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I use a simple simulation model to roughly quantify these migratory connections under a range of assumptions.
Constructing a new market-rate building that houses 100 people ultimately leads 45 to 70 people to move out of
below-median income neighborhoods, with most of the effect occurring within three years. These results suggest

that the migration ripple effects of new housing will affect a wide spectrum of neighborhoods and loosen the

low-income housing market.

1. Introduction

There are a variety of approaches to affordable housing policy. Many
government interventions, such as constructing affordable units or re-
quiring income-restricted units in new developments, directly add to the
stock of affordable housing. Another set of strategies encourage market-
rate housing construction through relaxed land-use regulation or subsi-
dies. Because most new construction is expensive, the latter approach
only indirectly affects the stock of affordable housing. These indirect
“filtering” effects are nuanced and difficult to observe, but they are cru-
cial for understanding the relative merits of the two approaches and
formulating optimal housing policy.

A long, largely theoretical literature has considered filtering in a va-
riety of models (Sweeney, 1974; Braid, 1981; Nathanson, 2019). In the
long run, new housing can depreciate and gradually become affordable,
as shown empirically by Weicher et al. (2010); Rosenthal (2014), and
Liu et al. (2020). In the short run, new housing can affect existing units
by causing a reallocation of people across submarkets.! Households who
would have otherwise occupied cheaper units move into new units, re-
ducing demand and prices for the housing they leave vacant. The pro-

cess iterates when a second round of households moves into the units
the first round left vacant, creating what is sometimes called a migra-
tion or vacancy chain. There is little empirical evidence on this short-run
reallocation, although it is crucially important to policymakers seeking
quick relief to declining housing affordability.

In this paper, I help fill this gap in the literature by using new
data on individual address histories to directly study the migration
chains started by new housing. My main exercises leverage this data to
compute descriptive statistics that provide new insights into this long-
hypothesized but empirically elusive mechanism. I then use a stylized
simulation model to provide ballpark estimates of how these chains af-
fect the low-income housing market. The paper also adds to scholar-
ship on land-use regulation (reviewed by Gyourko and Molloy, 2015) by
studying migration mechanisms and using a new empirical approach.”

My primary contribution is to document the sequences of moves
sparked by new housing construction. I use address history data from
Infutor Data Solutions to identify 686 large new market-rate multifam-
ily buildings in 12 large central cities and track 52,000 of their cur-
rent residents to their previous building of residence. I then find the
tenants currently living in those buildings and track them to their pre-
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1 Grigsby (1963) was perhaps the first to formulate the theory of housing submarkets, and Rothenberg et al. (1991) further develop the idea into a model of a
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vious residence (reweighting accordingly) and iterate for six rounds.
When computing statistics about each round, I include only chains I can
track to that round and, to prevent contamination from demographic
differences across metros, only migrants from the same metropolitan
area.

New building residents largely originate from nearby high-income
areas. Sixty-seven percent arrive from within the same metro, and only
20% of those within-metro arrivals originate in below-median income
tracts. However, the proportion from low-income areas rises steadily
to 40% in round six, and similar patterns emerge for other neighbor-
hood income or demographic thresholds. The chains also diffuse ge-
ographically—the sixth round has about the same suburban share as
the metropolitan area as a whole. This exercise suggests that the real-
location resulting from new housing construction spans a diverse set
of neighborhoods and is likely to loosen a wide spectrum of housing
submarkets.>

My second contribution is a set of simulation estimates of how new
high-end construction affects the low- and middle-income housing mar-
kets. The simulation is similar in spirit to the previous exercise but adds
two key factors. First, instead of constructing the next round of a chain
based on a household’s origin unit, I use a calibrated estimate of where
the household would have lived in a counterfactual world with no con-
struction. For example, consider empty-nesters who moved from a sub-
urb to a new building, but would have moved to some part of the city
anyway. The next round of chain is the unit they would have moved to
otherwise, not the suburban origin unit. Second, a chain can end if, for
example, new construction induces household formation or migration
from outside the metro.

Because these factors are unobservable and difficult to estimate, I
run the simulation under a range of calibrations. The baseline, best
suited to a marginal increase in supply, is the following. First, had
the new buildings not been constructed, households would have lived
in a neighborhood that is one decile higher in the metropolitan in-
come distribution than their origin, but similar on other character-
istics. Second, chains end due to unfilled vacancies resulting from
matching frictions or landlord market power (proxied by neighbor-
hood average vacancy rates), but there is no endogenous increase in
out-of-metro migration or household formation in response to the new
construction.

In the baseline, seventy percent of migration chains started by a new
high-end unit reach a below-median income neighborhood before end-
ing, implying that building 100 new units reduces demand for these
areas by 70. Assuming that reducing demand and increasing supply
have symmetric price effects, this can be interpreted as equivalent to
adding 70 depreciated units in below-median income areas. In a more
conservative specification that allows for some endogenous household
formation and out-of-metro migration, more accurately capturing the
effects of a larger supply increase, the percent of chains reaching below-
median income areas falls to 45. For bottom-quintile income neighbor-
hoods, these two calibrations return estimates of 40% and 17%. These
estimates provide important context to the descriptive results—the ob-
served migratory connectivity is strong enough that chains frequently
reach low-income areas even under conservative assumptions. More-
over, the simulation implies that nearly all of the effect occurs within
five years.

Finally, my third contribution is documenting migratory connectiv-
ity across neighborhoods more generally. Migration between neighbor-
hoods with moderately different characteristics is quite common—for
example, individuals originating in the fifth income decile frequently
move to the fourth or seventh decile, but rarely the tenth or first. This
helps reinforce the migration chain results, and it also suggests that

3 These results broaden a small literature that computes similar statistics by sequen-
tially interviewing a small sample of households (Kristof, 1965; Lansing et al., 1969) or
examining administrative records in a single Scandinavian city (Turner, 2008; Turner and
Wessel, 2019).
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other spatially concentrated shocks may diffuse across very different
neighborhoods through a short series of common moves. This adds a
new measure of connectivity within cities to a growing literature that
has previously considered housing search (Piazzesi et al., 2020) and so-
cial networks (Bailey et al., 2020).

Together, these results suggest that new market-rate housing con-
struction loosens the market for middle- and low-income housing, even
in the short run, pointing to an important role for policies that increase
construction. However, I do not estimate price effects, which are par-
ticularly unclear in neighborhoods where rents are already close to op-
erating costs, leaving little room for reduced demand to lower them
further. In addition, the endogenous response of out-of-metro migration
and household formation may strengthen over time, moderating afford-
ability effects in the long run.

2. Data
2.1. Infutor data

My primary data source is individual address histories from Infutor
Data Solutions. Infutor constructs this information from various record
sources—USPS change of address forms, county assessors, magazine
subscriptions, et cetera. Addresses are reported at the building level (or
even unit level in some cases) and are accompanied by an estimated ar-
rival date. However, the data has poor coverage of people under age 25
and limited housing characteristics. I thus classify units based on their
census tract characteristics, as measured in the 2013-2017 American
Community Survey (ACS). Holding neighborhood characteristics fixed
at their most recent values reduces the risk of misclassifying areas that
gentrified during the sample period as low-income.

In the Appendix, I examine selection into the Infutor data. The data
performs well, with the median tract containing 0.88 observations per
individual over 25 reported in the Census and little correlation between
coverage and demographic characteristics. Diamond et al. (2019) and
Phillips (2020) provide further validation of the data.

2.2. New market-rate buildings

I identify new market-rate buildings using the Infutor data. I first
collapse the individual-level data by street address and keep buildings
with over 16 individuals (which, given Infutor’s coverage rate, implies
over 20 residents). I then identify new buildings as those where over
90% of current residents moved in since 2009 and keep only those that
are within five miles of the central business district. In order to focus
on the high-cost buildings that are most removed from the low-income
market, as well as at the center of the policy debate, I keep only tracts
that are above the metro median in either median household income
or income per capita. Finally, I drop buildings—such as subsidized or
student housing and homeless shelters—that meet the previous criteria
but are not market-rate. The algorithm identifies both rental and owner-
occupied buildings, as well as renovations of previously non-residential
buildings. I include twelve large Core-Based Statistical Areas (CBSAs)
with well-defined city centers: New York City, Chicago, Dallas, Hous-
ton, Washington, Philadelphia, Atlanta, Boston, San Francisco/Oakland,
Denver, Seattle, and Minneapolis.

This yields 686 market-rate multifamily buildings (containing
52,432 individuals) constructed since 2009. Table 1 shows that all cities
in the sample are well-represented and that buildings are in tracts with
very high income and rent. Appendix Table A.1 shows some additional
characteristics. The median building contains 60 Infutor individuals,
and the buildings’ tracts have relatively high vacancy rates: 10% on
average and over 15% for many.

3. Migratory connections between neighborhoods

Before examining new housing directly, I study general migra-
tory connections between neighborhoods. Because demographics vary
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Table 1
Number of new buildings and residents across cities.

City New buildings  Infutor individuals  Income decile  Rent decile ~ Percent from same CBSA  Percent from same City

Atlanta 44 3641 9.7 9.6 0.687 0.484

Boston 16 1238 9.8 9.9 0.700 0.375

Chicago 84 7068 10.0 9.9 0.728 0.578

Dallas 76 6670 8.9 9.8 0.687 0.487

Denver 49 3270 9.1 8.6 0.539 0.411

Houston 69 5906 9.9 9.4 0.711 0.584

Minneapolis 37 2206 9.6 9.5 0.714 0.483

New York City 89 7835 9.9 8.8 0.764 0.682

Philadelphia 12 694 9.9 9.9 0.642 0.423

Seattle 101 6334 9.6 9.5 0.598 0.472

San Francisco 38 1704 9.3 8.9 0.632 0.512

Washington 71 5866 9.2 9.7 0.658 0.505

Sample 686 52,432 9.6 9.5 0.672 0.500
Note: This table shows the number of new buildings in each city, the number of individuals currently living in those buildings in the
Infutor data, mean characteristics of the tracts containing the buildings, and what percent of new building residents originated in the
same city or CBSA. The buildings, which are detected using the algorithm described in Section 2, must contain over 16 individuals in
the Infutor data, be built since 2009, and be within five miles of their CBSA’s central business district and in a census tract with above
median income for the CBSA. Tract characteristics are taken from the 2013-2017 ACS, and deciles are computed within each CBSA.
Income is per capita, and rent is the median for a two-bedroom unit. Individuals whose immediately previous address is in the same
CBSA (city) as the new building are considered from the same CBSA (city).

Table 2

Equivalent unit estimates.

Simulated number of equivalent units in tract category

Share marginal of new HHs, out-of-metro  Counterfactual step size <P50 Inc. <P50 Inc. & Rent Burdened <P20 Inc. <P20 Inc. & Rent Burdened <P50 Inc. & <P20 White
Baseline calibration

None +1 inc. decile 0.702 0.453 0.396 0.258 0.488
Alternative decay rates

25% +1 inc. decile 0.453 0.191 0.167 0.088 0.231
Building-tract diff. +1 inc. decile 0.513 0.239 0.204 0.110 0.279
Alternative step sizes

None +2 inc. decile 0.644 0.422 NA NA 0.472
None Data average 0.648 0.436 0.186 0.138 0.499
Alternative decay rates and step sizes

Building-tract diff. Data average 0.449 0.227 0.078 0.050 0.289

Note: This table shows the simulated effect of one new market-rate unit in a high-income area. The five rightmost columns show the expected number of equivalent
units created in different neighborhood types, with each row representing a different calibration. The leftmost column shows the shares of new household formation
and across-metro migration that are assumed to be marginal in each calibration. This is added to the submarket vacancy rate to construct the overall decay rate.
“Building tract diff.” is equal to the difference in the out-of-metro share of migrants to a new building and to its surrounding tract. The column second from the left
provides the counterfactual step size calibration. “Data average” is equal to the average step size of out-migrants from a submarket (set to zero when the average is
negative). An equivalent unit is created in a neighborhood type when a migration chain reaches it for the first time, as defined in Section 5.2. Tract characteristics
are taken from the 2013-2017 ACS, and all quantiles are computed within CBSAs. Income is median household income, and rent burdened is defined as in the top

quintile of rent burden for the CBSA.

greatly across cities, as shown in Appendix Table A.2, I focus on migra-
tion within the Chicago CBSA between 2010 and 2017.%

Fig. 1 plots distributions of destination tract characteristics condi-
tional on origin tract characteristics. In Panel A, each box shows the
median and interquartile range of destination median household income
for migrants that originated in a given income decile. Whiskers show
the 10th and 90th percentile. Individuals originating in top decile tracts
very rarely move to a below-median neighborhood, and very few peo-
ple from lower deciles migrate above the median. While this suggests
that submarkets exist, they also appear to be permeable—individuals
frequently move from the seventh decile to the ninth, the sixth to the
fourth, et cetera. This implies that even top and bottom decile tracts can
be connected through a short series of common moves. Panel B shows a
similar pattern for two-bedroom rent.

Panel C shows results for percent white. The least white tracts are
more separated from the remainder of the market than were either top
or bottom income tracts. People outside of these tracts are extremely
unlikely to move in. However, because individuals do move out of these
areas, a connection to the broader housing market does exist.

4 Appendix Fig. A.1 shows similar results for San Francisco.

These graphs show that even a metropolitan area that is highly seg-
regated on most measures exhibits substantial migratory connections
between tracts with very different characteristics. This suggests that mi-
gration chains from new housing could reach a wide variety of neigh-
borhoods. More broadly, these results imply that geographically local-
ized shocks are likely to have ripple effects on other parts of the region.
For example, the effect of a new train stop will likely be highest in its
immediate area, but it may also be large in places that have high cross-
migration with that area, even if they are not nearby. Future research
could use migratory connectivity to better understand the effects of lo-
calized shocks.

4. Migration chains from new housing
4.1. Method

In this section, I construct migration chains from new buildings. The
exercise is conceptually simple. I start with the 52,000 individuals cur-
rently living in the 686 new market-rate buildings described in Table 1.
I then use the Infutor data to identify their origin building. I then iden-
tify the people currently living in the first round’s origin buildings and
iterate for six rounds. This exercise is purely descriptive—it shows real-
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Panel A: Median Household Income
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Panel B: Median Two-Bedroom Rent
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Fig. 1. Migration between census tracts in Chicago metropolitan area. Note: This figure shows the distribution of destination neighborhood characteristics conditional
on origin neighborhood characteristics for migrants within the Chicago CBSA in 2010-2017. Within each panel, each box plot represents migrants who originated
in a tract of a given decile of the characteristic in the heading. The box then shows the median and interquartile range of the same characteristic in the destination
tracts of those migrants. The whiskers represent 10th and 90th percentiles. Characteristic deciles are calculated within the CBSA, and tracts that are over 20%

undergraduate students are excluded.

location relative to before a building’s construction, not relative to the
counterfactual of no construction. It is also focused on migratory con-
nectivity, not the rate at which chains end.

Despite the intuitive concept, there are several specification choices
to note. First, after tracing a round of people to their origin residences,
I keep only those that are within the same metro as the new building
(about 70%, depending on the city and round). This prevents demo-
graphic differences across metros from polluting results.®> Second, when
identifying the people currently living in the previous rounds origin res-
idences, I include all individuals in the origin buildings, rather than the
specific origin units, then reweight so that they sum to one individual.®
This both avoids inconsistencies in reported unit numbers that hinder
matching and increases the probability that at least one person origi-
nated within the metro.

Finally, it is sometimes impossible to construct the next round of a
chain. This can occur because I cannot track anyone in a building to an
address within the same metro or because I cannot locate anyone cur-
rently living in a building vacated by a person in the previous round. In
order to focus on connectivity rather than data imperfections or chain
decay, I proportionally distribute the weight from the untracked build-

5 T also drop individuals from tracts that are over 20% undergraduate students.
6 To avoid major changes over time in building or neighborhood attractiveness, I restrict
to people that moved into the building since 2009.

ing to other similar buildings in the round that can be tracked.” Sixty-
seven percent of new building residents originated within the CBSA,
and 74% of buildings in the next round have at least one person tracked
within-metro. The figure gradually falls to 52% as single-family resi-
dences become more common.

4.2. Results

4.2.1. First round of chain

Fig. 2 illustrates the first round of the chain geographically by plot-
ting new market-rate buildings in Chicago and the origin addresses of
their current residents. New buildings are concentrated near the cen-
tral business district and in wealthy neighborhoods to the north and
northwest. However, residents of these buildings originated in a much
broader area of the city. The highest-income areas send the most resi-
dents, but middle incomes are also well represented. Virtually no resi-
dents originated in zip codes with median income below $30,000. This

7 Similar buildings must have the same principal city/suburban status as the untracked
building, which helps account for selection on tracking rates between multifamily and
single-family buildings. Because it is computationally easier to compute the chain sepa-
rately for each category in Fig. 3, the characteristics that tracked and untracked buildings
are matched on change with each computation. In each case, I require similar buildings
to have the same in/out of category status as the untracked building.
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figure highlights that even when construction is highly concentrated, it
will draw residents from large swathes of a city.®

Next, Table 1 shows that 67% of new building residents originate
within the same CBSA, with 50% from the same city. This suggests
that much of new buildings’ affordability benefit will accrue locally
and speaks directly to the policy debate, where many complain that
new buildings primarily attract residents from other cities (Been et al.,
2019). The percent of residents from the same CBSA is lowest in Denver
(53.9%) and Seattle (59.8%), with the rest of the sample falling between
63% and 76%.

4.2.2. Full chain

Fig. 3 shows the percent of each round in five tract categories, de-
fined according to the within-CBSA characteristic deciles shown in Ap-
pendix Table A.2 About 20% of new building residents originate in tracts
with below-median median household income, rising to 40% by round
six. The percent of individuals originating in a bottom-quintile income
tract increases from 7% to 15% from the first to sixth round, and the
percent from tracts that are below-median income and in the bottom
quintile of percent white starts at six and eventually rises to 14.

8 Appendix Fig. A.2 shows the Chicago CBSA, and Appendix Fig. A.3 repeats the exercise
in San Francisco.
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Fig. 2. Prior residence of tenants of new build-
ings in Chicago. Note: Solid red dots repre-
sent the location of market-rate multifamily
buildings completed between 2010 and 2017.
Hollow black dots represent the previous res-
idences of the current tenants in those build-
ings. The base map polygons are zip codes in
Chicago proper, colored according to median
household income in the 2013-2017 ACS. Only
residents whose prior residence was within
the city proper are included. Small amounts
of noise are added to each marker to avoid
precisely identifying addresses. (For interpre-
tation of the references to color in this figure
legend, the reader is referred to the web ver-
sion of this article.)

These migration patterns are not consistent with strong segmentation
in the housing market—even when tracing moves at the building level,
it appears that a short series of moves connects new construction and
low-income areas. To put these numbers in context, Appendix Fig. A.4
normalizes each line by the percent of CBSA population in each tract
type. All categories are severely underrepresented in round 1—falling
between roughly 15 and 40% of their prevalence in the CBSA. However,
these numbers increase to between 70 and 80% by round six. Similarly,
the percent of individuals originating within the principal city declines
from 70% of round one to 30% in round six, close to the population
average.

In addition to the main sample, I also repeat the exercise using the ap-
proximately 200 buildings that meet all of the sample criteria except the
income restriction (Appendix Fig. A.5). Unsurprisingly, these sequences
include a higher share of low-income units in every round. Appendix
Fig. A.6 shows how results depend on the tract income decile of the
new building. In the first round of the chain, the share of origin units
in below-median income tracts is 55% for new buildings in the first in-
come decile versus only 15% for buildings in the tenth decile. In the
fifth round, the slope is more modest, as chains from both initially high-
and low-income areas have converged towards the mean.

A potential issue with these exercises is that units are classified by
tract characteristics, which may not match actual unit quality. To di-
agnose the extent of this problem, I first simply compare the tract and
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Fig. 3. Percent of individuals originating in tract categories by migration round.
Note: This figure plots the percentage of the individuals in each round of the
sequence of origin units that originated in a census tract with a given set of
characteristics. Note that only migrants from the same metropolitan area as the
new building are included in each round. Round 1 is the origin units of the indi-
viduals currently occupying the new unit; round 2, the origins of the individuals
occupying round 1’s origin buildings, and so on. Tract characteristics are taken
from the 2013-2017 ACS, and all quantiles are computed within CBSAs. Income
is median household income, and rent burdened is defined as in the top quintile
of rent burden for the CBSA. Each subsequent round is constructed by observing
the set of individuals currently living in the previous round’s origin buildings,
not their specific units, and the sequence is reweighted accordingly. The se-
quences begin with 52,000 individuals living in 686 new market-rate buildings.

block group characteristics of units in the sequence. The median differ-
ence between tract and block group median household income is only
0.5% in the first round and zero in the third round.® Second, I use the
Infutor data to directly assess unit quality. I compare the likelihood that
the average unit in, say, the fifth income decile is filled by a person
moving from a lower income tract to the same probability for a fifth-
decile unit that is included in the origin sequence. Panel A of Appendix
Fig. A.8 shows that the units in the first round are somewhat less likely
to be filled by a person from a lower income tract than the average unit
in a similar tract. In the fifth income decile, the figure is about 30%,
versus 36% in the full sample. However, as shown in Panel B, this gap
falls to less than 1.5 percentage points by the third round. These two ex-
ercises suggest that while units in the sequence are somewhat positively
selected, tract characteristics provide a reasonable description.

4.3. Discussion

These results show that the migration ripple effects of new hous-
ing reach a diverse set of neighborhoods, rather than only affecting
high-income areas. While I do not measure price effects, past liter-
ature strongly suggests that increased vacancies will lower prices in
their geographic area or submarket. In models of a thin housing mar-
ket, a higher vacancy rate lowers both home prices and rents (Arnott,
1989; Wheaton, 1990). Recent empirical research also suggests that
new apartment buildings lower nearby rents (Li, 2019; Asquith et al.,
2019; Pennington, 2020) and increased sale listings lower nearby prices
(Anenberg and Kung, 2014; Ater et al., 2021).

The results also add empirical depth to previous literature.
Nathanson (2019) and Braid (1981) build models which generate reallo-
cation across tiers of the market, and my statistics provide new evidence
that these predictions are borne out in the data, not stopped by barriers

9 Appendix Fig. A.7 shows the full distribution of this difference.
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between submarkets. More broadly, this migration underlies much of
the large literature relating land-use regulation and housing prices.

5. Simulation model
5.1. Overview

In this section, I simulate migration chains that account for two im-
portant factors that moderate the effect on the low-income market and
were absent from my previous exercises. First, individuals may have left
their origin unit even if the new building was not constructed. For exam-
ple, suppose a new building resident previously lived on Willow Drive,
but would have moved from Willow Drive to Oak Lane if the new unit
had not been constructed. Relative to the counterfactual of no construc-
tion, the new unit lowers demand for Oak Lane, not Willow Drive.

Second, chains may end with some probability in each round. A hous-
ing unit could be a second home or investment property, in which case
the owner does not vacate their other unit. In addition, a new household
could form to fill the new unit, or a household could move in from out-
side the metropolitan area. On the supply side, landlords with market
power may not lower prices by enough to completely fill the vacancies.
However, an important and empirically challenging complication is that
chains only end if a household takes an action that they would not have
in the no-construction counterfactual. For example, consider a person
who moved to a new building in Philadelphia from a different metro. If
they would not have moved to Philadelphia had the new building not
been constructed, this ends the chain. If they would moved to Philadel-
phia regardless, the chain should instead proceed from the Philadelphia
unit they would have occupied in the counterfactual.

Both of these forces are difficult to estimate, and prior literature pro-
vide limited guidance. Because of this, I use a range of calibrations to
produce a set of ballpark estimates.

5.2. Model

The simulation produces a migration chain C, which is a sequence
of housing units. C; is a new unit, and C, is the unit that the person
living in the new unit would have occupied had the new unit never
been constructed. I call this the person’s counterfactual location. The
sequence then iterates from C,.

This recursive structure makes it easy to define the remainder of a
chain given a starting point in a new building. To construct C;,; given
C;, I first define O; as the origin unit of the individual currently living in
C;. I then introduce the operator T, which maps an individual’s origin
unit to their counterfactual unit:

Ci1 =T(0)).

In addition, I allow chains to end in each round with some probabil-
ity d(C)).

In order to quantify the effect of the simulated chains, I say that a
chain creates an “equivalent unit” in submarket k if it reaches that area
before ending. The intuition is that inducing a household to move out of
a submarket reduces demand for that submarket by one, which should
have a similar effect on prices as building an additional (depreciated)
unit in k. The expected number of equivalent units in k created by a new
unit in A is just the probability that the chain reaches k. Formally,

EU,(k) = P(Cnk # 0|C, € h).

To estimate this quantity, I simulate a migration chain from each
new building resident and then compute the probability empirically for
a variety of submarkets k.'° Note that the number of equivalent units in

10 Because I do not observe household linkages in the Infutor data, I make the simplifying
assumption that each individual occupies a distinct unit. This largely weights couples more
heavily than singles, which may be appropriate given that the former generally occupy
larger units.
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different submarkets need not sum to one, because the same chain can
hit multiple submarkets.

5.3. Calibration and estimation

Submarket definition. I begin by defining a set of submarkets. An ad-
dress’s submarket is determined by its tract’s within-CBSA deciles of me-
dian household income and percent white, whether it is in the principal
city, and whether it is in the top quintile of median rent burden. While
I use the exact set of new buildings in the first round, the remainder of
the simulation operates at the submarket level, which makes it easier to
calibrate counterfactual locations systematically.

Baseline counterfactual location calibration. For migrants who origi-
nated within the same CBSA as the new building, the baseline calibra-
tion is that the counterfactual submarket is one income decile above
their origin submarket and identical on other characteristics. This is mo-
tivated by Fig. 1, which suggests that the average migrant moves up by
about one income decile. This may reflect the lifecycle trajectory of in-
dividuals climbing the housing ladder or negative net migration from
low-income areas. Note that the simulation thus yields a set of submar-
kets for C,, rather than exact addresses. I thus cannot construct O, by
tracking the individuals in a specific set of addresses. Instead, I use the
distribution of the origin submarkets of recent (2009-2017) arrivals to
the C, submarket as the distribution of origin units in O, (and similarly
in later rounds).

Out-of-metro migrants present a complication because the chain
ends if their counterfactual location is also outside of the metro. Their
treatment thus overlaps with assumptions on the chain decay rate. As
described in detail below, the calibration of the decay rate will dictate
that a certain percentage of out-of-metro arrivals were induced to move
to the CBSA by the new building, ending the chain. For the arrivals that
would have moved to the area anyway, I draw the counterfactual lo-
cation from the distribution of counterfactual locations of within-metro
migrants to the same new building (or submarket, depending on the
round).!!

Baseline decay rate calibration. My baseline calibration of d aims to
capture the effect of a small increase to housing supply such as, say, one
building with 100 units. I set the probability d(C,) of a chain ending in
the first round equal to the vacancy rate in the block group containing
C,. In subsequent rounds, I use the average in C;’s submarket.

The intuition for this assumption is best illustrated by considering the
new housing units, where the vacancy rate captures the units that are
unfilled because landlords do not price them low enough or because they
are not used as a primary residence (the ACS counts these as vacant), as
well as matching frictions that cause some units to be vacant at a given
time. Because a single building is unlikely to have a noticeable effect on
prices that will induce more people to form households or move long
distances, I assume that there will be no endogenous response on those
margins. This logic fits well with a sequential search model in which
people first decide whether to move CBSAs or start a new household,
then choose a specific unit.

Alternative calibrations. I include estimates from two alternative coun-
terfactual location assumptions. First, I simply set the step size to two
income deciles instead of one. Second, I set the step size equal to the av-
erage step taken by out-migrants from each submarket. (In many high-
income submarkets, the average observed step size is negative; I conser-
vatively set the counterfactual step to zero in these cases.)

I also include calibrations with larger decay rates. These are better
suited for large changes to housing supply that may increase household
formation and migration across CBSAs or for longer-run effects, since
endogenous responses likely strengthen over time. The 2018 Current
Population Survey estimates that 11.5% of moves were to form a new

11 1 make the same assumption for individuals that are not tracked to their previous
address in the Infutor data and individuals that originate in heavily college student (>20%)
tracts.
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household, and Table 1 shows that 32.8% of people in my sample of
new units originated from outside the metropolitan area. First, [ assume
that these figures represent the average rates in each round of the chain
and that new construction increases each force by 25%. This doubles
the mean decay rate of 10% in the baseline. While this is not a formal
upper bound, it assumes that new construction has a very large effect
on these forces. Second, I replace this 25% figure with a more data-
driven calibration—the difference between out-of-metro migration to
new buildings and to their surrounding tracts. Specifically, for each new
building b in tract ¢, I compute %ﬁm, and I then take the

average within each CBSA. This figure is slightly smaller—about 15%.
5.4. Results

Table 2 shows the simulated number of equivalent units under all cal-
ibrations. In the baseline, best suited to a small increase in supply, one
hundred new market-rate units create 70.2 equivalent units in below-
median income tracts. The estimates are also large for tracts that are
even less similar to high-income areas, with 39.6 created in the bottom
income quintile. Even for tracts that are below median income and in
the bottom quintile of percent white, the figure is 48.8, though these
areas are by definition a small percent of a CBSA. (Simultaneously pre-
senting these estimates reiterates an important point—the equivalent
metric should not be interpreted additively, as this double-counts ripple
effects across submarkets.)

Results under higher decay rate calibrations, better suited for a large
increase in supply, appear in rows 2 and 3 of Table 2. When across-metro
migration and household formation increase by 25%, below-median in-
come equivalent units fall to 45, a drop of 37% from the baseline. The
number in the lowest income categories falls by more—59% in the bot-
tom income quintile—because the effect of a higher decay rate increases
exponentially in each round and these categories typically appear later
in the chain. Estimates drop slightly less when basing the decay rate on
the difference between building and tract out-of-metro arrival rates.

Results under two alternative counterfactual location assumptions
are shown in rows 4 and 5. Increasing the step size to two income deciles
decreases below-median income equivalent units from 70 to 64, and tak-
ing the average step size directly from the data yields a very similar ef-
fect. Finally, row 6 shows that using the building-tract difference decay
rate and the step size from the data yields 45 and 8 below-median and
bottom-quintile equivalent units, respectively.

These effects should be felt relatively quickly. In the baseline, nearly
all below-median income equivalent units are created by round 15, and
most in the bottom-quintile appear by round 20, as shown in Appendix
Table A.3. To roughly estimate long a round takes, I use the average
amount of time a rental unit is vacant and average time a home is on the
market. These represent something of an upper bound because multiple
rounds of a migration chain can happen simultaneously—suppose, for
example, that one household that would have moved from Unit A to
Unit B instead moves to the new building, leading another household
searching at the same time to locate in Unit B instead of Unit C. Figures
from Zillow and the Census Bureau imply that each round will take one
to three months, suggesting that most effects will be felt within 2-5
years.?

5.5. Discussion

This range of estimates suggests that new construction will have a
meaningful effect on the middle- and low-income housing market. Even
under calibrations that imply that new construction creates very large

12 7Zillow reports that the average house was on the market for one month before selling
in 2018, though this number reached 140 days in 2010 (Zillow Group, 2020). The Census
Bureau reports an average rental vacancy rate of 7% in 2018, with a peak near 11% in
2010. My estimate is also similar to Lansing et al. (1969), who found a mean and median
lag time of 1.8 and 3.6 months, respectively.
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changes in household formation and moves across metros, the simula-
tions return significant equivalent unit figures. Unfortunately, because
estimates of the elasticity of housing prices to increased quantities are
limited, it is difficult to determine how the vacancies generated by the
chains would affect prices. Appendix Table A.4 provides some back-
of-the-envelope calculations of how submarket prices would change
if enough high-end units were constructed to increase a metropolitan
area’s total housing stock by 10%.'2 Results for prices in below-median
areas vary from —0.9% under the lowest elasticity of —0.1 (Li, 2019;
Glaeser and Ward, 2009) to —6.3% under an elasticity of —0.7.

The estimates have implications for common housing affordability
policies. Inclusionary zoning (IZ) requirements mandate that a certain
percentage of new units must be income-restricted. While these poli-
cies can directly create affordable units, they also raise the cost of de-
velopment, potentially slowing new construction and reducing indirect
affordability benefits. I assess this trade-off with a simple back-of-the-
envelope calculation. I assume a percentage point increase in the IZ re-
quirement reduces the number of market-rate units constructed by x%,
where x varies from 0 to 2. I then compute the number of total units,
income-restricted units, and below-median income equivalent units that
would be created under IZ requirements of 10% and 20%.'* Results
are shown in Appendix Table A.5. When x is below 1.27, increasing
the IZ requirement from 10% to 20% increases the number of income-
restricted units by more than it decreases equivalent units, generating
a net increase in affordable units. Above this threshold, the opposite
is true. While more research on the crowd-out effects of 1Z is needed,
this exercise suggests that there may be significant trade-offs to high
affordability requirements. Of course, income-restricted units may offer
benefits that private market vacancies do not.

6. Conclusion

The short-run effect of new market-rate housing on the market for
middle- and low-income housing is crucial to the current policy de-
bate, where government intervention and market-based strategies are
often pitted against each other. My results suggest that new market-rate
housing construction can improve housing affordability for middle- and
low-income households, even in the short run. The effects are diffuse
and appear to benefit diverse areas of a metropolitan area.

However, there are several shortcomings of market mechanisms. The
most important may be in the lowest-cost and most rent-burdened sub-
markets. Census tracts that are in both the bottom quintile of median
household income and the top quintile of rent burden have an aver-
age vacancy rate of 12.8%, compared to 8.1 in the rest of my sample.
Given that rents are generally already low in such neighborhoods, this
suggests that reducing demand through the migration chain mechanism
is unlikely to lower costs further, perhaps because rents have reached
the minimum cost of providing housing. In addition to potentially small
price effects, there may also be important amenity effects reduced pop-
ulation in these areas, such as reduced retail options, school closures,
or increased crime. However, the relationship between income and va-
cancy rates differs across cities—in New York City, vacancy rates in low-
income and rent burdened tracts are 9.7 versus 8.8% in other tracts,
while the figures are 20.8 and 8.4% in Chicago. Market mechanisms
will likely be more effective at reducing prices in low-income areas that
have low vacancy rates.

Declaration of Competing Interest

Author declare that he does has no conflict of interest.

13 This increase is roughly the difference between construction in the San Francisco and
Houston CBSAs over a ten-year period.

14 While the targeted income range varies across cities, equivalent units in below-median
income tracts are a reasonable comparison (Schuetz et al., 2009).
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Appendix A. Data appendix

Al. Validation exercises

This appendix provides more information on the Infutor data’s cov-
erage and representativeness. Starting with raw population, the data
closely tracks the Census over-25 population at the tract level, with a
median of.88 observations per Census individual. The coverage rate is
quite similar across demographic groups, as shown in Appendix Fig. A.9,
which plots the ratio of the Infutor and Census populations against tract
characteristics. The largest differences appear between tracts with dif-
ferent racial composition, with a coverage rate of about 80% in the least
white tracts versus 95% in the whitest tracts.

Because my study primarily uses this data to track household migra-
tion, Infutor’s coverage of moves is also important. The data misses a
substantial number of moves—the annual individual migration rate in
the Infutor data is 5.4%, compared to the 9.8% reported in the Cen-
sus Bureau’s 2018 Current Population Survey. This could occur because
of difficulty linking individuals across moves, because of overlapping
addresses, or because the Infutor data has poor coverage of highly mo-
bile young adults. However, because my study uses each move sepa-
rately, rather than following individuals through the lifecycle, it only
requires that the moves that do appear in the Infutor data are ran-
domly selected. To examine this, I next compute the average annual
migration rate at the county level in the Infutor data and compare it to
Census estimates (which are not available at the tract level). Appendix
Fig. A.10 plots the ratio of the two estimates against county character-
istics. Coverage appears to be relatively uncorrelated with county char-
acteristics. There is a slight correlation with county income, where the
ratio is about.38 in low-income counties and.45 in high-income coun-
ties. This correlation could lead to an underestimate of the number of
individuals who move into a given neighborhood from a lower income
neighborhood.

Another potential concern is that Infutor may not have the correct
endpoints for moves. For example, if a household moves from A to B to
C, the data could record the move as from A to C, overstating the con-
nectivity between A and C. To examine this, I compute the difference
in destination and origin county median household income for moves
reported in Infutor and in the IRS Statistics of Income data. The dis-
tributions are extremely similar, as shown in Appendix Fig. A.11. In
my simulation exercise, I also run robustness checks in which I remove
moves across very different neighborhoods.

In addition to my exercises, further validation on this data set is now
available in a number of academic papers, including Diamond et al.
(2019) and Phillips (2020).

A2. Preparation of raw files

The initial Infutor data sets are an individual-level file with longitu-
dinal address histories (the Consumer Reference Database, or CRD) and
an individual-level file with the most recently observed address and a set
of demographic variables (the Name and Address Resource Consumer,
or NARC). Some demographics are directly observed and some are im-
puted, and the fields are populated with varying frequency. The data
were provided by Infutor in spring 2018.

The CRD is the primary basis for the analysis, but the NARC is
useful for two reasons. First, it helps to identify higher-quality ob-
servations. The raw CRD may include business addresses or some-
thing like a UPS store, while the NARC generally does not. I thus re-
strict to the subset of individuals that appear in both the NARC and
the CRD. Second, the NARC has latitude and longitude information.
I merge this information to the CRD to geocode addresses. Finally, I
make two changes to the raw address sequences. I remove consecu-
tive moves within the same building, which are often caused by missing
unit numbers, and reorder address sequences to run from most to least
recent.
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A3. Appendix figures
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Fig. A.1. Migration between census tracts in San Francisco metropolitan area. Note: This figure shows the distribution of destination neighborhood characteristics
conditional on origin neighborhood characteristics for migrants within the San Francisco CBSA in 2010-2017. Within each panel, each box plot represents migrants
who originated in a tract of a given decile of the characteristic in the heading. The box then shows the median and interquartile range of the same characteristic in
the destination tracts of those migrants. The whiskers represent 10th and 90th percentiles. Characteristic deciles are calculated within the CBSA, and tracts that are
over 20% undergraduate students are excluded.

Table A.1
Building characteristics.
Percentile Infutor individuals Distance to CBD Median household Income per capita Median two-bedroom rent  Percent vacant Percent vacant
income decile decile decile (tract) (block group)
Min 17 0.04 5 4 1 0.004 0.000
10 24 0.59 5 9 9 0.048 0.029
50 60 1.73 8 10 10 0.109 0.111
75 100 2.67 9 10 10 0.154 0.159
95 183 4.27 10 10 10 0.234 0.268
Max. 468 4.97 10 10 10 0.547 0.547
Mean 76.43 1.95 7.63 9.57 9.42 0.119 0.119
N 686 686 686 686 681 686 686

Note: This table shows characteristics of the new buildings. Distance to central business district (CBD) is given in miles. Median household income, income per capita,
and median two-bedroom rent are determined using the building’s census tract and the 2013-2017 ACS, and deciles of each are computed within CBSAs. Percent
vacant is reported at both the tract and block group level and is also drawn from the ACS, which counts second homes as vacant.
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Fig. A.2. Chicago metro origins. Note: Solid
red dots represent the location of market-rate
apartment buildings completed between 2010
and 2017. Hollow black dots represent the
previous residences of the current tenants in
those buildings. The base map polygons are zip
codes in the Chicago CBSA, colored according
to median household income in the 2013-2017
ACS. Only residents whose prior residence was
within the Chicago CBSA are included. Small
amounts of noise are added to each marker to
avoid precisely identifying addresses. (For in-
terpretation of the references to color in this
figure legend, the reader is referred to the web
version of this article.)

Fig. A.3. San Francisco city origins. Note:
Solid red dots represent the location of market-
rate apartment buildings completed between
2010 and 2017. Hollow black dots represent
the previous residences of the current tenants
in those buildings. The base map polygons are
zip codes in San Francisco proper, colored ac-
cording to median household income in the
2013-2017 ACS. Only residents whose prior
residence was within the city proper are in-
cluded. Small amounts of noise are added to
each marker to avoid precisely identifying ad-
dresses. (For interpretation of the references
to color in this figure legend, the reader is re-
ferred to the web version of this article.)
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Table A.2

CBSA characteristic deciles
MSA Median income Percent white Median rent burden

P20 P50 Po0 P20 P50 Po0 P20 P50 Po0

Atlanta 41,375 61,496 108,295 14.9% 51.0% 85.7% 24.7% 29.5% 40.1%
Boston 57,613 83,865 135,858 49.9% 78.9% 94.8% 25.2% 29.7% 39.9%
Chicago 40,024 62,601 113,019 9.5% 56.8% 87.6% 24.5% 30.1% 44.6%
Dallas 40,733 61,300 118,241 19.1% 48.8% 82.0% 24.3% 28.7% 38.1%
Washington 64,810 95,690 160,833 18.5% 50.4% 83.0% 24.2% 28.8% 40.2%
Denver 49,918 72,031 117,917 43.6% 73.3% 89.2% 24.9% 29.6% 38.5%
Houston 36,932 57,136 112,357 7.7% 34.5% 73.8% 24.2% 29.1% 39.1%
Minnneapolis 52,471 72,357 111,406 62.0% 81.4% 94.5% 24.0% 28.6% 37.7%
New York 45,677 72,657 129,479 8.1% 50.1% 87.1% 26.7% 32.3% 46.8%
Philadelphia 41,897 68,152 116,053 28.1% 74.0% 92.3% 25.0% 30.7% 46.0%
Seattle 55,530 79,040 117,500 50.9% 68.8% 86.0% 24.7% 29.2% 37.3%

San Francisco 62,731 96,210 157,045 17.5% 40.6% 74.0% 24.2% 29.2% 39.2%

Note: This tale shows CBSA deciles of the characteristics used to define submarkets. Characteristics are
drawn from the 2013-2017 ACS.

Table A.3
Equivalent unit totals by round.

Round  Number of equivalent units in:

<P50 Inc. <P50 Inc. & Rent Burdened <P20 Inc. <P20 Inc. & Rent Burdened <P50 Inc. & <P20 White

5 0.539 0.186 0.164 0.077 0.238
10 0.659 0.313 0.262 0.141 0.361
15 0.690 0.379 0.318 0.181 0.422
20 0.699 0.414 0.350 0.208 0.453
25 0.701 0.432 0.369 0.225 0.470
30 0.702 0.442 0.380 0.236 0.478
35 0.702 0.447 0.386 0.244 0.482
100 0.702 0.453 0.396 0.258 0.488

Note: This figure shows the expected number of equivalent units created by a new market-rate unit, cumulative across
rounds of the migration chain. An equivalent unit is created in, for example, a below-median income submarket when
a migration chain reaches such an area for the first time, thus reducing demand for that submarket by one. Tract
characteristics are taken from the 2013-2017 ACS, and all quantiles are computed within CBSAs. Income is median
household income, and rent burdened is defined as in the top quintile of rent burden for the CBSA.

Table A.4
Submarket price effects of 10% increase in housing stock.
Submarket Elasticity
0.1 0.3 0.5 0.7
Below-median income 0.9% 2.7% 4.5% 6.3%
Bottom-quintile income 0.8% 2.5% 4.2% 5.8%
Above-median income 2.0% 6.0% 10.0% 14.0%

Note: This table presents back-of-the-envelope calculations of the change in submarket prices caused by increasing the total housing stock by 10% through high-end
construction. Estimates are produced by computing the number of equivalent units that would be created in the submarket of interest (assuming that the housing
stock is proportionally distributed across submarkets) and multiplying by the elasticity given in the column header. Because this is a large change in supply, I use
the conservative equivalent unit estimates from the calibration that assumes that 25% of across-metro migration and household formation are marginal to the new
construction. The elasticity parameter is the percent change in submarket prices resulting from a 1% increase in submarket housing stock.
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Table A.5
Effect of inclusionary zoning on income-restricted units and equivalent units.

1Z effect on market-rate units

0 1 1.27 2
10% IZ requirement 111 100 97 88.9 Total units
100 90 87.3 80 Market-rate
11.1 10 9.7 8.89 Income-restricted
70.2 63.2 61.3 56.2 Below-median EU
81.3 73.2 71.0 65.0 Total affordable
20% IZ requirement 125 100 93.3 75 Total units
100 80 74.6 60 Market-rate
25 20 18.7 15 Income-restricted
70.2 56.2 52.4 42.1 Below-median EU
95.2 76.2 71.0 57.1 Total affordable

Note: This table presents back-of-the-envelope calculations on the number of market-rate units, income-restricted units, and below-median income
equivalent units that would be created under inclusionary zoning (IZ) requirements of 10% and 20%. For simplicity, I assume that 100 market-rate
units would be constructed with no IZ requirement. I use the baseline estimate of equivalent unit creation and a range of calibrations for the effect of
IZ requirements on new market-rate construction. For the latter, each column represents the percent reduction in market-rate units caused by a one
percentage point increase in the IZ requirement. For example, column 3 assumes that a 1 percent increase in the requirement will reduce the number
of market rate units by 1.4 percent.
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Fig. A.4. Normalized composition of sequence of origin units. Note: This figure
repeats Fig. 3, normalizing each line by the percent of the CBSA population that
lives in a given tract type.

Fig. A.5. Percent of individuals originating in tract categories by migration
round (new buildings in low-income areas). Note: This figure repeats Fig. 3 using
new buildings in low-income tracts as the starting point, rather than the build-
ings in high-income areas that are included in the main sample. The buildings
included meet all of the main sample requirements except the income restric-
tion.
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Share of Round in Below P50 Inc. Tract
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Fig. A.6. Percent of individuals originating in below-median income tracts ver-
sus tract income of new building. Note: This figure plots the share of origin
sequence units in below-median income tracts against the characteristics of the
new building’s tract. Each line represents a different round of the sequence. New
buildings are separated based on the income decile of their tract. The underlying
estimation is identical to the main aggregate results shown in Fig. 3.
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Fig. A.7. Distribution of block group income minus tract income in origin se-
quence. Note: These histograms show the distribution of the difference between
tract median household income and block group median household income for
units in the sequence shown in Fig. 3. The top panel plots this for units in the
first round of the chain, and the bottom shows the third round. Characteristics
are drawn from the 2013-2017 ACS.
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Panel A: Round 1
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Fig. A.8. Percent of units filled by individual from lower income decile for full
sample versus sequence of origin units. Note: Each line shows the probability
that a unit in a given tract income decile was filled by a person who originated
in a lower income tract. The full sample line includes all units in the income
decile, while the other line includes only units that were in round 1 (Panel A)
or round 3 (Panel B) of the sequence of origin units.
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Panel B: Percent Poverty
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Fig. A.9. Infutor vs. census population (census tract level). Note: Each panel plots a local polynomial regression of Infutor coverage (measured as the ratio of Infutor
observations to Census over-25 population) in a census tract versus the tract characteristic in the heading. Tract characteristics are drawn from the 2013-2017 ACS.
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Fig. A.10. Infutor vs. census migration rates (county level). Note: Each panel plots a local polynomial regression of the ratio of Infutor to Census annual move rates
(measured at the county level) against county characteristics. County characteristics and move rates are drawn from the 2013-2017 ACS.
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