e declining or “tipping down”). Figure 5 depicts examples of the estimated

breakpoints for two neighbourhoods, Central Harlem in upper Manhattan and Canarsie, a periph-

eral neighbourhood in Brooklyn. Central Harlem is growing faster than New York City whereas

Canarsie if declining. The top figures depict the NYC mean-detrended house price index along

with the smoothed local polynomial upon which price growth rates are calculated. The bottom

figures depict the corresponding price growth rates. The vertical lines are drawn at the estimated

structural break point - in both cases, 1997 was estimated as the year of the trend break.16

The timing of the estimated breakpoints ranges from 1978 to 2012. For both growing and declining

neighbourhoods, the mass of changes are observed between 1995 and 2005. Figure 6 (a) shows the

distribution of estimated breakpoint years for neighbourhoods growing faster than NYC. Approx-

imately 20% of these breakpoints occurred in 2001, 13% in 2000 and 10% in 1997. Figure 6 (b)

shows the distribution of estimated breakpoint years for neighbourhoods declining relative to NYC.

Approximately 45% of these breakpoints occurred in either 2003 or 2004 and are predominantly

comprised of a cluster of 10 contiguous neighbourhoods in Queens.

4.4 The Geographic Concentration of Structural Breakpoints

The complete spatial pattern of breakpoints is depicted in Figure 7: (a) shows the gentrifying

neighbourhoods while (b) shows the declining neighbourhoods. There is visual evidence of the

clustering of neighbourhoods around the timing of observed changes. Furthermore, the spatial

patterns described earlier are reproduced here. There is a concentration of neighbourhoods getting

more expensive in Manhattan and the inner parts of Brooklyn and Queens and a concentration of

neighbourhoods getting less expensive in the outer parts of Brooklyn, Queens, and some of the the

Bronx.

To quantify the strength of this geographic relationship, I estimate how having a neighbour with

a previously estimated positive or negative structural break increases the probability of the same.

Table 1 presents the results. The dependent variable is an indicator equal to one in the year of the

estimated structural break and zero in all other years. This is regressed on a series of additional

indicator variables for (1) having a neighbour with a positive breakpoint (denoted, dj > 0), (2)

having a neighbour with a negative breakpoint (dj < 0), (3) having this breakpoint occur in the

previous year (t − 1), (4) having this breakpoint occur two years prior (t − 2), or (5) having this

16Figure A2 of the Appendix shows two examples of neighbourhoods where a statistically significant breakpoint
could not be found. In both cases there is no clear trend in the house price index.
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breakpoint occur three years prior (t−3). In each specification neighbours are defined as contiguous

neighbourhoods.

Having a neighbour with a perviously estimated positive structural breakpoint (dj > 0) increases

the probability of tipping up by 5.5%; if this previously estimated breakpoint occurred in the year

prior, this probability increases to 7.4%. Column (4) is suggestive of a strong temporal pattern

among gentrifying neighbourhoods. For neighbourhoods that are declining, the spatial pattern is

even stronger. Having at least one neighbour decline perviously (dj < 0) increases the probability

of tipping down by 15.2%; the timing of this previously estimated breakpoint does not appear to

have an effect. Given the frequencies of tipping up or down in the data, having a neighbour tip

up in the previous year makes is almost 2 times more likely that a neighbourhood gentrifies in

the current year, while having a neighbour ever tip down makes it 3.3 times more likely that a

neighbourhood declines.

Before looking at the relationship between labour markets, income growth, and house price growth,

I first discuss how quickly prices are growing or falling around the estimated structural breakpoints.

The rate at which prices are changing has implications for the rate at which neighbourhoods are

changing.

4.5 The Magnitude of Price Growth Around the Estimated Breakpoints

So far I’ve shown that neighbourhoods tip up earlier than they tip down and both types of changes

are geographically correlated. Before discussing the magnitude of the changes around the break-

points, I briefly discuss the speed of the estimated price growth changes. Table A4 summarizes

price growth rates for neighbourhoods that are growing (i.e. prices are higher to the right of the

breakpoints) and declining (i.e. prices are lower to the left of the breakpoint). Among the growing

neighbourhoods, between 1974 and 2014 prices rose by about 66.81% and was driven largely by

house price increases in Manhattan and Brooklyn. In the year of the breakpoint prices were rising

on average by 1.08%.17 Declining neighbourhoods on the other hand saw their prices decrease by

67.41% between 1974 and 2014, with an average price growth rate in the year of the breakpoints

of -1.20%.18

Table A5 includes the detailed changes for each neighbourhood with an estimated structural break-

point; the largest 20 neighbourhoods are highlighted. Again, there is a large amount of heterogene-

ity across neighbourhoods. For example, at the estimated structural breakpoint, prices in Central

Harlem were growing by 2.87% whereas in the Upper East Side prices were growing by 1.01%.

Between 1990 and 2014, prices in Central Harlem increased by over 324% whereas in the Upper

17Keep in mind that this is relative to prices in New York City as a whole. Average raw prices were rising at a
rate of 9.08% in the breakpoint years. For reference, the S&P/Case-Schiller seasonly-adjusted national home price
index increased 5% from April 2015-2016.

18As above this is relative to NYC as a whole. Average raw prices decrease by 4.9% in the breakpoint years.
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East Side they increased by 48.24%. Figure 8 depicts the price growth rates in the year of the

breakpoint for all neighbourhoods with an estimated breakpoint. Neighbourhoods with the biggest

increases in prices are those starting with some of the lowest price levels in the City – those in

upper Manhattan and close to downtown Brooklyn.

The next question I ask is how much faster are prices growing, or how much faster are prices

falling, in the year of the estimated breakpoints relative to the prior years. I estimate the following

equation (Ferreira and Gyourko (2011)):

PGn,t = γ(y∗∗n,t) + ηt + ηn + εn,t (4)

As before, PGn,t is the price growth in neighbourhood n at time t; γ(y∗∗n,t) are a set of year dummies

relative to the estimated breakpoint, where y∗∗n,t is the estimated breakpoint; ηt and ηn are year and

neighbourhood fixed effects, respectively.

Table 2 presents the estimates for the magnitudes of the breakpoints. The first row is restricted to

neighbourhoods that are growing faster than NYC while the second row is restricted to neighbour-

hoods that are declining relative to NYC. All regressions include year and borough fixed effects.

First, prices are growing approximately 1.05 percentage points faster in the two years around the

breakpoint (t and t + 1) compared to the two years prior (t − 1 and t − 2). Six years following

the estimated structural breakpoint, prices continue to grow 2.54 percentage points faster. In the

base year (i.e. the two years prior to the breakpoint) the average price growth is 0.43%. This

implies that prices are growing 3.4 times faster in the two years following the breakpoint and 6.9

times faster six years following the breakpoint. Figure 9 (a) presents the graphical analogue to the

regression results. The vertical line is drawn in the year prior to the estimated breakpoint (the

reference category, year t− 1 and t− 2).

Second, growth rates are approximately 0.65 percentage points lower in the breakpoint year com-

pared to the year prior. In the base year the average price growth is -0.79%. This implies that prices

are falling approximately 1.8 times faster following the estimated breakpoint. Six years following

the breakpoints, prices continue to fall by 1.44 percentage points or, 2.8x times faster than prior

to the breakpoint. Figure 9 (b) presents the graphical analogue with the vertical line drawn at the

year prior to the estimated breakpoint.

Given these estimated structural breakpoints in neighbourhoods’ house price appreciation rates,

the remainder of this paper is dedicated to explaining how underlying changes to labour demand

and homeowner incomes can be driving these spikes in house prices. In doing so, I will look at

both contemporaneous changes in incomes and labour markets around the estimated breakpoints

and identify the degree to which labour market changes have driven neighbourhood house price

movements.
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5 Labour Demand and Income Growth

5.1 Changes to Housing Demand

Thus far, I have characterized the spatial and temporal patterns of neighbourhood change around

New York City. There are myriad forces driving neighbourhood change. The remainder of this

paper focuses on the impact of one of these forces - labour demand growth. Beaudry et. al (2010)

argue that technological change has caused increases in the relative productivity of skilled workers

and cities adjust to skill-intensive industries endogenously, given their supply of high-skilled workers.

In NYC, the financial sector is a large fraction of employment. Since the financial sector employs

skilled workers, NYC should see an increase in the demand for skilled workers following skill-biased

technological change. In standard residential choice models, households maximize their utility

by choosing among neighbourhood amenities, housing (and relocation) costs, and commute costs,

given income constraints. Changes in the spatial distribution of employment and differential wage

growth across industries, will affect residential demand. When the demand for an area increases,

depending on the supply elasticity of housing, prices will generally rise. As incomes rise for a subset

of the population, house prices are bid up and incumbent residents are crowded out.

Rosen (1979) and Roback (1980, 1982) provide the foundation for this model while Moretti (2013)

provides the framework. In order to understand how a shock to high-skilled jobs can translate into

changing preferences for housing, skilled and unskilled workers compete for housing in the same

housing market. For ease of exposition, consider two industries: manufacturing, which employs

low-skilled labour, and finance, which employs high-skilled labour; and two neighbourhoods in

NYC: a neighbourhood in downtown Manhattan and a neighbourhood in outer Queens.

The indirect utility for worker i in skill group s ∈ {h, l} in neighbourhood n ∈ {MN,QN} is:

Usin = wsn +Asn − rn + esin (5)

where wsn is the nominal wage, rn is the cost of housing and Asn is the value of local amenities

which can differ across skill groups. Each worker supplies one unit of labour and consumes one

unit of housing.

As in Moretti (2013) workers have idiosyncratic preferences over location with skilled and unskilled

workers’ relative preference for Manhattan over Queens is defined by,

eh,i,MN − eh,i,QN ∼ U [−sh, sh] (6)

el,i,MN − el,i,QN ∼ U [−sl, sl] (7)
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A worker chooses to live in Manhattan if and only if,

ei,MN − ei,QN > (wQN − rQN )− (wMN − rMN ) + (AQN −AMN ) (8)

Because of the preferences over locations, workers can experience economic rents.

Firms are assumed to be perfectly mobile price takers facing a constant returns to scale Cobb-

Douglas production technology. The firms’ production function in neighbourhood n, is symmetric

for skilled and unskilled labour:

lnysn = Xsn + αNsn + (1− α)Ksn (9)

Now, assume that the productivity of high skilled workers in downtown Manhattan increases relative

to the productivity of low skilled workers, and the demand for skilled workers increases in downtown

Manhattan relative to the demand for low skilled workers.

Denoting Xsn as the skill and neighbourhood-specific productivity shifter on the production func-

tion,

Xh,MN,t=2 = Xh,MN,t=1 + ∆ (10)

where ∆ > 0 is the difference in productivity between t = 1 and t = 2.

Following this, the nominal wages of high skilled workers in Manhattan increase by ∆/α, where

α is the Cobb-Douglas return to labour. Workers in the financial industry experience a real wage

increase. This may generate a change in their preference for living in downtown Manhattan relative

to Queens (as per Equation 8). If skilled workers move closer to downtown Manhattan this inflow

increases the cost of housing in downtown Manhattan by ∆NMNkMN ≥ 0, where NMN is the

number of housing units in Manhattan and kMN is the elasticity of housing supply. The cost of

housing in Queens declines by the same amount.

The nominal wages of unskilled workers living in Manhattan are unchanged but the cost of housing

has increased. This in turn causes a reduction in their real wage. Those low skilled workers for

which Equation 8 no longer holds now prefer living in Queens over Manhattan. Because unskilled

workers compete for scarce housing with skilled workers and the inflow of skilled workers into Man-

hattan residences causes some low skilled workers to leave Manhattan for Queens, the equilibrium

number of skilled workers in Manhattan increases while the equilibrium number of unskilled workers

decreases.

Clearly as the number of neighbourhoods and industries increase this general equilibrium prob-

lem becomes exponentially more difficult, but the intuition remains. As long as high-skilled and
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low-skilled workers compete for housing, shocks to particular industries alter nominal wages, neigh-

bourhood preferences, house prices, and thus real wages. In the structural breakpoint analysis, the

idea is to pin down the period in which a labour market shock caused a large enough reallocation

of workers between neighbourhoods to cause prices to rise. The remainder of this paper evaluates

the quantitative importance of industry and job growth on neighbourhood change.

5.2 Empirical Strategy

Industries that experience increases in employment demand will generate a greater marginal will-

ingness to pay for housing by employees of these industries. This is due to increases in their real

wages. Using the geographic distribution of jobs around NYC, I show that increasing labour de-

mand (and employment income) can explain a large part of the observed changes in house prices

and the propagation of neighbourhood gentrification (or decline). In doing so, I first establish

the relationship between price growth and income growth across New York City neighbourhoods.

Between 1990 and 2010, the relationship between the price growth in neighbourhood n and the

corresponding income growth can be characterized as:

PGn,1990−2010 = α+ β∆ln(Incomen,1990−2010) + εn (11)

Several recent papers have looked at similar relationships between urban resurgence and labour

market characteristics (i.e. wages or education level) and have clearly discussed the endogeneity

that is inherent in the above equation (Baum-Snow and Hartley (2016), Edlund et al. (2016),

Guerrieri et al. (2013)). House prices and incomes could both change for reasons related to

neighbourhood amenities or housing supply and therefore falsely attribute price growth to income

growth. I instrument for ∆ln(Income) using a spatial-Bartik, industry shift-share measure (Bartik

(1991)). In doing so, I quantify the effect of changes across labour markets on residential housing

demand.

5.2.1 Spatial-Bartik Instrumental Variable

Increases to average neighbourhood incomes have both housing demand and endogenous housing

supply responses. Using a spatial-Bartik instrumental variable, I am able to isolate labour demand

shocks that drive housing demand. By spatially weighting the labour demand shocks, I allow for

neighbourhood-specific housing demand growth that differs based on neighbourhood location and

initial industry composition.

The intuition of this instrument is as follows: industries receiving labour demand shocks will

generate increases in the incomes of workers in those industries. This labour demand shock will
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generate housing demand in adjacent neighbourhoods. Based on the labour force composition

across neighbourhoods I can predict relative labour demand.

The Bartik instrument is constructed as follows: for each neighbourhood i at time t ∈ {1990, 2013},

zi,t =
1

Ni,1990

K∑
k=1

nk,i,1990(ln(Employmentk,−NY C,t)− ln(Employmentk,−NY C,1990)) (12)

Where Ni,1990 is the total employment in neighbourhood i in base year 1990; nk,i,1990 is the total

employment in industry k in neighbourhood i in base year 1990.19 The term in brackets is the

employment growth in industry k in the United States, excluding New York City. As such, based

on the fraction of employment in industry k, in neighbourhood i, in 1990, national employment

growth in industry k generates an exogenous predictor for labour demand growth in neighbourhood

i.

The spatial component is constructed such that an increase in labour demand in neighbourhood i

is predicted to increase housing demand in neighbourhood j proportional to the distance between

neighbourhoods i and j. For example, a labour demand shock in Midtown (NYC’s CDB) should not

only affect incomes in Midtown but also in neighbourhoods around Midtown (i.e. lower Manhattan

and into Brooklyn).

Formally, the predicted employment growth in neighbourhood j is,

Zj,t =
∑
i 6=j

zi,te
−κτi,j
i,j (13)

The instrument for income growth in neighbourhood j at time t, is the summation of the expected

labour demand growth in all other neighbourhoods i, weighted by their relative distance in commute

times; τ is the commute time between neighbourhoods i and j; κ is the decay parameter for

weighting neighbourhoods discussed and estimated in Section 2. I exclude the labour demand shock

to own neighbourhood j in the construction of Zj,t to further isolate a demand shock for living in

neighbourhood j that is uncorrelated with unobservables driving neighbourhood change.

Table A6 of the Appendix summaries the predicted housing demand shock in 1994, 2004, and 2013,

as an example. The spatial-Bartik instrument gets larger each year given that US employment has

grown between 1990 and 2013. In each year, the instrument is book-ended by neighbourhoods in

Brooklyn having the largest predicted increase in housing demand, and neighbourhoods in Queens

or Staten Island having the smallest predicted increase in housing demand. Figure 10 plots the

time-series evolution of Zj,t for each neighbourhood in NYC detrended from growth in NYC housing

demand. There is clear heterogeneity in the magnitude of the shocks across neighbourhoods, even

191990 is chosen as the base year because it is the first year for which I have industry data at the neighbourhood
level (source: CTPP).
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after removing the macroeconomic time trends. Figure A3 (a) depicts the actual employment

growth across New York City, (b) shows the predicted labour demand growth from the Bartik

instrument (Equation 12), and (c) shows the predicted housing demand from the spatial-Bartik

instrument (Equation 13). The pattern of housing demand shocks which is an instrument for

income growth, closely resembles the actual pattern of income growth. Based on this instrument,

I expect the labour demand shock to operate strongest near Midtown (the CBD) resulting in both

higher incomes and higher house prices.

5.2.2 Labour Demand Shocks and the Timing of Structural Breaks

The empirical analysis proceeds as follows: first, I identify the long-run and short-run relationship

between income growth and house price growth and second, I relate income growth to the timing

of the structural breakpoints characterized earlier.

1. Labour demand driven price growth.

PGn,1990−2010 = α+ β ̂∆ln(Incomen,1990−2010) + εn

→ ∆ln(Incomen,1990−2010) = γZn,2013 + αn + µn
(14)

PGn,t = α+ β ̂∆ln(Incomen,t) + an + at + εn,t

→ ∆ln(Incomen,t) = γZn,t + αn + αt + µn,t
(15)

2. Structural breakpoint analysis; occurrence and timing of.

1(structural breakn) = α+ β ̂∆ln(Incomen,1990−2010) + εn (16)

when changen,t = α+ β ̂∆ln(Incomen,t) + an + at + εn,t (17)

As before, PG is the house price growth rate in neighbourhood n at time t; ̂∆ln(Income) is

the change in log incomes instrumented for with the spatial-Bartik instrument; an and at are

neighbourhood and year fixed effects (where no t subscript is specified, regressions are the long

differences over the sample period, 1990 to 2010).20 Equations 14 and 15 estimate the price growth

in a neighbourhood following an exogenous shock to labour demand. Equations 16 and 17 focus

on the relationship between labour demand shocks and the structural breaks; 1(structural breakn)

is an indicator variable ∈ {−1, 0, 1} for a break down, no break, or a break up, respectively;

‘when changen,t’ equals one in the year of the breakpoint and zero otherwise.

20While the house price data extends from 1974 to 2014 and all other data sets extend to 2013, for comparison
with census data I restrict my analysis to changes between 1990 and 2010. Results do not qualitatively change if I
vary this.
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6 Results

6.1 Income Driven Price Growth: Long Run

Table 3 presents the baseline results from estimating Equation 14. Panel A, columns (1) to (3)

present the un-instrumented relationship between income growth and price growth at the neigh-

bourhood level between 1990 and 2010; columns (4) to (6) present the corresponding, instrumented

results. Panel B presents the reduced form relationship between price growth and the spatial-Bartik

instrument in columns (1) to (3) and the first stage for the instrumented results in columns (4)

to (6). In columns (2) and (5) I also control for the distance to Midtown (NYC’s CBD) and in

columns (3) and (6) I control for the interaction between income growth and the distance to Mid-

town. Panel C offers an interpretation of the results as a fraction of the actual variation observed

in the data.

Looking first at the OLS results in panel A, column (1). A one standard deviation increase in

income (1σ = 0.221) is correlated with a 0.43 of a standard deviation increase in price growth rates

(1σ = 0.434). Unsurprisingly, as distance to Midtown increases price growth rates decrease as does

the rate of income growth. As discussed earlier, income growth is likely to affect both housing

demand and housing supply and to be correlated with unobservables affecting both neighbourhood

incomes and house prices. This implies that the OLS results are likely biased. To address this

bias, I make use of a spatial-Bartik instrument as an exogenous predictor of labour demand. The

corresponding instrumented results are thus the house price growth that is attributable to income

growth generated from labour demand growth.

The coefficient on my baseline IV result is 3.790 (column (4)) and is almost 4.5 times larger

than my OLS results. This implies that a one standard deviation increase in income growth (1σ

= 0.221) generates a 1.94 standard deviation increase in house price growth. However, a one

standard deviation increase in predicted labour demand (Zj : 1σ = 1.21) increases incomes by

0.28 of a standard deviation which in turn increases house price growth by 0.54 of a standard

deviation. Imposing an assumption of normality, exogenous shocks to labour demand can explain

approximately 21% of the observed income growth and 41% of the observed house price growth.

Inputting actual changes to employment across labour markets into the estimated model suggests

that endogenous movements across local labour markets explain an additional 30% of the variation

observed in house price growth between 1990 and 2010.

A tentative explanation for the magnitude of the IV results compared to the OLS results has been

discussed in Eisensee and Stromberg (2007) as well as Serafinelli (2016). If there are heterogeneous

effects across neighbourhoods from a labour demand shock, then it is likely that the effect of

income on house prices in greater for those neighbourhoods that only saw incomes rise because of

a labour demand shock. In other words, the IV estimates the average effect in the subgroup of
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neighbourhoods that saw prices rise because there was a sufficiently large labour demand shock

(the local average treatment effect), whereas OLS estimates the average treatment effect across all

neighbourhoods (the average treatment effect).21

A potential concern with these results is the representativeness of the NYC sales data and the

HMDA data. To address this concern, I estimate the same model using income and house price

data from the 1990 and 2010 decadal census. While no quality adjustments have been made to the

house values in the census data, the average value is close to that of the NYC sales data. While

the average house price increase using the NYC sales data is about 197%, the census equivalent is

171% (Appendix Table A7). On the other hand, the increase in average incomes from the HMDA

data is larger than that in the census - 17% compared to 6%. This is expected given that the

HMDA data exclusively includes the incomes reported on originated mortgage applications. Table

A8 of the appendix reproduces the results of Table 3 using the decadal census data. Comfortingly,

the results are not quantitatively different from each other. Next, I turn to estimating the implied

elasticity of housing supply that is necessary to justify the magnitude of these estimates.

6.1.1 Elasticity of Housing Supply

As housing demand increases house prices are expected to rise. However, the magnitude with which

house prices rise is not only dependent on the magnitude of the labour demand shock but also the

elasticity of housing supply. For a given labour demand shock those neighbourhoods that were

already inelastically supplied in 1990 are expected to see larger changes in house prices.

Using neighbourhood housing quantities provided in the 1990, 2000, and 2010 Census, I construct

a variable for the percentage change in housing units and estimate:

∆ln(Quantity1990−2010) = α+ β ̂∆ln(Income1990−2010) + εn (18)

As above, the change in neighbourhood income is instrumented for with the spatial-Bartik. Table

4 presents the results as well as the corresponding implied supply elasticities. Over all housing

types, I estimate a negative housing supply elasticity (column (2)). However, when I separately

look at owner occupied (column (4)) and renter occupied (column (6)) housing units, the elasticity

21Making use of an example in Eisensee and Stromberg (2007), the following better illustrates this point. neigh-
bourhoods may be categorized into three groups: (a) those that never experience large changes to price growth, (b)
those that always experience large changes to price growth, and (c) those that only experience large changes to price
growth if and only if they receive an income shock. OLS uses group (c) to estimate β. neighbourhoods can also be
categorized into groups according to potential income growth: (i) those that never experience income growth, irre-
spective of labour demand pressures, (ii) those that always experience income growth, irrespective of labour demand
pressures, and (iii) those that only experience income growth if the labour demand shock is sufficiently large. IV
estimates of β are therefore the share of group (c) in group (iii). This is the average effect for the group of marginal
neighbourhoods.
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of housing supply is positive for owner occupied units and negative (and insignificant) for renter

occupied units.

There are a couple of plausible explanations for these results. First, there may be some substitution

between renting and owning – when incomes rise, housing demand increases. If this also generates

an increase in the supply of owner occupied housing units — either through the construction of

new condominiums or the conversion of rental units into owner occupied units (both of which have

happened in NYC) — I would expect to find owner occupied housing increase and renter occupied

housing decrease or remain unchanged. Alternatively, if the increase in labour demand is due to

favourable macroeconomic conditions, this could explain an increase in housing construction.

The quantity of housing increased by 15% between 1990 and 2010 however, this was largely driven

by increases in owner occupied housing units which increased by 26% compared to renter occupied

housing which increased by 4% (Appendix Table A7). Figure A5 in the Appendix includes the

frequency of changes in housing units across neighbourhoods. Owner-occupied housing has a dis-

tribution that lays to the right of the renter-occupied housing, consistent with the greater increase

in owner-occupied units. The estimates in Table 4 imply a housing supply elasticity of 0.21 for

owner occupied units — for a 10% increase in prices, quantities increase by about 2%. This suggests

that the IV estimates are identifying off of those neighbourhoods that are relatively inelastic and

receive a large housing demand shock.

6.2 Income Driven Price Growth: Short Run

Table 5 presents the OLS and IV short run results in columns (1) to (4) and (5) to (7), respectively.

The coefficient of 0.548 in column (1) implies that a one standard deviation increase in incomes

(1σ = 0.018) is correlated with 0.38 of a standard deviation increase in house price growth rates.

Again, the magnitude of the IV is quite a bit larger at 3.790. A one standard deviation increase in

predicted labour demand (1σ = 1.721) increases incomes by 0.33 standard deviations, which in turn

increases house price growth by 0.85 standard deviations. Once again by imposing an assumption of

normality, I estimate that exogenous labour market demand shocks can explain 26% of the annual

variation in income growth and 61% of the variation in house price growth. Estimating the model

with actual changes to employment suggests that endogenous changes to labour supply can explain

an additional 25% of the variation. Columns (6) and (7) suggest that labour market demand shocks

can better explain increases in house prices than decreases.

To recap, so far I have focused on estimating the relationship between labour demand growth

and house price growth rates. Between 1990 and 2010, I find that labour market demand shocks

can account for approximately 41% the variation observed in the 20-year house price growth rates

and 61% of the year to year variation. Endogenous labour market movements on the other hand,

explain more of the overall, long-run, variation. I also provide evidence that this is possibly being
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driven by income growth in relatively inelastic housing markets that also receive the largest shocks

to predicted housing demand. Next I turn to explaining the extent to which the spatial patterns

observed in the data and the temporal patterns estimated in Section 4 have been driven by changes

across labour markets.

6.3 The Temporal Patterns of Neighbourhood Change

I begin by providing evidence that incomes and housing demand shocks are also exhibiting econom-

ically interesting patterns around the estimated structural breakpoints. I do so by re-estimating

Equation 4, with income growth and housing demand growth on the left hand side.

∆ln(Income)n,t = γ(y∗∗n,t) + ηt + ηn + εn,t (4b)

Zn,t = γ(y∗∗n,t) + ηt + ηn + εn,t (4c)

Using the HMDA data for originated mortgages, Appendix Table A10 summarizes incomes changes

for neighbourhoods that are growing and declining relative to New York City and Table A11

presents the by-neighbourhood breakdown. As with prices, there is heterogenous income growth

across neighbourhoods. Overall, between 1990 and 2014 incomes are increasing in New York City.

In neighbourhoods with positive estimated breakpoints, incomes grew by 32.13% between 1990

and 2014 however, in neighbourhoods with negative estimated breakpoints, incomes grew by only

8.15%. Returning to the comparison between Central Harlem and the Upper East Side, between

1990 and 2014 incomes in Central Harlem rose by 48% whereas in the Upper East Side incomes

rose by 17%.

Table 6 presents the estimates of Equation 4b. All regressions include year and borough fixed effects.

In neighbourhoods that are increasing in price, income growth is 0.195 precent points higher in the

estimated breakpoint year than in the two years prior and remains higher in subsequent years. This

represents a 14% increase in incomes after the breakpoint and 64%. six years after the breakpoint.

For those neighbourhoods that are decreasing in price, income growth is 0.337 percentage points

lower in the year of the structural breakpoint – a decrease of 34%.

Table 7 presents the estimates of Equation ??c. In neighbourhoods that are increasing in price,

predicted housing demand growth is 0.201 percentage points (7%) higher at the estimated break-

point than in the two years prior and continues to grow following the estimated breakpoints. For

those neighbourhoods that are decreasing in price, predicted housing demand has little observable

change around the estimated breakpoints however, six years following the breakpoints predicted

housing demand is about 0.248 percentage points (10.5%) lower. These results support the evidence

that neighbourhoods with the biggest increases in prices are also those with large income growth

and housing demand growth. While neighbourhoods with the biggest decreases in prices also have
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large contemporaneous decreases in homeowner incomes, they do not appear to exhibit decreases

in housing demand, at least around the estimated breakpoints. Rather, for these neighbourhoods

predicted housing demand only decreases after several years of persistently declining prices.

6.4 Results: The Temporal Patterns of neighbourhood Change

Table 8 presents the results from Equations 16 and 17 in Panels A and B, respectively. These

results focus on the relationship between income growth and the previously estimated structural

breakpoints in house price appreciation rates. I present both the OLS and IV results for com-

pleteness but discuss only the interpretation of the IV estimates. The dependent variable in Panel

A is an indicator variable for whether a neighbourhood tips up (+1), tips down (−1), or remains

unchanged (0). A one standard deviation increase in predicted housing demand (Zj) increases the

probability that a neighbourhood does not decline (i.e. y 6= −1) by 44%.

The dependent variable in Panel B is an indicator equal to one in the year of the estimated structural

breakpoint and zero otherwise. Columns (2) and (5) restrict to neighbourhoods with a positive

breakpoint while columns (3) and (6) restrict to those with a negative breakpoint. A one standard

deviation increase in predicted housing demand increases the probability that a neighbourhood has

a positive structural breakpoint in any given year by 35% but has no effect on the probability of a

negative breakpoint.

In section 4.3 I estimated that 52 neighbourhoods exhibit a positive structural breakpoint and

42 neighbourhoods exhibit a negative breakpoint. The estimates from Table 8 predict that 33

neighbourhoods will exhibit positive breakpoints; 57% of these are consistent with those that were

estimated. Similarly, 21 neighbourhoods are predicted to exhibit negative breakpoints, 26% of

which are consistent with those estimated previously. This reinforces the results presented earlier

– labour market shocks predict neighbourhood gentrification but not decline. That said, in 1990

New York City already a large fraction of employment in those industries which continued to grow

over the next 20 years. Next, I turn to estimating price growth and patterns of gentrification and

decline had labour markets evolved differently.

7 Counterfactual Labour Markets

In the remainder of this paper I consider my estimated models under several counterfactual envi-

ronments. The purpose of this exercise is to explore how neighbourhood change may have looked

under hypothetical labour markets. In particular, I estimate how the patterns of neighbourhood

change may have looked if: (i) labour demand had remained unchanged from its 1990 level; (ii)

industry employment had grown at the National rate; (iii) all industries had grown at the same

rate.
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Recall, the distribution of prices predicted by exogenous shocks to labour markets explains 41%

of the observed 20-year variation in house prices and 61% of the annual variation. Figure 12

presents the distribution of predicted price growth rates between 1990 and 2010 (a) and annually

(b). Labour demand shocks are not able to predict price growth at the far right-tail of the 20 year

distribution or either tail of the annual distribution. These extreme values observed in the data are

likely explained by other changes to neighbourhood fundamentals, such as crime rates or changing

amenities.

First, if labour demand had remained unchanged from its 1990 level growth in prices is attributable

entirely to common trends across New York City rather than differences in labour markets. Taking

the coefficient estimates from Equation (14) and setting labour demand growth equal to zero,

changes in prices are the same across all boroughs – predicted to be approximately 60% lower than

in my baseline specification. In this counterfactual world, all neighbourhoods in New York City

would be declining in incomes and prices today.

Second, I consider the world where industry labour demand had grown at the same rate in New

York City as in the rest of the United States. In this world, industries that saw big drops in

employment in New York City between 1990 and 2010 but more modest drops elsewhere (i.e.

Manufacturing, Wholesale Trade, and Education) will see increases in the predicted income growth

for neighbourhoods near 1990 employment locations. The reverse is true for industries that grew

more in the New York City relative to elsewhere in the United States (i.e. Business, Professional,

and Personal Services). As before, I take the predicted estimates from Equations (14) and (15) and

set changes in employment equal to the National growth by industry. Figure 12 (a) shows a right-

ward shift in the distribution of overall predicted house price growth, compared to the baseline.

Across the city price growth rates are predicted to be 18% higher and the spatial variation be 12%

higher. Comparing this to the annual changes Figure 12 in predicted price growth, on average prices

would be growing 0.5% faster but the spatial variation in price growth across the city would be 38%

higher. Although employment increased in New York City between 1990 and 2010, it increased

more in the rest of the United States. In particular, it increased more in industries for which New

York City already had a large percentage of employment in 1990 (for example, finance and real

estate, health care, and education). In this counterfactual, 40% more neighbours are predicted to

gentrify.

Finally, I consider how the pattern of neighbourhood change may have looked in New York City

if employment across all industries had grown at the same rate; for example, if employment in

manufacturing had grown at the same rate as employment in business services. The distribution

of prices in this world is quite different. The predicted price growth between 1990 and 2010 would

be almost 97% higher across the City, the variation across the city would be 113% higher, but the

distribution would be almost uniform. The patterns of growth annually are predicted to be 2%

higher across the city, and the spatial variation is predicted to increase by 124%.
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Figure 13 maps the concentration of price growth around the City: (a) price growth between 1990

and 2010 as predicted in my baseline specification; (b) price growth predicted after the imposition

of national employment growth rates; (c) price growth predicted after the imposition of a uniform

growth rate across industries. Comparing (a) to (b), there is a movement of price growth away

from upper Manhattan and further into the peripheral neighbourhoods of Brooklyn. While outer

Queens is still predicted to decline in prices, the gentrification seen in upper Manhattan (i.e.

Central Harlem and Washington Heights) and the Bronx is no longer apparent. Comparing (a) to

(c), not only is the gentrification seen in upper Manhattan and the Bronx no longer apparent, but

the patterns of neighbourhood decline have changed. The previously declining prices in the outer

neighbourhood of Queens are showing more modest predicted decreases in prices. As in (b), price

growth is concentrated around the center of New York City particularly in Brooklyn and Queens;

neighbourhoods that had initially larger shares of employment in manufacturing jobs are predicted

to have some of the highest levels of price growth.

This counterfactual analysis reinforce the importance of changes in labour markets on the evolution

of neighbourhood change. While other considerations – such as decreasing crime rates or improved

amenities – are necessary to explain the full distribution of house price movements across New York

City, labour markets are a significant determinant of a neighbourhood’s trajectory. The pattern

would likely look much different in a city that saw its employment fall between 1990 and 2010,

particularly in those industries that also fell nationally.

8 Conclusion

This paper is an investigation of neighbourhood change in New York City. Using micro-level

data, this is the first paper to explore the within-city dynamics of both gentrification and decline.

Over the last 20 years many cities in the United States have experienced a resurgence in their

downtowns. There are several competing theories as to the drivers of these changes. In this paper

I focus on how neighbourhood specific shifts in labour demand can generate changes in housing

demand and the geographical location of skill groups. New York City exhibits a spatial inversion

of neighbourhood incomes and neighbourhood house prices with the downtown becoming wealthier

and more expensive and the peripheral neighbourhoods becoming poorer and less expensive. This

inversion is consistent to changes observed in labour markets around the City.

Using a structural breakpoint analysis I characterize the temporal patterns of neighbourhood

change. Using a spatial-Bartik instrument for exogenous labour demand shocks, I estimate the

temporal patterns of neighbourhood change attributable to labour demand. Overall, I find that

neighbourhood decline is more spatially dependent than gentrification and that neighbourhood

gentrification is largely explained by income growth. Specifically, localized neighbourhood decline

makes a neighbourhood four times more likely to exhibit further decline. A one standard deviation
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increase in labour demand shocks decreases the probability that a neighbourhood does not decline

by 44%. Furthermore, of those neighbourhoods with a positive estimated breakpoint prices rise

3.4 times faster after the estimated breakpoint; of those neighbourhoods with a negative estimated

breakpoints, prices fall 2.8 times faster. As such, positive shocks to labour demand cause prices to

rise faster than negative shocks cause prices to fall.

Exogenous changes to labour demand can explain 21% of the overall variation in neighbourhood

income growth and 41% of the overall variation observed in house price growth rates; a one standard

deviation increase in predicted housing demand increases house price growth by 0.54 standard

deviations. Estimating my model with actual changes to employment suggests that endogenous

labour market movements explain an additional 30% of the overall variation observed in house

price growth rates. Comparing this to the annual variation - exogenous changes to labour demand

explain 26% of the annual variation in neighbourhood income growth and 61% of the variation in

house price growth rates; a one standard deviation increase in predicted housing demand causes

house prices to rise by 0.85 standard deviations in any given year. While exogenous shocks are

more predictive of the annual variation, endogenous changes to labour markets are estimated to

explain 25%, and thus are more predictive of the 20-year variation observed in house prices.

Finally, to really understand the importance of labour demand as a driver of price increases, I

estimate the predicted changes under counterfactuals. This analysis suggests that had New York

City labour demand remained at its 1990 level, overall house price growth would be 65%. Similarly,

had labour demand grown at the national rate, overall house price growth would be 18% higher.

As such, changes across labour markets can predict very different trajectories for neighbourhood

housing demand, income growth, price growth, and neighbourhood change.
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Figures

Figure 1: Median House Prices across New York City Neighbourhoods

(a) 1974 (b) 1995 (c) 2014

Source: Median house prices, New York City property sales data.

Legend for Figures 1 and 2

median house prices median incomes
(2014 $s) (2014 $s)

Quantile 1974 1995 2014 1990 2010

1st 413,449 794,166 2,160,805 326,032 471,179
2nd

↓ ↓ ↓ ↓ ↓3rd
4th
5th 14,178 23,121 79,924 59,772 46,683
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Figure 2: Median Incomes across New York City Neighbourhoods

(a) 1990 (b) 2010

Source: Median incomes of mortgagees, HMDA data.

Figure 3: Annual House Price index for boroughs of NYC (all property types)
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Figure 4: Detrended Annual House Price index for neighbourhoods within boroughs
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Notes: Annual house price index for each defined neighbourhood within Manhattan, Brooklyn, the Bronx, and Queens. Staten Island
excluded for brevity. Each HPI is set to 2000 base year and reflects how quickly a neighbourhood is growing relative to the NYC average.
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Figure 5: Example of Neighbourhoods with Estimated Breakpoints
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(a) Central Harlem: growing faster than
NYC average
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(b) Canarsie: declining relative to NYC
average

Notes: An example of the estimated breakpoints in two NYC neighbourhoods. The top figure of both panels shows the house price indexes
with the smoothed local polynomials over which price growth trends are calculated. The price growth trends are in the bottom two figures.
Both Central Harlem and Canarsie had structural breaks identified in 1997.

Figure 6: Timing of Statistically Significant Breakpoints
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(b) Declining relative to NYC

Notes: Of the 157 neighbourhoods defined in this analysis, 94 had statistically significant breakpoints. I separately analyze neighbourhoods
that are trending upwards or downwards. The above histogram plots the distribution of the timing breakpoints. Breakpoints in appreciating
neighbourhoods were identified relatively earlier (a) than in depreciated neighbourhoods (b).
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Legend for Fig. 7

Year of the Estimated
Structural Breakpoint

2007 - 2012
2002 - 2006
1997 - 2001
1992 - 1996
1978 - 1991

Figure 7: Timing of Breakpoints across NYC

(a) neighbourhoods
growing faster than

NYC average

(b) neighbourhoods
growing slower than

NYC average

Notes: The above figures depict neighbourhoods that have a statistically significant breakpoint.

Legend for Fig. 8

Quantile of the distribution

1st (most positive)
2nd
3rd to 5th (positive)
6th to 8th (negative)
9th
10th (most negative)

Figure 8: Price Growth around the Estimated Breakpoints

(a) neighbourhoods
growing faster than

NYC average

(b) neighbourhoods
growing slower than

NYC average

Notes: The above figures depict neighbourhoods that have a statistically significant breakpoint.
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Figure 9: Estimated Price Growth Rates Relative to Breakpoint
-1

0
1

2
3

Pr
ic

e 
G

ro
w

th
 R

at
e

< 5 -3 -1 0 2 4 >6
0=breakpoint year

Estimates 95% confidence interval

(a) Neighbourhoods growing relative to NYC average
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(b) Neighbourhoods declining relative to NYC average

Notes: The above figures depict the magnitude of the changes in house prices at the breakpoint (year 0) relative to the year
prior (year -1) for neighbourhoods growing faster than the NYC average (a), and neighbourhoods declining relative to the NYC
average (b). The dashed lines are 95% confidence intervals.

Figure 10: Annual Variability in Predicted Housing Demand Shocks
(for all neighbourhoods in NYC)
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Legend for Fig. 11

Quantile of the distribution

1st (most positive)
2nd
3rd to 5th (positive)
6th to 8th (negative)
9th
10th (most negative)

Figure 11: Spatial-Bartik Instrument

(a) Predicted labour demand (b) Predicted housing demand growth

Figure 12: Distribution of House Price Growth (1990 to 2010))
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(b) Actual, predicted, and counterfactual price growth
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Notes: Actual price growth; predicted price growth from baseline specification; counterfactual price growth imposing national industry growth
rates; counterfactual price growth imposing uniform growth rate across industries.

35



Figure 13: Spatial Distribution of Price Growth (1990 to 2010)

(a) Baseline Price Growth
(1990 to 2010)

(c) Counterfactual Price
Growth

Uniform Growth Rates

(b) Counterfactual Price
Growth

National Growth Rates

Predicted breakpoints:

Industries grow at the National rate
positive negative neither

73 4 78

Industries grow at the same rate
positive negative neither

143 0 12
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Tables

Table 1: Spatial Relationships

OLS
Dependent Variable: 1(when change) ∈ {0,1}

(1) (2) (3) (4) (5)
(di ≥ 0) (di ≤ 0) (di ≥ 0) (di ≤ 0)

neighbour changed: 0.061 0.055 -0.003 0.029
x ∈ {0, 1}|dj > 0 (0.03)** (0.03)* (0.01) (0.03)

neighbour changed: 0.137 -0.013 0.152 0.143
x ∈ {0, 1}|dj < 0 (0.02)*** (0.01)*** (0.03)*** (0.03)***

neighbour changed: 0.074
x ∈ {0, 1}|dj > 0, t− 1 (0.01)***

neighbour changed: 0.053
x ∈ {0, 1}|dj > 0, t− 2 (0.02)***

neighbour changed: 0.041
x ∈ {0, 1}|dj > 0, t− 3 (0.02)***

neighbour changed: 0.033
x ∈ {0, 1}|dj < 0, t− 1 (0.01)***

neighbour changed: 0.030
x ∈ {0, 1}|dj < 0, t− 2 (0.02)

neighbour changed: -0.002
x ∈ {0, 1}|dj < 0, t− 3 (0.03)

R2 0.08 0.04 0.16 0.07 0.17

N 2,335 1,886 1,852 1,886 1,852

Notes: *** statistically significant at the 1% level; standard errors in parenthesis and clustered at the
neighborhood level. Regressors include a set of dummy variables equal to 1 if neighbourhood n has a
neighbour ever tip up or down, or tip up or down in the previous year or the year prior to that. Column
(1) includes the full data while columns (2) and (4) restrict to neighbourhoods with appreciating prices
and columns (3) and (5) restrict to neighbourhoods with depreciating prices. All regressions include year
fixed effects.
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Table 2: Magnitudes of the Breakpoints across Neighbourhoods

Dependent Variable: % ∆ Prices

Before At breakpoint After
(y∗∗n,t−3,t−4) (y∗∗n,t,t+1) (y∗∗n,t+2,t+3) (y∗∗n,t+4,t+5) (y∗∗n,t≥6)

PGy<y∗∗ < PGy>y∗∗ −0.694 1.053 2.127 2.845 2.538
(Gentrifiers) (0.18)∗∗∗ (0.18)∗∗∗ (0.18)∗∗∗ (0.18)∗∗∗ (0.14)∗∗∗

PGy<y∗∗ > PGy>y∗∗ 0.342 −0.650 −1.523 −1.629 −1.444
(Declining in prices) (0.22) (0.22)∗∗∗ (0.23)∗∗∗ (0.23)∗∗∗ (0.20)∗∗∗

Notes: *** statistically significant at the 1% level; standard errors in parenthesis and clustered at the neighbourhood level.

The first row restricts to neighborhoods with appreciating prices such that the β coefficient on the breakpoint estimate is

greater than zero. The second row restricts to neighborhoods with depreciating prices such that the β coefficient on the

breakpoint estimate is less than zero. Price growth rates are regressed on a set of dummies relative to the breakpoint year.

All regressions control for year and borough fixed effects and coefficients are percentage point increases (or decreases) relative

to the two years prior to the estimated breakpoint (i.e. the excluded category is t-1,t-2).
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Table 3: Income Driven House Price Growth
(Long run: % ∆ Prices 1990 to 2010)

Panel A: OLS IV
Dependent Variable: Price Growth Price Growth

(1) (2) (3) (4) (5) (6)

∆ln(Income) 0.844 0.559 0.506 3.790 3.875 10.26
(0.15)∗∗∗ (0.13)∗∗∗ (0.26)∗ (1.10)∗∗∗ (2.44) (12.5)

Dist Midtown (miles) −0.052 −0.053 0.002 −1.300
(0.01)∗∗∗ (0.01)∗∗∗ (0.04) (2.42)

Dist Midtown x −0.008 0.259
∆ln(Income) (0.03) (0.49)

R2 0.18 0.40 0.40
F-stat: 11.46 2.34 0.08
N 155 155 155 155 155 155

Panel B: Reduced Form First Stage
Dependent Variable: Price Growth ∆ln(Income)

(1) (2) (3) (4) (5) (6)

Z 0.194 0.105 0.100 0.051 0.027 0.029
(0.03)∗∗∗ (0.03)∗∗∗ (0.03)∗∗∗ (0.02)∗∗∗ (0.02) (0.02)

Dist Midtown −0.040 −0.044 −0.011 −0.010
(0.01)∗∗∗ (0.01)∗∗∗ (0.01)∗ (0.01)

Z x Dist Midtown 0.024 −0.007
(0.03) (0.02)

R2 0.29 0.37 0.37 0.09 0.11 0.11

N 155 155 155 155 155 155

Panel C: Explained Variation
Income growth Difference House price growth Difference blaaa

Exogenous ∆LD 0.28σ ≈ 21% 0.54σ ≈ 41%
Actual ∆LD 0.54σ ≈ 41% 20% 1.05σ ≈ 71% 30%

Notes: *** statistically significant at the 1% level; robust standard errors. Columns (1) to (3) show the OLS
relationship between price growth and income growth over the entire sample period. Columns (4) and (6) show
the instrumented relationship. Panel B presents the reduced form regression results as well as the first stage
relationship between the instrument (Zj,t)and income growth.
Interpretation: (OLS) a 1σ increase in ∆ln(Income)→ 0.43σ increase in price growth;
(IV) a 1σ increase in Zj,t → 0.54σ increase in price growth.
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Table 4: Income Driven Housing Supply Changes
(using housing quantities from the decadal census data (% ∆ 1990 to 2010) )

Panel A:
Dependent variable: ∆ln(Q of housing)

All housing owner occ. renter occ.
OLS IV OLS IV OLS IV
(1) (2) (3) (4) (5) (6)

∆ln(Income) 0.071 -0.401 0.142 0.789 0.063 -0.381
(0.05) (0.28) (0.08)∗ (0.38)∗∗ (0.05) (0.29)

N 155 155 155 155 155 155

Panel B: Implied Elasticity of Housing Supply
Using Table 3 Results

%∆Q
%∆P 0.083 -0.106 0.168 0.208 0.075 -0.084

Notes: *** statistically significant at the 1% level; ** statistically significant at the 5% level; * statistically significant

at the 10% level. The implied elasticity of supply is calculated as %∆Quantity
%∆Income

× 1/ %∆Price
%∆Income

. Columns (3) and (4)

suggest that for owner occupied homes, a 10% increase in the price of houses generates approximately a 2% increase
in the quantity of housing supply, for owner-occupied homes. This is consistent with housing supply being quite
inelastic in New York City.
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Table 5: Income Driven House Price Growth
(Short run: % ∆ HPI)

Panel A: OLS IV
Dependent Variable: Price Growth Price Growth

(1) (2) (3) (4) (5) (6) (7)
(d ≥ 0) (d ≤ 0) (d ≥ 0) (d ≤ 0)

∆ln(Income) 0.548 0.415 0.350 0.171 3.790 3.058 -13.24
(0.10)∗∗∗ (0.08)∗∗∗ (0.08)∗∗∗ (0.07)∗∗ (0.95)∗∗∗ (0.70)∗∗∗ (76.0)

Dist Midtown (miles) −0.003 −0.002 −0.002
(0.00)∗∗∗ (0.00)∗∗∗ (0.00)∗∗∗

R2 0.16 0.38 0.33 0.39

F-stat: 14.24 16.07 0.03
N 3,565 3,565 2,599 2,369 3,565 2,599 2,369

Panel B: Reduced Form First Stage
Dependent Variable: Price Growth ∆ln(Income)

(1) (2) (3) (4) (5) (6) (7)
(d ≥ 0) (d ≤ 0) (d ≥ 0) (d ≤ 0)

Z 0.013 0.009 0.008 0.001 0.003 0.004 -0.001
(0.00)∗∗∗ (0.00)∗∗∗ (0.00)∗∗∗ (0.01) (0.00)∗∗∗ (0.00)∗∗∗ (0.01)

Dist Midtown −0.002 −0.002 −0.001
(0.00)∗∗∗ (0.00)∗∗∗ (0.00)∗∗∗

R2 0.28 0.33 0.38 0.68 0.14 0.16 0.18

N 3,565 3,565 2,599 2,369 3,565 2,599 2,369

Panel C: Explained Variation
Income growth Difference House price growth Difference blaaa

Exogenous ∆LD 0.33σ ≈ 26% 0.85σ ≈ 61%
Actual ∆LD 0.57σ ≈ 43% 17% 1.49σ ≈ 86% 25%

Notes: *** statistically significant at the 1% level; standard errors in parenthesis and clustered at the neighbourhood level.
Columns (1) to (3) show the OLS relationship between price growth and income growth over the entire sample period.
Columns (4) and (6) show the instrumented relationship. Columns (3) and (6) restrict the sample to those neighborhoods
that have price growth trends that are rising after the estimated breakpoint; columns (4) and (7) are those that are falling
after the estimated breakpoint. Panel B presents the reduced form regression results as well as the first stage results.
Interpretation: (OLS) a 1σ increase in ∆ln(Income)→ 0.38σ increase in price growth;
(IV) a 1σ increase in Zj,t → 0.85σ increase in price growth.
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Table 6: Income Changes around Estimated Breakpoints

Dependent Variable: ∆ ln(Income)

Before At breakpoint After
(y∗∗n,t−3,t−4) (y∗∗n,t,t+1) (y∗∗n,t+2,t+3) (y∗∗n,t+4,t+5) (y∗∗n,t≥6)

PGy<y∗∗ < PGy>y∗∗ −0.192 0.195 0.473 0.696 0.859
(0.22) (0.22) (0.22)∗∗ (0.22)∗∗∗ (0.17)∗∗∗

PGy<y∗∗ > PGy>y∗∗ −0.019 −0.337 −0.886 −1.206 −1.429
(0.28) (0.27) (0.29)∗∗∗ (0.29)∗∗∗ (0.26)∗∗∗

Notes: *** statistically significant at the 1% level; standard errors in parenthesis and clustered at the neighbourhood level.

The first row restricts to neighborhoods with appreciating prices such that the β coefficient on the breakpoint estimate is

greater than zero. The second row restricts to neighborhoods with depreciating prices such that the β coefficient on the

breakpoint estimate, is less than zero. Income growth rates are regressed on a set of dummies relative to the breakpoint

year. All regressions control for year and borough fixed effects and coefficients are percentage point increases (or decreases)

relative to the two years prior to the estimated breakpoint (i.e. the excluded category is t-1,t-2.

Table 7: Housing Demand Changes around Estimated Breakpoints

Dependent Variable: Zj,t

Before At breakpoint After
(y∗∗n,t−3,t−4) (y∗∗n,t,t+1) (y∗∗n,t+2,t+3) (y∗∗n,t+4,t+5) (y∗∗n,t≥6)

PGy<y∗∗ < PGy>y∗∗ −0.135 0.201 0.284 0.412 0.255
(0.09) (0.09)∗∗ (0.09)∗∗∗ (0.09)∗∗∗ (0.09)∗∗∗

PGy<y∗∗ > PGy>y∗∗ 0.087 0.010 −0.120 −0.211 −0.248
(0.10) (0.10) (0.10) (0.10)∗∗ (0.11)∗∗

Notes: *** statistically significant at the 1% level; standard errors in parenthesis and clustered at the neighbourhood level.

The first row restricts to neighborhoods with appreciating prices such that the β coefficient on the breakpoint estimate is

greater than zero. The second row restricts to neighborhoods with depreciating prices such that the β coefficient on the

breakpoint estimate, is less than zero. The predicted shocks to housing demand (Zj,t) are regressed on a set of dummies

relative to the breakpoint year. All regressions control for year and borough fixed effects and coefficients are percentage

point increases (or decreases) relative to the two years prior to the estimated breakpoint (i.e. the excluded category is t-1,t-2.
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Table 8: Structural Breakpoint Analysis

Panel A: OLS IV
Dependent Variable: 1(structural break) ∈ {-1,0,1} 1(structural break) ∈ {-1,0,1}

(1) (2) (3) (4) (5) (6)

∆ln(Income) 1.153 0.695 0.849 7.115 10.01 27.47
(0.25)∗∗∗ (0.24)∗∗∗ (0.41)∗∗ (2.09)∗∗∗ (6.49) (33.3)

Dist Midtown (miles) −0.081 −0.074 0.068 0.772
(0.01)∗∗∗ (0.02)∗∗∗ (0.11) (1.13)

Dist Midtown x −0.027 −3.557
∆ln(Income) (0.05) (6.54)

R2 0.11 0.30 0.30

F-stat 11.46 2.34 0.08
N 155 155 155 155 155 155

Breakpoint predictions generated from:
exogenous ∆ to LD:

positive negative neither
Predicted: 33 21 101
Estimated: 52 42 61
Matching: 29 11 48
Percentage: 57% 26% 78%

Panel B: OLS IV
Dependent Variable: 1(when change) ∈ {0,1} 1(when change) ∈ {0,1}

(1) (2) (3) (4) (5) (6)
(d ≥ 0) (d ≤ 0) (d ≥ 0) (d ≤ 0)

∆ ln(Income) 0.461 0.315 0.446 2.248 2.667 1.127
(0.12)∗∗∗ (0.14)∗∗ (0.13)∗∗∗ (0.55)∗∗∗ (0.56)∗∗∗ (1.40)

Dist Midtown (miles) −0.001 −0.003 −0.001
(0.00)∗∗∗ (0.00)∗∗∗ (0.001)

R2 0.01 0.03 0.01

F-stat 45.76 44.66 4.85
N 3,565 2,599 2,369 3,565 2,599 2,369

Notes: *** statistically significant at the 1% level; standard errors in parenthesis and clustered at the neigh-
bourhood level. Panel A: dependent variable is in indicator variable for a positive (+1), negative (−1), or
no breakpoint (0). Panel B: dependent variable is a {1,0} indicator equal to 1 in the year of the breakpoint
and zero otherwise. Columns (1) to (3) show the OLS relationship between price growth and income growth
over the entire sample period. Columns (4) to (6) show the instrumented relationship. In Panel B, Columns
(2) and (5) restrict the sample to those neighborhoods that have price growth trends that are rising after the
estimated breakpoint; columns (3) and (6) are those that are falling after the estimated breakpoint.
Interpretation: (Panel A, column (4)) a 1σ increase in predicted housing demand (Zj,t) → increases the prob-
ability that a neighbourhood does not decline (i.e. y = −1) by 44%.
(Panel B, column (5)) a 1σ increase in predicted housing demand (Zj,t) → increases the probability that a
neighbourhood has a positive structural breakpoint in any given year by 35%.
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Appendix

Figure A1: Elasticity of worker flows with respect to commute time
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Census Transportation Data (CTPP), 1990 mean SD min max

flows total workers leaving home during peak travel time 107 326 1 10,951
commute average commute time during peak travel time 40 18 1 90
κ decay parameter (estimated) -0.0259

Source: 1990 Census Transportation Planning Package

Figure A2: Example of Neighbourhoods with No Estimated Breakpoints
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Notes: An example of neighbourhoods with no statistically significant breakpoint. The top figure of both panels shows the house price
indexes with the smoothed local polynomials over which price growth trends are calculated; the price growth trends are in the bottom two
figures.

44



Figure A3: Employment Changes and Neighbourhood Demand

(a) Actual Employment Changes
(1990 to 2013)

(b) Predicted Employment Growth
(2013, based on 1990 industry shares)

(c) Predicted Housing Demand
(2013, based on 1990 industry shares)

Notes: The above figures depict labour market implications for the strength of the Bartik instrument. Figure (a) shows actual percentage
change in employment from 1990 to 2013 in each neighbourhood around NYC. Dark blue denotes big positive changes, dark red, denotes
big negative changes. Figure (b) shows the predicted employment growth by 2013 for each neighbourhood based on their 1990 industry
shares and national industry growth rates. Using the predicted employment growth and the distance between neighbourhoods, figure (c)
shows the spatial-Bartik instrument for income derived from housing demand.

Figure A4: First Stage Residuals
µn = ∆ln(Incomen,1990−2013)− γ̂Zn,2013

Notes: The above figure shows the first stays residuals from the
regression of neighbourhood income growth on the spatial Bartik
instrument. Dark blue denotes neighbourhoods for which the instru-
ment under predicts actual income growth, whereas dark red denotes
neighbourhoods whose actual income growth is over predicted.

Legend for Figures A3 and A4

Quantile of the distribution

1st (most positive)
2nd
3rd to 5th (positive)
6th to 8th (negative)
9th
10th (most negative)
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Figure A5: Changes to the Housing Supply Stock
(source: 1990 to 2010 census)
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Notes: The above figure displays changes in the distribution of owner-occupied housing units and renter occupied housing units
between 1990 and 2010 (as reported in the census). While the change in renter-occupied housing units is centred around zero,
the change in owner-occupied housing units is on average greater than zero.
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Table A1: Full List of Neighborhoods in New York City

Manhattan N = 21
Neighbourhood name census tracts Neighbourhood name census tracts

Battery Park City-Lower Manhattan 7 Midtown-Midtown South 16
Central Harlem 24 Morningside Heights 16
Clinton 7 Murray Hill-Kips Bay 6
East Harlem 19 SoHo-TriBeCa-Civic Center-Little Italy 10
East Village 7 Turtle Bay-East Midtown 10
Gramercy 4 Upper East Side-Carnegie Hill 14
Hudson Yards-Chelsea-Flatiron-Union Square 14 Upper West Side 16
Lenox Hill-Roosevelt Island 9 Washington Heights 23
Lincoln Square 8 West Village 14
Lower East Side (includes Chinatown) 16 Yorkville 9
Marble Hill-Inwood 7
Excluded from analysis:
Stuyvesant Town - Cooper Village (private residential development)

Brooklyn N = 41
Neighbourhood name census tracts Neighbourhood name census tracts

Bath Beach 11 Flatbush 26
Bay Ridge 28 Flatlands 26
Bedford 17 Georgetown-Mill Basin 19
Bensonhurst East 18 Gravesend 8
Bensonhurst West 26 Greenpoint 12
Borough Park 28 Homecrest 16
Brighton Beach (includes Coney Island) 18 Kensington-Ocean Parkway 8
Bushwick North 13 Madison 15
Bushwick South 20 Midwood 18
Canarsie 32 North Side-South Side 13
Carroll Gardens-Columbia Street-Red Hook 11 Ocean Hill (includes Brownsville) 24
Clinton Hill (includes Fort Greene) 18 Ocean Parkway South 9
Crown Heights North (includes Prospect Heights) 33 Park Slope-Gowanus 20
Crown Heights South (includes Wingate) 26 Rugby-Remsen Village 17
Cypress Hills-City Line 16 Sheepshead Bay-Manhattan Beach 18
Downtown Brooklyn (includes Brooklyn Heights) 17 Stuyvesant Heights 17
Dyker Heights 17 Sunset Park East 15
East Flatbush-Farragut 19 Sunset Park West 14
East New York 22 Williamsburg (includes East) 17
East New York (Pennsylvania Ave) 9 Windsor Terrace 6
Erasmus 7
Excluded from analysis:
Starrett City (housing development)

Bronx N = 23
Neighbourhood name census tracts Neighbourhood name census tracts

Allerton-Pelham Gardens 11 Parkchester 5
Bedford Park-Fordham North 11 Pelham Bay-Country Club-City Island 6
Belmont-East Tremont 17 Pelham Parkway 9
Bronxdale 8 Schuylerville-Edgewater Park 15
Claremont-Crotona-Melrose 21 Soundview-Bruckner 9
Concourse-Highbridge 27 Soundview-Harding Park 12
Eastchester-Baychester (includes Co-op city) 10 Van Nest-Morris Park 12

Continued on next page...
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... table continued

Fordham-University Heights (includes Mount Hope) 30 West Farms-Bronx River 7
Hunts Point-Longwood 13 Westchester-Unionport 7
Kingsbridge Heights-Norwood 12 Williamsbridge-Olinville 20
Melrose-Mott Haven 19 Woodlawn-Wakefield 14
North Riverdale-Kingsbridge (includes Van Cortlandt) 27
Excluded from analysis:
Rikers Island (jail complex)

Queens N = 54
Neighbourhood name census tracts Neighbourhood name census tracts

Astoria (includes Long Island City) 30 Jamaica Estates-Holliswood 8
Auburndale 7 Kew Gardens Hills 9
Baisley Park 16 Laurelton 11
Bayside-Bayside Hills 18 Lindenwood-Howard Beach 4
Bellerose 6 Maspeth 14
Breezy Point-Broad Channel 7 Middle Village 16
Briarwood-Jamaica Hills 11 Murray Hill 13
Cambria Heights 13 North Corona 9
College Point 6 Oakland Gardens 6
Corona 10 Old Astoria 8
Douglas Manor-Douglaston-Little Neck 6 Ozone Park 6
East Elmhurst 8 Pomonok-Flushing Heights-Hillcrest 7
East Flushing 12 Queens Village 20
Elmhurst 17 Queensboro Hill 5
Elmhurst-Maspeth 6 Rego Park 8
Far Rockaway-Bayswater 8 Richmond Hill 32
Flushing 13 Ridgewood 18
Forest Hills 24 Rosedale 6
Fresh Meadows-Utopia 4 South Jamaica 14
Ft. Totten-Bay Terrace-Clearview 5 South Ozone Park 25
Glen Oaks-Floral Park-New Hyde Park 4 Springfield Gardens North 3
Glendale 13 Springfield Gardens South-Brookville 5
Hammels-Arverne-Edgemere 7 St. Albans 22
Hollis 9 Steinway 16
Hunters Point-Sunnyside-West Maspeth 18 Whitestone 8
Jackson Heights 19 Woodhaven 20
Jamaica 14 Woodside 12
Excluded from analysis:
Airports (both JFK and LGA)

Staten Island N = 18
Neighbourhood name census tracts Neighbourhood name census tracts

Annadale-Huguenot-Prince’s Bay-Eltingville 6 New Springville-Bloomfield-Travis 9
Arden Heights 4 Oakwood-Oakwood Beach 5
Charleston-Richmond Valley-Tottenville 4 Old Town-Dongan Hills-South Beach 5
Grasmere-Arrochar-Ft. Wadsworth 4 Port Richmond 4
Great Kills 8 Rossville-Woodrow 3
Grymes Hill-Clifton-Fox Hills 4 Stapleton-Rosebank 8
Mariner’s Harbor-Arlington 8 Todt Hill-Heartland Village 7
New Brighton-Silver Lake 5 New Brighton-St. George 11
New Dorp-Midland Beach 5 Westerleigh 7
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Table A2: Descriptive Statistics

Panel A: New York City Sales Data

Mean Sd Median Mean Sd Median
(2014 $) (2014 $)

NEW YORK CITY Manhattan
1974 $148,321 $106,454 $136,195 1974 $167,334 $307,655 $164,854
2014 $709,941 $1,313,377 $395,000 2014 $1,944,913 $2,579,746 $1,195,000

Total Observations 1,261,067 159,646

Brooklyn Bronx
1974 120,746 90,386 104,578 1974 118,842 74,607 107,011
2014 510,393 534,754 375,000 2014 222,619 184,925 183,667

Total Observations 365,477 113,157

Queens Staten Island
1974 169,729 93,892 160,516 1974 187,515 94,228 187,268
2014 417,129 265,940 363,500 2014 356,802 193,142 335,000

Total Observations 462,801 159,986

Panel B: Mortgage Application Data

Mean Sd Median Mean Sd Median
(2014 $) (2014 $)

NEW YORK CITY Manhattan
1990 $168,940 $295,380 $117,730 1990 $288,720 $508,230 $172,070
2014 $271,330 $482,830 $145,000 2014 $486,650 $733,600 $265,000

Total Observations 557,260 152,982

Brooklyn Bronx
1990 128,810 120,790 106,870 1990 121,920 107,760 101,430
2014 244,060 321,220 162,000 2014 113,158 90,800 86,500

Total Observations 121,322 44,041

Queens Staten Island
1990 132,890 194,780 108,680 1990 139,170 192,120 113,110
2014 123,720 103,090 99,000 2014 143,580 150,220 123,000

Total Observations 180,791 58,124

Notes: The above table presents descriptive statistics for the New York City sales data (Panel A) and the Housing and Mortgage

data (Panel B). All values are in real 2014 $. The sales data ranges from 1974 to 2014, while the mortgage data ranges from 1990

to 2014.

49



Table A3: Descriptive Statistics
New York City Employment Data

Mean SD Min Max ∆ln(NYC) ∆ln(US)

Total employment:
1990 19,411 41,674 824 333,995
2013 21,864 47,818 1,320 402,121 0.17 0.24

Agriculture:
1990 32 89 0 1001
2013 0.62 4 0 42 -2.85 -1.61

Mining:
1990 10 59 0 723
2013 0.98 6 0 78 -2.12 -0.01

Utilities:
1990 415 1,102 4 8303
2013 1,035 3,560 1 31,250 0.05 1.03

Construction:
1990 787 1,168 33 9,662
2013 808 1,206 57 8,209 0.08 -0.06

Manufacturing (non-durable goods:)
1990 1,291 3,013 0 23,290
2013 268 544 0 4,424 -1.57 -0.34

Manufacturing (durable goods:)
1990 754 1,195 0 7,552
2013 186 347 0 2,359 -1.56 -0.29

Transportation:
1990 806 1,557 5 11,237
2013 494 747 10 4,599 -0.41 -0.34

Wholesale Trade:
1990 1,363 4,028 9 43,039
2013 1,089 3,317 2 33,293 -0.37 -0.17

Retail Trade:
1990 2,668 4,335 111 39,825
2013 2,216 3,390 226 26,870 -0.16 -0.38

Finance and Real Estate:
1990 2,598 11,100 9 105,211
2013 2,643 10,108 13 77,150 0.20 0.40

Business Services:
1990 1,539 5,260 23 45,649
2013 1,557 4,766 50 42,526 0.24 -0.17

Professional Services:
1990 2,481 9,271 32 88,832
2013 4,804 13,296 259 109,458 1.02 0.79

Personal Services:
1990 711 1,949 0 17,166
2013 2,602 5,662 144 39,714 1.36 1.02

Health Care:
1990 2,012 3,289 26 19,723
2013 2,418 2,514 56 14,647 0.41 0.82

Education:
1990 1,509 2,023 61 11,663
2013 980 1,651 19 9,710 -0.76 0.09

Arts and Entertainment:
1990 431 1,391 0 13,002
2013 760 2,274 0 18,621 0.24 -0.20

Notes: The above table presents descriptive statistics for the New York City Employment
Data by borough.
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Table A4: Average Price Growth at Estimated Breakpoints

Growing relative to NYC Declining relative to NYC
PGy<y∗∗ < PGy>y∗∗ PGy<y∗∗ > PGy>y∗∗

1974 to 2014 1990 to 2014 at breakpoint 1974 to 2014 1990 to 2014 at breakpoint
(1) (2) (3) (4) (5) (6)

NYC
mean 66.81% 75.88% 1.08% - 67.41% - 68.17% - 1.20%

SD (0.63) (0.78) (0.01) (0.22) (0.22) (0.01)
N = 52 N = 42

Manhattan
mean 86.80% 109.40% 1.39% - - -

SD (0.62) (0.85) (0.01) - - -
N = 19

Brooklyn

mean 70.88% 75.04% 1.14% - 73.75% - 71.09% - 1.19%
SD (0.68) (0.75) (0.01) (0.23) (0.30) (0.01)

N = 22 N = 10

Bronx
mean - 4.88% 2.32% -0.03% - 75.79% - 77.00% - 1.21%

SD (0.20) (0.13) (0.01) (0.13) (0.11) (0.01)
N = 3 N = 6

Queens

mean 37.49% 20.12% 0.62% - 62.32% - 64.22% - 1.13%
SD (0.20) (0.16) (0.04) (0.24) (0.23) (0.01)

N = 8 N = 23

Staten Island
mean - - - 68.95% - 71.09% - 1.72%

SD - - - (0.06) (0.05) (0.01)
N = 3

Notes: This table presents a by borough summary of the estimated breakpoints and the corresponding change in house price indices. The

first three columns are averages of changes in neighborhoods that are growing quicker than the NYC average, while the last three columns

are averages of changes in neighborhoods that are growing slower than NYC. Of the 156 neighborhoods, 94 have a statistically significant

structural break in their house price appreciation rates. Columns (1) and (4) present the average growth rate over the entire sample; columns

(2) and (5) restrict the growth to between 1990 and 2014; columns (3) and (6) presents the growth in the year of the estimated structural

break only. In New York City, in appreciating neighborhoods, prices grew on average by 75.88 percent between 1990 and 2014; meanwhile

in depreciating neighborhoods, prices fell by 68.17 percent.
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Table A5: Price Changes around Estimated Breakpoints (for all neighborhoods)

PG higher after estimated breakpoint:
%∆HPI

borough neighborhood 1974 to 2014 1990 to 2014 at breakpoint breakpoint year

MN Central Harlem 221.68 324.31 2.87 1997
MN Washington Heights 203.06 244.29 2.39 1997
BK Windsor Terrace 184.91 206.10 2.30 1998
BK Park Slope-Gowanus 180.23 200.83 3.14 1999
MN Morningside Heights 179.79 201.27 2.15 1996
BK Greenpoint 167.10 177.38 2.73 2001
BK Williamsburg 158.27 142.55 1.82 1999
BK Carroll Gardens-Red Hook 147.48 166.44 2.00 1996
BK Clinton Hill 138.80 159.01 1.96 1997
BK Downtown BK 127.96 152.54 1.82 1996
MN East Harlem 122.76 155.81 2.86 1997
MN West Village 119.05 209.21 1.51 1993
MN Lower East Side 104.43 85.21 2.39 2001
MN Hudson Yards-Chelsea-Flatiron 98.86 144.32 1.13 1994
BK Sunset Park West 98.44 88.72 1.79 2000
MN SoHo-TriBeCa-Little Italy 96.49 112.28 2.01 2002
BK Sunset Park East 82.77 72.91 1.91 2001
QN Hunters Point-West Maspeth 75.18 50.47 1.25 2000
MN Upper West Side 66.21 92.99 0.6 1994
BK North Side-South Side 64.26 114.35 1.23 2005
MN East Village 58.24 98.89 2.08 2004
BK Bushwick North 56.86 69.61 1.12 2003
MN Midtown-Midtown South 55.25 53.18 0.99 2001
MN Gramercy 51.95 79.35 1.51 2002
BK Crown Heights North 50.62 70.31 0.42 1989
QN Steinway 46.63 22.94 0.84 2001
QN Ridgewood 44.41 32.57 0.62 2000
QN Old Astoria 43.44 19.35 0.68 1999
MN Murray Hill-Kips Bay 42.05 53.35 0.85 2001
QN Astoria 41.26 20.38 0.61 1999
MN Clinton 40.45 51.37 0.84 2001
MN Upper East Side-Carnegie Hill 35.23 48.24 1.01 2002
QN Flushing 29.73 15.29 0.73 2001
BK Crown Heights South 29.64 31.17 0.69 2001
BK Bensonhurst West 28.41 20.78 0.34 2001
MN Yorkville 23.73 38.05 0.33 2000
BK Flatbush 23.1 23.61 0.49 2000
MN Lincoln Square 23.1 69.81 0.78 2003
MN Turtle Bay-East Midtown 20.17 20.33 0.4 2000
BX Kingsbridge Heights-Norwood 18.03 14.63 0 1986
BK Gravesend 17.22 11.04 0.25 2000

Continued on next page...
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... table continued

PG lower after estimated breakpoint:
%∆HPI

borough neighborhood 1974 to 2014 1990 to 2014 at breakpoint breakpoint year

QN South Jamaica -105.68 -106.29 -1.79 2003
QN Baisley Park -100.39 -100.43 -2.12 2003
BK East New York -100.13 -100.14 -2.56 2004
QN Hammels-Arverne-Edgemere -99.59 -99.56 -2.73 2004
BK East New York (Pennsylvania Ave) -98.74 -98.44 -1.81 2003
BK Ocean Hill -92.64 -90.21 -1.48 2002
BK Canarsie -91.94 -92.27 -1.88 1997
BX Williamsbridge-Olinville -88.31 -88.35 -1.50 1997
QN Springfield Gardens North -86.88 -86.64 -1.79 2004
BX Eastchester-Edenwald-Baychester -84.42 -84.97 -1.72 1997
QN St. Albans -80.95 -80.25 -2.27 2004
QN Far Rockaway-Bayswater -79.51 -80.19 -0.56 2003
BX Van Nest-Morris Park -77.76 -78.41 -0.62 1995
BX Westchester-Unionport -77.27 -77.62 -1.63 1996
BK East Flatbush-Farragut -76.08 -77.71 -0.94 1995
SI New Brighton -75.56 -76.77 -1.87 2005
QN Cambria Heights -74.86 -74.72 -1.15 1996
BX Woodlawn-Wakefield -73.47 -74.28 -1.48 1996
BK Rugby-Remsen Village -71.05 -72.90 -0.64 1995
BK Cypress Hills-City Line -69.52 -71.87 -1.26 2004
QN Jamaica -69.45 -70.71 -1.74 2004
QN Rosedale -69.4 -70.24 -0.84 1995
QN Springfield Gardens South-Brookville -67.7 -67.73 -1.91 2004
SI Mariner’s Harbor -67.5 -70.58 -0.74 1992
QN Hollis -66.23 -65.7 -1.57 2004
SI Port Richmond -63.78 -65.93 -2.55 2003
QN South Ozone Park -60.48 -60.35 -1.28 2004
QN Breezy Point-Rockaway Park- -59.59 -61.02 -0.76 2005
BK Flatlands -59.31 -61.09 -0.96 1995
QN Queens Village -56.07 -55.63 -1.01 2004
QN Laurelton -53.51 -55.63 -0.49 1995
BX Bronxdale -52.33 -58.37 -0.31 1994
QN Woodhaven -51.46 -54.2 -1.21 2005
BK Bushwick South -49.63 -37.93 -0.22 2001
QN Richmond Hill -49.37 -49.93 -1.11 2004
QN Briarwood-Jamaica Hills -49.18 -52.82 0.09 1991
QN Ozone Park -47.26 -50.15 -1.21 2005
QN East Elmhurst -41.83 -48.83 0.01 2003
QN Corona -40.11 -48.5 -0.64 2004
BK Stuyvesant Heights -28.51 -8.32 -0.18 2004
QN North Corona -18.3 -29.04 0.09 2002
QN Forest Hills -5.65 -8.54 0 2008
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Table A6: Descriptive Statistics
Spatial-Bartik Instrumental Variable

base year = 1990 industry composition

1994 2004 2013

own-Bartik (zit):

largest Clifton-Fox Hills, SI 0.101 Battery Park, MN 0.332 Battery Park, MN 0.349

median Cypress Hills, BK 0.032 Clinton, MN 0.082 Elmhurst, QN 0.089

smallest Whitestone, QN -0.032 Baisley Park, ON -0.097 Rosedale, QN -0.160

mean: 0.031 mean: 0.088 mean: 0.097

SD: 0.021 SD: 0.083 SD: 0.106

spatial-Bartik (Zj,t)

largest Bay Ridge, BK 1.858 Bay Ridge, BK 5.002 Bay Ridge, BK 5.486

median Homecrest, BK 1.034 Westchester, BX 2.840 Woodlawn, BX 3.070

smallest Cambria Heights, QN 0.187 Arden Heights, SI 0.476 Cambria Heights, QN 0.397

mean: 1.041 mean: 2.840 mean: 3.066

SD: 0.362 SD: 1.066 SD: 1.208

Notes: The above table presents descriptive statistics of the spatial-Bartik instrument for predicted housing demand in a neighbourhood
for 1994, 2004, and 2013.

Table A7: Descriptive Statistics
Price Growth and Income Data for Empirical Analysis

1990 to 2010

Variable mean SD min max N source

%∆HPI1990−2010 1.965 1.061 0.192 6.412 155 NYC Sales Data

%∆avg home value1990−2010 1.707 1.261 0.453 7.375 155 Census

%∆avg rent1990−2010 0.192 0.124 -0.114 0.630 155 Census

%∆Income1990−2010 0.172 0.256 -0.320 1.280 155 HMDA

%∆avg income1990−2010 0.061 0.172 -0.230 0.945 155 Census

%∆HPIt,t−1 -0.006 0.026 -0.135 0.118 3,720 NYC Sales Data

%∆Incomet,t−1 0.008 0.018 -0.070 0.106 3,565 HMDA

%∆Qtotalunits,1990−2010 0.147 0.154 -0.084 1.222 155 Census

%∆own occ. units1990−2010 0.255 0.218 -0.097 1.392 155 Census

%∆rent occ. units1990−2010 0.041 0.178 -0.406 1.008 155 Census

Notes: The above table presents descriptive statistics for changes in neighbourhood house prices, average
rents, and average incomes as reported in the NYC Sales Data, the HMDA data, or the Census Data.
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Table A8: Income Driven House Price Growth (% ∆ 1990 to 2010)
(comparison with decadal census data (% ∆ 1990 to 2010) )

Panel A: OLS IV
Dependent Variable: Price Growth Price Growth

(1) (2)† (3)‡ (4) (5)† (6)‡

(Table ??) (Table ??)

∆ln(Income) 0.844 4.110 2.385 3.790 7.636 10.010
(0.15)∗∗∗ (0.59)∗∗∗ (0.41)∗∗∗ (1.10)∗∗∗ (1.09)∗∗∗ (2.48)∗∗∗

R2 0.26 0.49 0.25

F-stat: 11.46 29.88 14.23
N 155 155 155 155 155 155

Notes: *** statistically significant at the 1% level; robust standard errors in parenthesis.
† Decadal census income changes
‡ Decadal census average house prices; no quality controls
Columns (1) and (4) reproduce the baseline results from Table 3. Columns (2) and (5) use changes in average
incomes from the census in place of the HMDA data, while columns (3) and (6) use changes in average house
prices from the census as opposed to the NYC Sales data. While the magnitudes of the coefficients are larger
in the census, the interpretations are quite similar (recall that the NYC Sales data has been detrended from the
NYC mean).
Interpretation: (column 3) a 1σ increase in ∆ln(Income)→ 0.42σ increase in price growth;
(column 6): a 1σ increase in Zj,t → 0.49σ increase in price growth.
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Table A9: Robustness to Finance and CBD Distance

Panel A: IV
Dependent Variable: PriceGrowthn,∆(1990to2010)

(1) (2) (3) (4)
Baseline w/out w/out Baseline
(Table 3) Finance Midtown

∆ln(Income) 3.790 3.821 3.810 4.457
(1.10)*** (1.16)*** (1.11)*** (2.22)**

Manhattan -0.256
fixed effect (0.58)

F-stat 11.46 10.66 11.10 3.11
N 155 155 155 155

Panel B: IV
Dependent Variable: PriceGrowthn,t

(1) (2) (3) (4)
Baseline w/out w/out Baseline
(Table 5) Finance Midtown

∆ln(Income) 3.790 3.810 3.805 4.584
(0.95)*** (1.01)*** (0.97)*** (1.85)**

Manhattan -0.020
fixed effect (0.03)

F-stat 14.24 12.92 13.68 5.15
N 3,565 3,565 3,565 3,565

Notes: *** statistically significant at the 1% level; standard errors in parenthesis
and clustered at the neighbourhood level where appropriate. The dependent variable
in Panel A is the price growth between 1990 and 2010; the dependent variable in
Panel B is the annual price growth. Columns (1) reproduce the results from Tables
3 and 5; columns (2) exclude finance and real estate from the instrumental variable
while columns (3) exclude Midtown (the CBD). Columns (4) include a dummy variable
equal to 1 for neighbourhoods in Manhattan, and 0 otherwise. Results are robust across
specifications.
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Table A10: Average Income Growth at Estimated Breakpoints

Growing relative to NYC Declining relative to NYC

PGy<y∗∗ < PGy>y∗∗ PGy<y∗∗ > PGy>y∗∗

1990 to 2014 at breakpoint after breakpoint 1990 to 2014 at breakpoint after breakpoint

(1) (2) (3) (4) (5) (6)

NYC

mean 32.13% 1.52% 23.20% 8.15% 1.08% -1.81%

SD (0.29) (0.02) (0.20) (0.23) (0.02) (0.21)

N = 52 N = 42

Manhattan

mean 34.95% 1.65% 21.17% - - -

SD (0.30) (0.03) (0.14) - - -

N = 19

Brooklyn

mean 39.44% 1.85% 27.78% 18.44% 1.38% 2.28%

SD (0.26) (0.01) (0.23) (0.19) (0.01) (0.20)

N = 22 N = 6

Bronx

mean -8.93% -1.75% -13.32% -9.27% 0.33% -8.52%

SD (0.10) (0.00) (0.00) (0.20) (0.01) (0.16)

N = 3 N = 6

Queens

mean 17.97% 0.83% 21.68% 7.70% 1.27% -3.23%

SD (0.28) (0.02) (0.22) (0.25) (0.02) (0.23)

N = 8 N=23

Staten Island

mean - - - 12.11% 0.14% 8.84%

SD - - - (0.07) (0.00) (0.08)

N = 3

Notes: This table presents a by borough summary of the contemporaneous income changes around the estimated breakpoints. The first three

columns are averages of changes in neighborhoods that are growing quicker than the NYC average, while the last three columns are averages of

changes in neighborhoods that are growing slower than the NYC average. Of the 156 neighborhoods, 94 have a statistically significant structural

break in their house price appreciation rates. Columns (1) and (4) present the average income growth over the entire sample; columns (2) and

(5) present the income growth in the year of the estimated structural break only; columns (3) and (6) present the average income growth in years

following the structural breakpoint. In New York City, in appreciating neighborhoods, incomes grew on average by 32.13 percent percent between

1990 and 2014; meanwhile in depreciating neighborhoods, incomes grew by 8.15 percent.
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Table A11: Income Changes around Estimated Breakpoints (for all neighborhoods)

PG higher after estimated breakpoint:
∆ln(Income)

borough neighborhood 1990 to 2014 at breakpoint after breakpoint breakpoint year

MN SoHo-TriBeCa-Little Italy 131.49 10.38 41.82 2002
BK North Side-South Side 77.82 3.07 30.23 2005
MN Lincoln Square 69.26 4.38 24.7 2003
BK Park Slope-Gowanus 68.22 3.94 52.44 1999
BK Clinton Hill 65.60 2.95 54.70 1997
BK Greenpoint 63.81 2.09 34.17 2001
MN Upper West Side 62.61 2.24 55.27 1994
BK Windsor Terrace 61.79 1.86 57.92 1998
QN Hunters Point-West Maspeth 61.12 1.46 59.37 2000
BK Carroll Gardens-Red Hook 59.80 1.27 57.01 1996
BK Bushwick North 59.44 4.26 31.33 2003
BK Williamsburg 58.49 4.14 61.78 1999
BK Downtown BK 54.16 0.52 55.75 1996
MN Clinton 51.47 2.33 26.98 2001
MN Lower East Side 51.01 1.85 27.45 2001
MN Central Harlem 48.18 1.83 32.02 1997
BK Sunset Park West 45.11 3.05 31.98 2000
QN Ridgewood 41.70 3.36 35.03 2000
MN Murray Hill-Kips Bay 38.28 3.30 18.66 2001
MN Yorkville 34.68 1.96 33.54 2000
QN Old Astoria 30.69 2.16 33.52 1999
QN Steinway 30.02 2.63 23.41 2001
MN Midtown-Midtown South 29.58 1.16 16.45 2001
BK Crown Heights South 28.93 2.90 23.44 2001
MN Morningside Heights 27.23 1.1 18.89 1996
MN Washington Heights 27.1 1.5 28.20 1997
MN Turtle Bay-East Midtown 22.29 1.23 12.2 2000
BK Bensonhurst East 20.7 0.85 14.09 1997
BK Flatbush 18.73 0.76 17.27 2000
BK Bensonhurst West 17.82 0.61 9.24 2001
MN Upper East Side-Carnegie Hill 17.18 0.51 8.64 2002
MN Gramercy 13.43 0.46 6.71 2002
MN West Village 11.64 0.54 9.94 1993
MN Battery Park City-Lower Manhattan 11.57 0.43 7.42 1998
BK Bay Ridge 6.61 0.41 1.25 2010
MN Hudson Yards-Chelsea-Flatiron 6.56 0.28 5.39 1994
BK Gravesend 5.86 2.67 -3.04 2000
MN East Harlem 5.79 -4.3 26.04 1997
BK Sunset Park East 5.04 0.15 2.68 2001
QN Astoria 4.67 -0.85 24.61 1999
MN East Village 4.67 0.19 1.97 2004

Continued on next page...
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... table continued

PG lower after estimated breakpoint:
∆ln(Income)

borough neighborhood 1990 to 2014 at breakpoint after breakpoint breakpoint year

QN Jamaica -33.89 -0.04 -40.39 2004
QN Corona -32.03 -1.41 -27.75 2004
QN North Corona -31.09 1.44 -42.14 2002
BX Williamsbridge-Olinville -29.32 1.58 -27.91 1997
BX Eastchester-Edenwald-Baychester -23.27 -1.05 -15.06 1997
BX Bronxdale -23.13 -0.30 -21.18 1994
QN Briarwood-Jamaica Hills -12.56 -0.37 -12.19 1991
QN Laurelton -3.99 0.52 -0.86 1995
BK East New York -3.00 1.07 -43.13 2004
BX Woodlawn-Wakefield -1.19 -0.05 -0.87 1996
QN South Jamaica 0.72 3.91 -26.58 2003
QN Breezy Point-Broad Channel 1.18 0.05 0.45 2005
BX Westchester-Unionport 1.73 0.84 -0.80 1996
QN Hollis 2.14 0.08 0.92 2004
BK East Flatbush-Farragut 2.24 0.7 1.14 1995
QN East Elmhurst 2.42 5.12 -26.01 2003
QN Woodhaven 3.16 0.9 -16.03 2005
QN Forest Hills 3.32 0.61 0.47 2008
QN Rosedale 3.78 0.16 2.79 1995
SI New Brighton 4.39 0.11 2.28 2005
BK Canarsie 4.94 0.20 2.47 1997
BK Flatlands 6.03 0.69 5.34 1995
QN Richmond Hill 7 0.55 0.15 2004
QN Queens Village 8.28 0.16 3.98 2004
BK Cypress Hills-City Line 9.22 0.30 4.02 2004
QN Springfield Gardens South-Brookville 11.2 1.17 -3.66 2004
QN Baisley Park 11.42 1.15 0.43 2003
SI Port Richmond 14.38 0.47 5.89 2003
BK Ocean Hill 15.38 2.02 -8.72 2002
SI Mariner’s Harbor 17.55 -0.17 18.34 1992
BX Van Nest-Morris Park 19.58 0.93 14.7 1995
QN Ozone Park 19.94 1.25 0.74 2005
QN St. Albans 20.99 1.29 4.57 2004
QN Cambria Heights 21.14 0.91 17.09 1996
QN South Ozone Park 22.44 1.92 2.06 2004
BK Rugby-Remsen Village 22.54 0.60 20.8 1995
QN Springfield Gardens North 24.98 2.08 -3.63 2004
BK Bushwick South 25.7 0.86 14.25 2001
QN Hammels-Arverne-Edgemere 40.9 3.65 19.43 2004
BK Stuyvesant Heights 43.54 4.83 -4.67 2004
BK East New York (Pennsylvania Ave) 57.79 2.56 31.3 2003
QN Far Rockaway-Bayswater 85.66 4.18 71.87 2003
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A1 Constructing the house price index

To construct the repeat sales index, I use the procedure suggested by Case and Shiller (1989) and

modified by Quigley and Van Order (1995). This is also the procedure used by the Furman Center in

their annual report,State of New York City’s Housing and Neighbourhoods (NYU Furman Center).

The repeat sales index is created using a weighted regression, constructed in three stages.

In the first stage, I regress the change in price between sales on a set of dummy variables for each

year in the sample (equation (1) below). The dummy variables equal +1 for the year of the second

sale, -1 for the year of the first sale, and zero otherwise. In all cases, 2000 is used as the base

year.

Taking the predicted errors from the first step, the second stage regresses the difference between the

predicted sales price in the first stage and the actual sale price on both the time interval between

sales and the squared time interval between sales (equation (2) below). This constructs the variance

matrix used to weight the regressors in Step 3.

The third stage then re-estimates the first stage, weighting each observation by the inverse of the

square root of the variance predicted in the second stage (equation (3) below). In doing so, the

weighted sum of squared residuals is minimized. This mechanically puts more weight on properties

that sold more frequently and gives lower weight to those properties that have longer lags between

sales.

Step 1: log(pricet)− log(pricet−1) = 1[year = 1974, year = 2014]

→ predict, ê

Step 2: ê = β1(elapsed years) + β2(elapsed years)2

→ predict, µ̂

→ weight = µ̂2

Step 3: log(pricet)− log(pricet−1) = 1[year = 1974, year = 2015],

aweight = 1/weight
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