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A Details of Data Build

A.1 Primer on Zoning Jurisdictions

In the United States, local government powers to regulate land use vary by state. Every state in
the United States gives incorporated cities the right to zone, but states vary in both the extent
of unincorporated land as well as treatment of zoning on said land.

34 states, most of which are in the American West and South, give zoning powers to both
incorporated cities and counties. Outside of the urban core, urban areas are likely to have
been zoned under two jurisdictions as they developed: as part of a county and as part of an
incorporated city. Two additional states, Texas and Oklahoma, do not assign zoning powers to
counties; zoning applies on unincorporated land only due to state laws.

The six New England states have only nominal powers for county governments, so the
zoning power rests with the cities and towns that incorporate all land. 8 other states in the
Mid-Atlantic and Midwest issue zoning powers to three tiers of government: incorporated
cities, townships and counties. 1 The legal relationship between competing jurisdictions is
complex, but in general zoning varies across incorporated cities in more populated areas and
county planners are likelier to handle all zoning in rural areas.

My definition of zoning jurisdictions varies by state and incorporate all the above cases.
In every state, I consider incorporated places, as defined by the Census Bureau, as zoning
jurisdictions. In the 14 states that give zoning powers to cities and townships, I additionally
consider townships as having zoning power over land not covered by incorporated places. In
all remaining states, land outside of incorporated cities is unincorporated and default to being
zoned at the county level.

A.2 Time-Consistent Jurisdiction Boundaries

A zoning jurisdiction, the unit of analysis in my empirical results, includes every incorporated
city as of 2010, plus townships and counties that have zoning powers over unincorporated
land. For rural townships where few lot records are available, I consolidate all townships into
one county and proceed as if lot size controls are implemented by the county.

The County and City Data Books confirm certain central cities of CBSAs annexed land during
the postwar years, which means development within modern central city borders are a mix of
land use laws applied to the urban core versus in outlying suburbs. To separate out the cases,
I fix central cities based on their 1960 boundaries. I use tract data from Baum-Snow (2020)
to identify which 1960 tracts are labelled to be within central cities. Census blocks further out
than 1960 borders but are within 1980 central city borders are separated out as a separate
jurisdiction.

Improved data quality in Census TIGER files means I separate out annexed land between
1980 and 2010 for both central city and non-central cities. In this paper, I consolidate an-

1Michigan, Minnesota, New Jersey, New York, North Dakota, Pennsylvania, Ohio and Wisconsin.
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nexed territory over this period into the county jurisdiction. Figure A.1 illustrate how these
jurisdictions are constructed from 2010 Census Block boundaries.

A.3 CoreLogic Tax Records

My estimation procedure using the CoreLogic data relies on three variables: the zoning juris-
diction it is in, the square footage of a property’s lot and year built. This subsection elaborate
on how those variables were cleaned.

Matching properties to zoning jurisdictions. Each property in the CoreLogic Tax Records
has the county it is in (based off of the assessor office where the data were retrieved) as well
as various types of unstructured address data. Both the property’s mail address and address in
the assessor records give a definition of the local government it falls under. The data are also
geocoded by CoreLogic and matched to a Census block.

The city in the mailing address is not always the name of the zoning jurisdiction the property
falls under, like when a property is in a township outside of the city or when a property is on
unincorporated land. On the other hand, the deed municipality name may be missing or mark
that the property is on unincorporated land in idiosyncratic ways.

For each property, I check for local governments that both encompass the territory the prop-
erty is geocoded to be in and whose name matches with one of the mail or deed municipality
names. If the local government is also one of the zoning jurisdictions defined in Section A.1,
that is the zoning jurisdiction matched to the property.

From a raw sample of over 100 million properties, 92% of properties are matched to either
a valid census tract or block. The low attrition rate suggests only a minority of misspecified
records were dropped in this step. I then use the Census TIGER files processed by [NHGIS] to
match the tract or block to a zoning jurisdiction encompassing it.

Around 96% of geographically matched properties are validated in one of two ways: either
the municipality the property is matched to has a name that is the same as what’s given in the
CoreLogic address variables, or the municipality is matched to unincorporated territory. In the
latter case, I assign them to the county as the property’s relevant zoning jurisdiction.

The remaining 4% of properties are in tracts and blocks that are part of incorporated ter-
ritory but do not have a name match. I assume the geocode is more accurate and assign the
property to the city to which it was geographically matched.

Cleaning lot square footage. The vast majority of counties in the Tax Records data has full
coverage of lot square footage for their properties. To control for any coding errors that would
be conflated as bunching, I trim the top and bottom percentiles of the CBSA-wide lot size
distribution. I also verify lot size with another variable in the Tax Records that measure size in
units of acres. I drop properties whose lot sizes are measured inconsistently, defined as having
significant differences in the square footage and acre variables.

Throughout the 2010s, developers could have torn down older properties and redeveloped
or subdivided the lot they were on. I observe these events in the Tax Records by seeing if a
parcel with the same identifier saw significant changes in the year property built variable or
in the lot size. Wherever possible, I use the oldest assessor record in CoreLogic for a parcel
to retrieve year built and square footage data. However, as long as the parcel is consistently
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identified, I impute other variables from later data waves like the property geocode or building
characteristics.

Year built data and data quality. The availability of year built data is less consistent across
counties. 85.4% of total properties matched to zoning jurisdictions have a year built measure.
The attrition rate is evenly spread across counties. The mean share of properties missing year
built across counties is is 75.5%, 85% of counties have year built information for at least half of
all properties and 63% of them have the data for more than 80% of all properties. The counties
where more than half of all properties lack year built data make up 8.2% of all housing units
in my data.

Where data are available, year built may be a poor proxy of when the lot was first developed
in two ways: due to recoding of the year built variable following replacement of the housing
unit on the lot, or due to mismeasurement of the correct year. I discuss the former issue in
more detail in Section A.4, when benchmarking the CoreLogic records to Census data.

On the issue of mismeasurement, the primary issue with the CoreLogic data is that the
records feature bunching of the year built dates on round numbers. Figure A.2 visualizes
this for two CBSAs. Panel (a) shows a CBSAs that has very limited bunching on years: the
Sacramento–Roseville–Arden-Arcade Metropolitan Statistical Area (MSA). The magenta line
plots the density of properties in year built over the whole region, with its constituent counties’
densities in gray.

Panel (b) visualizes the same objects but for the Philadelphia-Camden-Wilmington MSA.
Across most counties, the year built variable has visible bunching on years ending in 0 or 5.

To be conservative, in counties where there is bunching on a year ending in 0, I interpret
that as saying the structure was built at some point in that decade (e.g., bunching at 1950
means the properties could have been built from 1950-1959). I detect bunching on years
ending in 0 by linearly interpolating an estimate based on neighbouring year built’s densities,
and then calculating the excess mass of the observed density less the interpolated estimate.

Properties that are estimated to have year built bunched on a 0 are recoded to have been
built by the decade’s end, rather than by the decade’s start. This avoids potential bias in es-
timating zoning adoption earlier than expected (i.e., ahead of true adoption by 5 years). In
Appendix Section B.1, I also discuss how I adapt the structural break procedure to account for
this kind of bunching.

Reconciling past and present zoning jurisdictions. In Section 2.1, I mention that two kinds
of zoning jurisdictions — cities incorporated after zoning was ruled constitutional and territory
annexed by cities between 1980 and 2010 — are places that could have been zoned by two
jurisdictions over its development. To account for this, I split up all properties in those juris-
dictions into two. Properties built before incorporation or before 1980 (for newly annexed
territory) are part of a county or township level sample when estimating minimum lot size
adoption. Properties built afterwards are part of a separate incorporated place sample.

For these jurisdictions, I also assume by default that the new jurisdiction carries over any
minimum lot sizes adopted at the county or township level. Any new bunching bins detected
after incorporation then reflect additions to a pre-incorporation set of lot size controls. 2

2There are examples of such carrying over of codes for cities I investigated, like [. . . ]. Generically, however,
this assumption places a lower bound on how many lot size controls a newly jurisdictions will have, even if they
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This means that a jurisdiction can have an estimated first zoning adoption date before
its incorporation date, and that outcomes that measure the degree of bunching for a zoning
jurisdiction can be nonzero prior to incorporation.

This reconciliation process assumes I have incorporation dates for all U.S. cities. To con-
struct such a dataset at a national level, I combine incorporation years reported in the 1987
Census of Governments with an imputation procedure based on modern Censuses. For cities
not incorporated until after 1987, I use Census Bureau place-level population estimates from
1990 onwards. The first appearance of a city in these data serves as a proxy for decade of
incorporation. 3

With information on incorporation year, I define the pre-incorporation period for an ap-
plicable jurisdiction as all properties before the first decade of incorporation. This definition
would assign homes built after incorporation but before a decade’s end as part of the pre-
incorporation period.

A.4 Census Housing Unit Records

In addition to data on properties bunching at minimum lot sizes, I collect Census Bureau records
to get more accurate snapshots of past housing production rates. Historical estimates of single-
family starts are used to benchmark the CoreLogic data, which I explain here.

Since the introduction of the Census of Housing in 1940, the Census Bureau has produced
housing unit estimates for selected incorporated cities and townships. In particular, the Bureau
have always broken down housing units by the type of structure (single-family, duplex, up to
20+ unit apartments) as well as by decade or half-decade of year built. Given a vintage of
housing, I can access the earliest Census tables in which that vintage would have been built
and recorded. These contemporary records make up my estimates of housing units ever built
over some time interval.

I access the structure type-by-year built tables in the 1970 and 1980 Censuses digitized by
Manson et al. (2021). I identify the number of housing units ever built for five-year intervals
starting with 1960-64 and up to 2005-2009. I also observed a more lagged estimate of housing
units built over 1940-49 and over 1950-59 using the 1970 data.

For housing units built as of 1940, I use the IPUMS 100% Full Count data from the 1940
Census (Ruggles et al. (2021)) in combination with the Census Place Project crosswalk from
Berkes, Karger and Nencka (2022). These files allow me to tabulate the number of occupied
housing units and the ownership rate for all counties and almost all incorporated cities at the
time. I then impute the number of housing units by structure type in each jurisdiction by
matching jurisdictions to state-urban status-tenure cross-tabulations of structure type shares
in the Census tables. The jurisdiction’s imputed 1940 structure type distribution comes from
the linear combination of the Census table shares with the homeowner and renter rates in the
jurisdiction.

Table A.1 displays the main benchmarking results referenced in the main text. I take the log
difference in units build for a vintage over an entire county or city, as reported in the Census

move to simplify the zoning code.
3Because the Northeastern states are known to have had borough and town governments before zoning was

popularized, I assume every such government I observe today were incorporated before the start of my sample.
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tables, with what is reported in the CoreLogic data. Panel (a) reports log difference averages
equally weighing counties and places, while Panel (b) weighs observations by population.

Due to imprecision with matching postwar suburbs in 1940 data, in the paper I report the
benchmarking results matching CoreLogic counties with 1940 Census counties. The paper
reports the “Up to 1940” and “1940–1969” rows in the County column of Table A.1. Results
are similar in a test matching 2010 cities to 1940 data, but as the data is more biased toward
inner cities there is greater attrition of older buildings.

Table A.2 conducts a robustness test by looking at CoreLogic units relative to only units
still existing in the 2000 Long-form Census. Unlike Table A.1, which benchmarks how well
existing properties in CoreLogic records approximates longitudinal housing data, this table
compares how comprehensive CoreLogic records are to a recent snapshot from the Census. I
find aggregates in the CoreLogic records are close to Census counts, and that CoreLogic records
classify an older year built for many properties compared to the Census. This discrepancy
reflects, if anything, recency bias in the Census’s measure as it comes from self-reported dates
rather than historical documents (Klimek et al. (2018)).

A.5 Historical Zoning Information

I collect historical zoning information, through ordinances and planner reports, for over 400
jurisdictions in 15 states covering all regions in the United States. For 17 of these jurisdictions, I
acquire multiple zoning ordinances from the first zoning ordinance to the latest one (c. 2010s).
To the best of my knowledge, this panel of zoning ordinances includes an observation after each
major revision of the ordinance; jurisdictions, if they revise their ordinances at all, do so after
multiple decades from first passage and use the occasion to define new zones. Panel (a) of
Figure A.3 show a table of lot size controls in the 1939 Lower Merion Zoning Ordinance.

The remaining data are collated from planners’ reports in the 1960s and 1970s, where
regional authorities surveyed individual local governments under their purview about zoning
practices. Unlike the panel of zoning ordinances, not every jurisdiction has the same common
set of variables used to construct the moment conditions. For each of the three variables, I
keep the jurisdictions for which data are not missing. Panel (b) of Figure A.3 show a table of
lot size controls surveyed by New Jersey planners in 1960.

Table A.3 cites the ordinances and planners’ reports in full.

A.6 Central City Demographic Change

In the paper, I calculate demograpic change variables for three groups in non-Southern central
cities: Black population, Southern white population and non-Black foreign born population.
Decadal counts for each group are tabulated from either place-level counts in the CCDB or
Census, or from tract-level counts in the Census for cities I keep fixed at 1960 boundaries. I
list below the specific sources for each group and for each decade:

• Black population and foreign-born population: 1940 full count Census (Ruggles et al.
(2021)); 1950-1960 entries in the City and County Data Books; 1970 place and tract
level data (Manson et al. (2021)).
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• Southern white migrants: 1950-1960 public-use microdata, for identified cities (Rug-
gles et al. (2022)); 1970 place and tract level data (Manson et al. (2021)).

To construct the shift-share migration instruments, I need relative changes in migration
rates from 1950–1970 for Southern Black and Southern White Americans. I retrieve these
data from the following sources:

• Black outmigration: Replication dataset from Boustan (2016).

• Southern white outmigration: Bowles et al. (2016).

Figure 5 featured state-level estimates of Black outmigration from the South. I create these
estimates by replicating calculations by Gregory (2005), using IPUMS data to derive an esti-
mate for four million Black Americans leaving the South from 1940–1970. By scaling using
relative changes in the compositions of Black migrants by state, I convert national estimates to
state-level ones.

A.7 1940 Outlying City Characteristics

The Census Place Project crosswalk (Berkes, Karger and Nencka (2022)) assigns to every 1940
census respondent a match to a city or a minor civil division (MCD), like towns in the Northeast
and civil townships in the Midwest. The crosswalk matches respondents to a county even if
they lived in unincorporated areas.

I exploit this crosswalk and clean it to create prewar sociodemographic variables not just
for central cities, but for suburbs existing by 1940 and for postwar suburbs undeveloped until
future Censuses. I know the location of suburbs that had not incorporated by 1940, so I impute
1940 characteristics onto it by matching the suburb’s centroid to the nearest 1940 MCD or
county geography.

When tabulating the demographics, my demographic variables are shares of heads of house-
holds living in the jurisdiction. I also include estimated income levels using the machine learn-
ing algorithm of Saavedra and Twinam (2020).
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Table A.1: Benchmarking CoreLogic to Historical Census Bureau Data

Panel A: Log differences in vintages
County-level City-level

N Mean N Mean
Up to 1940 1056 -0.885 7694 -0.42
1940-1949 1049 -0.375 7242 -0.05
1950-1959 1056 -0.238 7700 -0.02
1960-1969 1056 -0.177 7802 0.02
1970-1979 1062 -0.293 7874 -0.06
1980-1989 1064 -0.134 7603 0.14
1990-1999 1065 -0.135 10883 0.13
2000-2009 1064 -0.152 6325 0.02

Panel B: Log difference of aggregates
County-level City-level

Up to 1940 -0.593 -0.665
1940—1969 -0.148 -0.259
1970— -0.121 -0.050

Notes: This table matches historical Census estimates of single-family homes in each housing vintage, aggregated
at two geographic levels: counties and cities with zoning powers. For each geography and vintage, I take log
differences of Census counts with reported units in CoreLogic. The table reports the unweighted mean of the log
differences, over each decade and over multi-decade analysis periods.

Table A.2: Benchmarking CoreLogic to 2000 Census Data

Panel A: Log differences in vintages
County-level City-level

N Mean N Mean
Up to 1940 1056 -0.11 7681 0.09
1940-1949 1049 -0.27 7262 -0.10
1950-1959 1056 -0.20 7698 -0.05
1960-1969 1056 -0.17 7799 -0.05
1970-1979 1062 -0.18 7868 -0.07
1980-1989 1064 -0.13 7619 -0.03
1990-1999 1065 -0.13 10883 0.13

Panel B: Log difference of aggregates
County-level City-level

Up to 1940 0.161 0.015
1940—1969 -0.109 -0.295
1970—1999 -0.111 -0.150

Notes: This table conducts the same matching and averaging procedure as Table A.1, but using one fixed wave
of Census estimates. I compare the relative sizes of vintages in the 2000 Census estimates with reported units in
CoreLogic built before 2000.
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Table A.3: Inventory of Historical Zoning Ordinance Records

Panel A: Planners’ reports on lot size controls
Name of jurisdiction State First & Last Ordinance

Atherton CA 1955 & 2007
Broward County FL 1952 & 2022
Durham NH 1934 & 2006
East Lansing MI 1926 & 2006
Fulton County GA 1946 & 2011
Grand Rapids MI 1952 & 2012
Indianapolis IN 1922 & 2016
Lake Forest IL 1923 & 2020
Lakewood CO 1969 & 2019
Lower Merion Township PA 1930 & 2014
Marin County CA 1954 & 2016
Memphis TN 1922 & 1981
Mercer Island WA 1937 & 2010
Plainfield City NJ 1923 & 2019
Portland OR 1957 & 2003
Seattle WA 1923 & 2005

Panel B: Planners’ reports on lot size controls
Name of historical document State N Jurisdictions

New Jersey State Planning Bureau (1960).
"Zoning in New Jersey, 1960."

NJ 290

Montgomery County Planning Commission
(1971). "Zoning Ordinance Study."

PA 55

State Planning Division (1972). "Michigan
Planning and Zoning Survey."

MI 20
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Figure A.1: Sample Jurisdiction Borders in A Metropolitan County

Notes: For Columbus, Ohio and the county it is in — Franklin County, Ohio — I visualize the time-consistent
boundaries for the central city that control for postwar annexation. Central city composition change is calculated
based on demographics within the tracts making up Columbus’s 1960 boundaries. The extra land annexed by
Columbus from 1960–80 as well as from 1980–2010 are counted as separate zoning jurisdictions. Non-central
city jurisdictions around Columbus are displayed based on their 2010 borders.
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Figure A.2: Degree of Bunching on Years Built Variable in Tax Records

(a) Minimal bunching for Sacramento CBSA properties
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(b) Large degree of bunching for Philadelphia CBSA properties
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Notes: Over two panels, this figure plots the distribution across year built for all properties in two CBSAs in
orange. Years ending in 5 or 0, on which year built data may bunch, are highlighted with dotted lines. Gray lines
represent subsample distributions over component counties for the CBSA.
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Figure A.3: Sample Lot Size Data from Historical Zoning Records

(a) Example of lot size control data from ordinances

(b) Example of lot size control data from planners’ reports
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B Details of Adoption Estimation

B.1 Algorithm Mechanics

Defining Lot Bins. To detect bunching regions in the lot size distribution, I fix a partition of
the distribution’s support that stays constant across jurisdictions. This partition of the support
into lot bins discretizes the learning problem of finding the bunching bins. Throughout the
paper, properties that “bunch at lot sizes” are defined as properties within the lot bins that are
classified as bunching bins.

Each lot bin is centred at a round number on the lot size support, and the bandwidth of the
lot bin varies by what value at which it is centred. Table B.1 defines the different bandwidths
and the size thresholds at which one takes effect over another. For example, from 5000 square
feet onwards the bandwidth is 250 feet, so the next lot bin is centred at 5500 square feet, then
6000, and so on.

The choice behind these lot bins is to maintain proportionality between the reference size
level and the bandwidth, while also keeping the lot bins as centred on round numbers as
possible. By changing the bandwidth at discrete points, the lot bin’s bandwidth hovers around
4-6% of the value it’s centred on no matter what the size. The proportionality can be seen
in Figure B.1, which plots lot square footage on a logarithmic scale; the proportionality is
visualized as linear growth in the lot bin value curve.

The variable-bandwidth lot bins are used in all steps except for when calculating the gra-
dient statistic, where I use fixed bandwidths of 500 square feet from the smallest to largest lot
bin. Smaller bandwidths are needed for this one case to capture the anomalous densities due
to bunching on specific round numbers. I then match any detected bunching bins to the larger
variable-width lot bins it belongs to, and proceed with the variable-width detected bunching
bins.

Bunching Bin Detection. The algorithm takes all jurisdictions in a CBSA, then cycles over
detecting bunching bins at the jurisdiction-vintage level for a fixed set of adoption times {⌧}.

First, the algorithm decides for each j the size of a post-⌧ sample T j(⌧), or the value of
T as defined in the paper. I use an adaptive procedure, where T = 10 if the vintage over
[⌧,⌧+ T] has at least 500 observations. If not, T = 20, no matter how many observations are
over [⌧,⌧+ T].

The algorithm then creates a pre-period sample C j(⌧) defined for years before ⌧. If adop-
tion occurred sometime between [⌧,⌧ + T], the gradient statistic at certain lot bins will be
anomalously high to this pre-period sample. If not, anomalously high statistics are due to sta-
tistical noise. The pre-period sample spans 10 or 20 years depending on sample size, like with
the post-period.

Once T j(⌧), C j(⌧) are selected, the gradient statistic calculated using the pre-period sample
as a control distribution is

Ĝ j(⌧,`) =
Ä
log mT j(⌧)

` � log mT j(⌧)
[`�µ(`),`)

ä
�
Ä
log mC j(⌧)

` �mC j(⌧)
[`�µ(`),`)

ä

where mT j(⌧)
` , mC j(⌧)

` are respectively the histogram density estimate at ` over the post-period
and pre-period samples, and mT j(⌧)

[`�µ(`),`), mC j(⌧)
[`�µ(`),`) are respectively the density estimates over an
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interval of measure µ to the left of `.
I also calculate a version of the gradient statistic where the counterfactual density is zero

everywhere, i.e. I make no correction for counterfactual gradients. I use this version of the
statistic where there was a surge of development in the post-sample relative to the chosen
pre-period sample: N T j(⌧)/N C j(⌧) > M Growth for some parameter M Growth.

I allow the measure function µ(`), which determines the width of the bunching region
with missing mass displayed in Figure 3, to be a function of `. The function takes the form
µ(`) = µmiss ⇥ ⌫(`), where ⌫(`) is the width of the lot bin at ` described in Table B.1. Testing
bunching at, for example, 30000 versus 30500 square feet will both have a bunching region of
width µmiss ⇥ 2000 to each bin’s left.

The estimated Ĝ across vintages ( j,⌧) are standardized using a standard deviation esti-
mated across lot bins over jurisdictions in the CBSA. The set of all lot bins for one city is
appended to all lot bins for another city in the CBSA, and so forth: the standard deviation is
estimated over the collected sample.

Before being detected, lot sizes where controls apply will have outlier gradient statistics af-
fecting calculation of moments. Following Leys et al. (2013), I estimate the standard deviation
in the presence of outliers by first calculating the median absolute deviation, then multiplying
it by a factor of 1.4826 to account for normal error in the histogram estimates.

All lot bins ` for which the standardized Ĝ j(⌧,`) > ↵ for the critical value parameter ↵
are bunching bins for ( j,⌧). I then collapse diffuse bins which are all part of the same larger
lot bin into the larger bin (i.e. bunching bins at 29500, 30000 and 30500 are all collapsed to
30,000).

The bunching bins detected with the gradient statistic rule are combined with bins detected
using the other two methods. It is worth discussing the final method, which relates to the
detection method in Zabel and Dalton (2011). Those authors look at a fixed quantile of the
lot size distribution, then take the minimum of two elements for a housing vintage to get the
minimum lot size at ( j,⌧): the known minimum lot size and the observed lot size at that fixed
quantile. My method differs because I make a guess at a minimum lot size by identifying the
modal lot bin, then verify that it is a minimum lot bin for housing development by seeing if it
falls below a fixed quantile.

Once all the bunching bins over vintages are retrieved — with each ( j,⌧) using one of two
definitions of the gradient statistic depending on the condition N T j(⌧)/N C j(⌧) > M Growth — The
bunching bins at the jurisdictions are defined as specified in Section 2.2.

Adoption Year Estimation. I first detail how the annual time series of excess mass and the
gradient statistic are computed. For every ⌧ in the support of year built, I construct the gradient
statistic Ĝ a post-⌧ and a pre-⌧ sample using adaptive sample size methods. I also construct
excess mass over a post-⌧ and a pre-⌧ sample covering 10 years each, following procedures
in Section 3.2. The major difference in this step is that since ⌧ is annual, the samples used to
calculate different statistics will overlap with each other. An example of the time series for the
excess mass statistic is shown in Panel (a) of Figure B.2.

Using these statistics, I allow for two specifications of a structural break model. Specifica-
tion 1 processes the time series for each bunching bin one by one, where a structural break for
the time series of excess mass at just one bin is detected using the algorithm developed in Bai
and Perron (2003) and implemented in Ditzen, Karavias and Westerlund (2021). Structural
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breaks are stored only if the algorithm in Bai and Perron (2003) considers the break to be
statistically significant. Panel (b) of Figure B.2 shows how a structural break is identified on
the same time series in Panel (a).

Specification 2 allows for common adoption between different bunching bins detected to
have bunched over the same vintage. The pooled statistic, which sums up excess mass across
bunching bins and averages the gradient statistic across bunching bins, has more statistical
power to identify a common adoption date under prior information that the jurisdiction could
have adopted multiple minimum lot sizes at the same time. Because demand around pooled
bunching bins may not be stationary over the whole sample period, break detection is limited
to a window around the first ⌧ for which a bunching bin was detected.

The fully crossed set of specifications uses two outcomes for the break detection over indi-
vidual bunching bins: the gradient statistic and excess mass. It uses three outcomes for break
detection over common adoption bins: Gradient statistic, only within 10 years of first adop-
tion; excess mass, within 10 years of first adoption; and excess mass within 20 years of first
adoption (a longer time frame).

Therefore, five estimated structural breaks under different assumptions lead to five adop-
tion year estimates for each bunching bin at a jurisdiction. Denote, for structural break model
i, the estimated structural break Ti(b).

Choosing Tuning Parameters. Ahead of training the classifier on real historical records, I
loop the algorithm across a set of possible parameter values B̂ = {↵,µmiss, M L, F , M Growth}. For
each parameter vector, I get five estimated structural breaks for each jurisdiction, from which
I derive first large lot adoption years min{Ti(b)}.

Taking the minimum of adoption years over bunching bins outputs first adoption year es-
timates for jurisdictions. Fitting model parameters over training data means finding the best
predictions of large lot adoption years Year L

j , or minimizing the objective using least squares:

min
B̂,ŵ

X

j

Ä
Year L

j � T 0bŵ
ä2

,

Tb = [min{Ti(b)}]i, b� 10, 000.

Appendix Tables B.2 and B.3 lists the final vector of parameters and weights. The rightmost
column of Table B.3 also shows how each individual structural break specification correlates
with the final ensemble estimate reweighing multiple specifications.

Table B.1: Width of Lot Bins by Lot Size Intervals

Range (000s sq. ft.) 1K-3.75K 4K-14.5K 15K-27K 28K-58K 60K-112K � 116K
Width of each bin (sq. ft.) 250 500 1000 2000 4000 � 8000
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Table B.2: Parameters For Bunching Detection Algorithm

Notation Name Value
↵ Critical value for bunching bin classification 1.10
µmiss Multiplicative factor for bunching region 1.6
M L Minimum density on bin needed for classification 0.025
F CDF threshold for modal value classifier 0.25
M Growth Growth factor threshold for pre-period violations 2.5

Table B.3: Weights Placed By Ensemble Model

Model Weight Corr. With Final Estimate
Common adoption, Ĝ 0.428 0.78
Common adoption, Excess mass 0.677 0.93
Common adoption, Excess mass, long window 0.021 0.67
Individual, Ĝ -0.036 0.67
Individual, Excess mass -0.091 0.67

Figure B.1: Visualizing Grid of Lot Bins
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Figure B.2: Visualization of Structural Break Detection

(a) Examples of excess mass time series (b) Application of structural break test around 1940
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Notes: This figure visualizes the estimation of a zoning adoption date in Lower Merion Township across three
models. The gray line marks the year 1939, the adoption of the first minimum lot regulations in Lower Merion
and the target of all the algorithms. The orange line marks the structural break year using the empirical CDFs in
each panel and the Bai-Perron error-minimizing estimate.
Panel (a) visualizes the sample of properties with local bunching detected around 1940. Panel (b) visualizes how
the algorithm filters to just the time interval around 1940 when detecting breaks.

Figure B.3: Histogram of Lot Size Estimate Errors
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Notes: This figure plots a histogram of 587 actual minimum lot sizes recorded in the data that were matched to
at least one estimated bunching bin around the year of adoption. For each lot size, I take the logarithm of the
actual minimum lot value less the logarithm of the closest estimated bunching bin. A 0 reflects perfect matching
of values, while a negative value reflects the closest bunching bin was smaller than the actual lot.
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C Technical Proofs

C.1 Extension of bunching to monocentric city models

To formalize the spatial arbitrage argument presented in Section 2.3, I solve and interpret
a monocentric city model with a competitive housing sector, differentiated developers and
minimum lot size constraints.

As in Brueckner (1987) and Glaeser (2008), let there be homogeneous residents in a mono-
centric city maximize consumption C and the housing size, H. Consumption is location-specific
as it is wealth net of the housing value p(d)H as well as by commuting costs td.

The city adopts a minimum lot size constraint `; for an acre of land, at most N units can be
built on said land. Wherever the constraint is applied, it translates one-to-one to a minimum
consumption of housing, H = L/N . The residents then solve the maximization problem:

max
C ,H

u(C , H)

s.t. C =W � td � p(d)H
H � H.

The city is in spatial equilibrium, so the Alonso-Muth-Mills spatial indifference equation applies
here in two forms. For locations d that are unconstrained and where H does not bind, t =
�p0(d)H. For locations d that do, observe that the Lagrange multiplier enters into the problem
through H alone, so differentiating with respect to d obtains t = �p0(d)H.

It follows that relative to the unconstrained pair gradient (H⇤(d), p⇤(d)), p0(d) <= p⇤0(d)
as H⇤(d)<= H.

Suppose the central area [0,�] of the city’s land was zoned with a minimum lot size. There
is a point d 0 where housing demand is H, so p⇤(d 0) = p(d 0). It may either be in the interval,
in which case p(d) < p⇤(d) over [0, d 0], or it is outside of it, in which case p(d) < p⇤(d) over
[0,�].

Suppose the interval zoned was on the periphery, [�,1)]. The argument above is anal-
ogous if d 0 is in the interval, and for d 2 [�, d 0] we have p(d) < p⇤(d). The price gradient
is right-continuous up to �, at which point the gradient jumps up to the unconstrained upper
envelope p⇤. This case also applies to where the interval zoned is fully within the city limits
itself, [�1,�2], as the price gradient will be continuous with p⇤ at�2 but discontinuous at�1.

I now introduce differentiated developers with discrete types {n}, each of which is solving
the per-acre profit maximization problem of units to built N while obeying the zero-profit
condition,

max
N

p(d)N � cn(N)� r(d)

s.t. p(d)N = cn(N) + r(d),

N � N .

The cost function {cn(N)} is differentiated as follows: the functions satisfy single crossing
differences them. This implies that for each {n}, the interval over which a particular cn(N) is
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the minimal value, C⇤n , is a connected subset of the reals.
With this configuration of developer types, the unconstrained city has a sorting equilibrium.

A developer of type n builds only over the subset of land supporting densities N ⇤(d) in the
subset where the type has minimal cost. Suppose this were not true at some distance d: in
that case, the developer whose cost function is cost-minimizing can produce the same amount
of N at a lower p(d), causing other types to have negative profits and exit production at that
distance.

With the consumer and developers’ problems in the unconstrained equilibrium explained,
I provide a formal definition of spatial arbitrage with lot size constraints. Suppose the left
endpoint of the lot size constrained area �1 > 0, and there is a subinterval [�1, d 0] where the
constraint is binding on residents. For the type n0 that developed at d 2 [�1, d 0] at a density
N ⇤ > N , whether it continues developing at d depends on if in equilibrium,

[p⇤(d)� p(d)]N ⇤ �
Z N⇤

N

[c0(h)� p(d)]dh> r⇤(d)� r(d),

where the left hand side represents the net per-acre loss in revenue (foregone producer surplus
net of the costs of producing units costing more than market price) and the right hand side
are the per-acre decreases in land costs. This condition is not necessarily true, since there are
other developer types n00 who are not constrained by the lot size minimum and up-bids r(d)
accordingly.

The subinterval of land with a lot size minimum developed by the subset of developer types
still entering the housing sector forms the bunching mass in an overall lot size distribution.

C.2 Proof of Proposition O1.

The proof is in two parts. First, define

Definition 6. The excess mass classifier L̂ of threshold � is defined over two distributions
p(z), q(z) and uses the rule:

L̂(z⇤) = 1 if B̃(z⇤)⌘ p(z⇤)� q(z⇤)� �.

Lemma. For a nonempty set of {L}, there is a real number M such that if the econometrician
observes a collection of distributions {qt} for which the total variation distance between each
nj

t , qt is less than � = M/3, the excess mass classifier set identifies {L}.

Proof. As each ` is a regulatory notch for some t 0, to each ` on the distribution {`⇤ jt 0 } there is

a marginal bunching developer type �`⇤ and a bunching mass B(`) =
R `
`��`⇤ `0(s)ds, where `0

is the observed distribution if developer types maximize subject to only Zt . When developers
maximize subject to (L j,Zt), we have: `⇤ jt (`) = B(`) + `0(`), both terms on the right being
nonnegative.

Let M = min{B(`) | ` is minimum lot size }. Choose � = M/2. If `⇤ is not in {L, B̃ < � by
assumption on qt .
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For ` that is in {L},

B̃ =

ÇZ `⇤

`��`⇤
`0(s)ds

å
� (qt(`⇤)� `0(`⇤))� (M ��) = �.

This concludes the proof.

Remainder of proof. Note that the gradient statistic, as a function of
(B̃(`), log(p(`� µ))� log(q(`� µ))) ⌘ (B̃, z), is submodular in the final argument z wherever
G > 0;

G(B̃0, z0)� G(B̃, z0) G(B̃0, z)� G(B̃, z)

For B̃0 � B̃, z0 � z.
Take the minimizer of G(p(`), z)

��
z=z, where z is the lowest valued z, to be M̃ . Topkis’s

theorem on �G and �z implies the minimizer of the sets G(p(`), z)
��
z=z0 across the arguments

z0 is nonincreasing in z0. Therefore, M̃ is no greater than any element of the observed values
G(B̃, f (`�µ), conditional on G > 0. Setting � to be at most M̃ implies the argument in the
lemma can be repeated to show the result.

C.3 Details of Lot Size Restrictiveness Decomposition

Begin, as in Section 3.2, with the bunching share of residential development within jurisdic-
tions:

Definition 7. For a discrete distribution of lot sizes in jurisdiction j, {mj(`)} and identified bunch-
ing bins {b}, the bunching share of development in j with respect to b is

Bunch( j;b) =
X

`2{b}
mj(`).

We can view the bunching share as both a function of known levels, or as a function of
two random variables: random realizations of jurisdictions as well as random sets of bunching
bins. The latter view helps formalize the “desirable condition” on what drives variation in the
measure.

Consider a collection of jurisdictions j 2 J each with bunching bins b( j), along with an
explanatory variable X . Define the following random variable: B maps to each distinct ele-
ment in the collection of all b( j) with equal probability. For ease of notation, also denote the
conditional random variable Bunch |b( j0)⌘ Bunch( j;b( j0)). Then, the law of total covariance
implies

CovJ

⇥
Bunch( j;b( j)), X

⇤
= CovB[E(Bunch | b( j0)) , E(X | b( j0))]| {z }

(1)

+EB[Cov(Bunch | b( j0) , X | b( j0))]| {z }
(2)

,
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On the left hand side, the statistical relationship between jurisdictions CovJ

⇥
Bunch( j;b( j)), X

⇤

is what conventional least squares estimators use to identify causal effects of X on outcomes.
This relationship can then be decomposed into two components. Component (1) should be
thought of as the relationship driven by variation in only regulation adoption between jurisdic-
tions. If we knew the expected amount across many counterfactual jurisdictions by which a lot
size control we sample binds on development, E(Bunch |b( j0)), we can see how that correlates
with conditional variation in explanatory variables.

Component (2) should be thought of as a form of selection bias. Realistically, the way juris-
dictions choose which minimum lot sizes to adopt is endogenous to a jurisdiction’s underlying
characteristics. Where the choice of which bins is influenced both by characteristics and by
which lots had the highest demand, the conditional covariances will be nonzero and compo-
nent (2) will have nonzero bias. A positive effect of X on bunching mass may be due more to
better manipulation of where jurisdictions place their lot sizes, not necessarily that the lot size
controls were restrictive on denser development.

This contamination problem could apply to other outcomes used in the literature, like the
share of vacant land zoned for a large lot size. To sketch this argument, we can redo the decom-
position replacing the random variable Bunch |b( j0) with the random variable of land develop-
ment probability P(Develop) |b( j0). Land zoned for the largest lots could also be systematically
unattractive to be developed during a time frame of interest. This systematic relationship could
be a source of mismeasurement contaminating the outcome.

Unlike the bunching share for a jurisdiction j, the excess mass B̃ j as a random variable has
lower variance. This is a consequence of the bunching share being the sum of B̃ j with prior
demand for lots at the lot size control. Because

��Cov(Y | b( j0) , X | b( j0))
��
∆

Var(Y | b( j0))Var(X | b( j0)),
and Var(B̃ |b( j0)) is lower than Var(Bunch |b( j0)), using the excess mass measure of restric-

tiveness provides tighter bounds on the bias component (2) provided the excess mass estimates
B̃ well in finite sample.
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D Details of Identification

D.1 LASSO model selection procedure

To construct county level migration shocks for the instrument ZBlack
ct , I follow the model se-

lection procedure in Derenoncourt (2022) with some modifications. Recall that the goal of
the model selection step is to generated projected migration rates from counties€mig ratekt us-
ing only Southern county characteristics, so the instrument varies between counties only due
to predetermined economic characteristics that saw structural transformation in the postwar
decades.

For each decade t, I fit observed outmigration rates from a Southern county k using the
linear model

mig ratekt = ↵+X0k,t�10⇤+�kt ,

where the explanatory variables X are chosen from a set of candidate Southern variables using
a LASSO regression. When mig ratekt is overidentified through many instruments, and a subset
of those instruments of at most rank s approximates the true CEF of migration rates, Belloni et.
al. (2012) shows instruments using predictions from a LASSO regression consistently estimate
effects for the endogenous variable — in this case, the county migration rates which may be
contaminated by pull factors of other U.S. cities.

Derenoncourt (2022) makes two decisions to make the prediction problem more tractable.
First, she chooses instruments from a smaller set of 8 county level variables proposed in Boustan
(2010). The model selection step ends up verifying that those variables all have robust positive
weights in the prediction problem. Second, she conducts a post-LASSO procedure where the
predicted outcomes come not from the LASSO specification, but from a second OLS regression
of the variables chosen by LASSO.

I do not restrict myself to the two researcher decisions. I use a larger set of county level vari-
ables recorded in Boustan (2016) to obtain the optimal instruments projecting onto mig ratekt .
I also output the LASSO estimates without post-estimation conditioning, which consistently es-
timates effects conditional on some further restrictions on the dimension of controls in the main
specification first stage. To minimize overfitting in the LASSO step, I also estimate the LASSO
weights on only 80% of all Southern counties in my data, extrapolating predictions for the
remaining 20% in the test set.

Table D.1 records both the total dimension of Xk,t�10 chosen over each decade of migration
rates, as well as the variables that have the largest model weights. I allow for three variables
for which historians believe have predictive power to always remain in the model: share of
workers in agriculture, share of agricultural production in cotton and the percent of farms
who had tenant workers. Together, the three variables measure a common factor: the size of
sharecropper farms as a share of the county’s labor market.

These three variables alone have high negative weights in the LASSO model, and so are
predictive of outmigration. The weights reassure that the “approximate sparsity” assumption
in Belloni et. al. (2012) applies. Table D.1 also includes additional variables in Southern
counties which retains Southern Black workers on average (like mining intensity in Texas and
Oklahoma) as well as further push them out of the South (like average precipitation, and
intensity of tobacco production in 1970).
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Figure D.1 visualizes both how my predicted outmigration rates compare to actual rates,
as well as how the original Derenoncourt (2022) model selection performs on outmigration
prediction. Intuitively, a LASSO specification which well specifies the CEF should see significant
positive relationships between the CEF of migration rates with predicted values.

Both my model and the model in Derenoncourt (2022) exhibit the positive relationship
across every decade separately fit onto the models. Of the 2 ⇥ 2 specifications I visualize,
I remark both my model and Derenoncourt’s model project attenuated migration rates than
actual ones by 1970. I also note that over 1940–1950, my more flexible LASSO procedure
chooses Southern county predictors that correct for a slope shift in Derenoncourt’s model,
which predicts net migration towards Southern counties when outmigration was takig place.

To conclude, the LASSO procedure chooses sensible characteristics of Southern counties
to instrument for outmigration rates of Southern counties, but model misspecification cannot
be ruled out due to relative attenuation of estimates between decades. Therefore, the main
specification in Section 6 normalize all demographic change variables by percentiles across
cities in each decade, in an attempt to correct for instrumental variable misspecification.

D.2 Additional propositions

Proposition on SSIV identification. An application of Proposition 4 in Borusyak, Hull and
Jaravel (2022), which gives a general treatment of consistent estimation using shift-share in-
struments, yields:

Given a panel of counties k and decades t, a fixed vector of clusters of counties across
decades C(k, t), county-level unobservables ⌫ and the following assumptions:

1. The instrument is relevant in finite sample;

2. (Conditional quasi-random shocks) E[gk(t) |⌫, !̃(k),C(k, t)] = C(k, t)0µ, for all (k, t);

3. (Instrument relevance from many shocks) E
⇥P

n s2
n

⇤
! 0 as the treated units c grow

large;

4. (Uncorrelated shocks) Cov[gk(t), gk0(t 0) |⌫, !̃(k),C(k, t)] = 0.

Then, provided the regression model contains the saturated cluster share exposures
{
P

kc2C(k,⌧) !̃(k
c)1[t = ⌧]}, the conventional IV estimator satisfying the moment condition

E[
P

j,t Z black
c( j),t "̂ j,t] = 0 consistently estimates the causal effect � .

SSIV definitions are numerically equivalent. I first define some notation for how the migra-
tion shift-share is presented in Boustan (2010). Let

���!
Blackk,1940 be the number of net migrants

out of county k, and
���!
Blackk!c,t be the observed flow of Black migrants from county k to city c in

time t. Without arrows, Blackkt represents the number of Black residents in k (and analogously
for destination cities c) in t.

The migration shift-share in Boustan (2010) has the shares equal to “the share of Blacks
who left county k after 1935 and reside in city c in 1940.” in my terminology, this defines
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shares

!kc,1940 =
���!
Blackk!c,1940
���!
Blackk,1940

.

The shifts are the predicted levels of migrants out of county k, denoted€mig ratekt ⇥ Blackkt .
Numerical equivalence follows from the following algebra:

X

k

!kc,1940 ⇥€mig ratekt ⇥ Blackkt

=
X

k

���!
Blackk!c,1940
���!
Blackk,1940

⇥€mig ratekt ⇥ Blackkt

=
X

k

���!
Blackk!c,1940

Blackc,1940
⇥

Blackc,1940
���!
Blackk,1940

⇥€mig ratekt ⇥ Blackkt

=Blackc,1940

X

k

���!
Blackk!c,1940

Blackc,1940
⇥ mig ratekt ⇥ Blackkt

���!
Blackk,1940

⇥
€mig ratekt

mig ratekt

=Blackc,1940

X

k

!̃c,1940 ⇥
���!
Blackk,t
���!
Blackk,1940

⇥
€mig ratekt

mig ratekt
.

D.3 Further validation of instrument

Added value of controlling for migration exposure shares. The utility of using migrant
exposure shares as controls — clustered at the state level in this paper,

P
k02s !̃c,1940(k0) — is

to control for any fixed effect differences in the migration shock terms even after the LASSO
procedure.

If the shock terms with predicted migration rates, gk(t), varies between states as well as
within states, controlling for state clustered exposure shares should improve estimates. Figure
D.2 visualizes this variation by stacking within-state migration shock histograms on top of
each other. In addition, the mean level of migration shocks in each state and decade are
plotted as separate blue lines. Because overlap of the shocks is not perfect across the states,
especially going out into 1970 (Panel (b)), adding state clustered exposure shares would bring
the identifying variation closer to an ideal where the distributions fully overlap.

To confirm that different cities also drew in migrants from different states, I produce a
histogram of 1940 Black migrant shares by state for major non-Southern cities along the lines
of Figure C.1 in Derenoncourt (2022). The histograms are plotted in Figure D.4.

Falsification test of instrument on 1940 suburban demographics. I describe the regression
coefficients and hypothesis tests conducted in Table D.4. Column (1) presents correlations
with Black population growth from 1940–70 and pre-period characteristics for central cities
and suburbs. Each row presents a different outcome from the pooled regression.
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The results confirm findings from Derenoncourt (2022) that Black migrants selected more
towards high manufacturing cities, based on the positive coefficient with manufacturing em-
ployment share as the outcome. It also confirms destination cities for Black migrants have sub-
urbs that are less native-born white and 0.2% more homeowners on average in suburbs than
in the central city. The positive association between Black migrants and the distance of zoning
jurisdictions from central cities additionally indicates Black migrants selected to metropolitan
areas with preexisting suburbanization trends and incorporation further out of the central city.

Across the columns, Column (2) runs the same outcomes on the shift-share instrument.
Column (3) adds the state exposure controls, while Column (4) excludes central cities from
the test dataset. Column (4) is the closest specification and sample to the one used in the
results.

Southern white migration shift-share instrument. In Section 6.3, I also construct a shift-
share migration instrument for Southern white migrants analogously to the Black migration in-
strument, but without a projection of migration rates to predicted levels from Southern county
characteristics:

ZS�white
ct =
X

Southern k

!̃S�white
c,1940 (k)⇥ gS�white

k (t), gS�white
k (t) =

�����!
S-whitek,t
�����!
S-whitek,1940

.

The shares !̃S�white
c,1940 can be defined using 1940 full-count Census data, and the shifts from

migration rates in Bowles et al. (2016). Missing data limitations come from the observed
composition change in Southern whites in central cities. Composition change for Southern
whites is observed only in the largest non-Southern central cities in 1950 and 1960, though it
is available for all 1970 cities.

I note that in Figure D.3, migration shocks across Southern counties for white net migration,
without any corrections using predicted rates, exhibit high overlap and common means. This
implies on the margin, adding exposure shares for Southern whites would not correct for any
sources of bias.

Table D.3 runs two specifications of the first stage for Southern white composition change.
Column (1) reports first stage relevance when adding decade fixed effects while Column (2)
reports relevance adding in predetermined controls interacted by decade dummies, in the same
way as with the saturated IV models for Black composition change. The instrument remains
relevant but with lower first stage F -statistics. One reason for instrument weakness for another
demographic could be that, unlike Black migrants, Southern whites did not base their migra-
tions on the strength of past migrant networks. Evidence for this hypothesis is found again in
Stuart and Taylor (2021).

D.4 Other sources of regression model misspecification

Measurement error. The discussion in Section 3.1 considered misclassification error when
the outcome is a binary measure of lot size adoption. If actual adoption for a jurisdiction was
in 1954 but estimated adoption was in 1956, the definitions in Section 3.1 would lead to a
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false negative outcome for 1950. I assess the magnitude and direction of bias caused by this
error using suggested corrections applicable to linear probability models in Meyer and Mittag
(2017).

The idea of Meyer and Mittag (2017)’s proposed correction is to derive expectations of
covariates X conditional on there being a false positive or a false negative. If these conditional
expectations differ, taking that difference and projecting it on the matrix (X 0X )�1 identifies
bias due to misclassification in expectation. I set the covariate to be the exogenous shift-share
migration instrument ZBlack

ct , and conduct the correction by constructing the same adoption
outcomes based on recorded lot size adoption years recorded in my sample of historical zoning
data (Section 2.5). The results suggest the reduced form estimate of ZBlack

ct on adoption is
downward biased by -0.049, or that the IV effect size is 37% lower than it may have been
absent misclassification.

I also match the Black migration shift-share instrument on the pooled sample of lot size
records in historical data. I then regress the percentile-transformed instrument on the log dif-
ference between actual recorded lot sizes with their closest bunching bins. The coefficient on
this regression is �0.313 with a 95% confidence interval of [-0.77, 0.15]. This finding has
ambiguous implications on how residual measurement error in lot size restrictiveness affects
the direction of estimated effects. However, negative effects would be driven by larger hold-
ing zones in ordinances that cannot be detected from observed bunching. A negative result
implies jurisdictions are more willing to exercise discretion in land use controls when racial
composition changes in central cities.

Influential metropolitan areas. If average lot size outcomes are driven by a few very large
CBSAs where the instrument is confounded with central city characteristics, t�tests based
on standard errors may overstate the statistical significance of effects. I follow a suggested
procedure in Broderick, Giordano and Meager (2021), where dropping random shares in the
data conducts a sensitivity analysis of results to outliers.

I run simulations where I reestimate results on adoption and restrictiveness, but every time
drop 5% of CBSA-year clusters from the sample. Dropping data at this rate reflects the upper
bound of sensitivity analyses conducted in Broderick, Giordano and Meager (2021). Out of
200 simulations, 0 regressions with adoption as the outcome see estimates lose significance
at a 95% confidence level. Loss of such significance is also 0 when the outcome is excess mass
restrictiveness.
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Table D.1: Southern County Determinants of Black Outmigration, 1940–70

1940–1950 1950–1960 1960–1970

% LF in agriculture -30.72 -113.01 117.83
Agriculture: % tenant farms 1959 -19.33 -22.63 -95.87
% of planted acres in cotton -10.85 -12.62 -43.55
Mineral states (TX, OK) ⇥ % LF in Mining 190.58 229.48
Dustbowl county dummy 42.86 12.80
1930s average precipitation -6.557 -0.871
# rivers, in total passing through 11-20 k -1.656
Tobacco states ⇥ % LF in Agriculture -39.51

Total variables selected 8 8 7

Notes: This table plots LASSO weights for every variable over three separate decade specifications, as long as it
received a weight of magnitude greater than 1 in one specification. The total number of variables included in the
LASSO model selection step is reported at the bottom. Standard errors and confidence intervals are omitted due
to issues with their interpretation for LASSO weights.

Table D.2: Covariate Balance Tests for Right-hand Side Specifications

(1) (2) (3) (4)

Coef. Std. Err. Coef. Std. Err. Coef. Std. Err. Coef. Std. Err.

Native white share -0.066 (0.017) -0.030 (0.017) -0.014 (0.017) -0.015 (0.018)
P-value, Coef. 6= 0 0.000 0.075 0.416 0.395

Black share 0.029 (0.008) 0.035 (0.007) 0.047 (0.007) 0.047 (0.007)
P-value, Coef. 6= 0 0.000 0.000 0.000 0.000

CC manufacturing share 0.042 (0.011) 0.043 (0.010) -0.012 (0.012) -0.014 (0.013)
P-value, Coef. 6= 0 0.000 0.000 0.337 0.285

Distance from CBD, km 18.58 (2.18) 15.52 (2.063) 15.14 (2.229) 13.04 (2.287)
P-value, Coef. 6= 0 0.000 0.000 0.000 0.000

Homeownership rate -0.830 (1.168) -1.245 (1.043) -2.519 (1.254) -4.232 (1.343)
P-value, Coef. 6= 0 0.477 0.233 0.045 0.002

Instrument on RHS X X X
Migration exposure shares X X
Excluding central cities X

Notes: This table compares covariance balance tests, where the percentile transformed right-hand side variables
are regressed on 1940 jurisdiction characteristics, across a variety of specifications. Column (2) uses the percentile
of shift-share migration instruments instead of endogenous composition change. Columns (3) add state clustered
migration exposure shares as controls. Column (4) excludes central cities, or only on the analysis sample of
suburbs. Standard errors and P-values for hypothesis testing use clustering at the CBSA-decade level.
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Figure D.1: Comparing Realized vs. Projected Southern Migration

Table D.3: First Stage for Southern White Migration Instrument

(1) (2)

Percentile of ZS�white
c( j)t 0.470 0.546

(0.0715) (0.0734)
Panel N 11802 9478
First-stage F 43.28 55.24
R2 0.216 0.322

Decade FE X X
Pre-period controls X

Notes: This table reports results from the first stage regression of the shift-share Southern white migration in-
strument in Section 6.3 on central city Southern white composition change. In column (2), I add 1940 rates of
Black households, distance from the CBD, homeownership rates and central city manufacturing worker share as
pre-period controls, all interacted by decade fixed effects. Standard errors and first stage F-statistics are calculated
clustering at the CBSA-decade level.
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Figure D.2: Black Migration Shock Levels Within and Between States

(a) Stacked state-level distributions, 1940-50 migration in numerator

Year range: 1940 - 1950
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(b) Stacked state-level distributions, 1960-70 migration in numerator

Year range: 1960 - 1970
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Figure D.3: Southern White Migration Shock Levels Within and Between States

(a) Stacked state-level distributions, 1940-50 migration in numerator

Year range: 1940 - 1950

0

15

30

45

60

Co
un

tie
s/

 c
ou

nt
y 

eq
ui

va
le

nt
 d

en
si

ty

-50 -25 0 25 50
Bartik shock level (Migrants over 10 yrs per 1935-40 migrant)

(b) Stacked state-level distributions, 1960-70 migration in numerator

Year range: 1960 - 1970

0

15

30

45

60

Co
un

tie
s/

 c
ou

nt
y 

eq
ui

va
le

nt
 d

en
si

ty

-50 -25 0 25 50
Bartik shock level (Migrants over 10 yrs per 1935-40 migrant)

29



Figure D.4: Central Cities Had Varying 1940 Black Migrant Exposure by State
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E Appendix Tables

Table E.1: Migration’s Additional Effects on Adoption Outcomes

OLS IV
(1) (2) (1) (2) (3)

Panel A: Effects on Large Lot Lot Size Regulation Adoption
Percentile of �CCBlack

c( j)t -0.0514 -0.0838⇤ -0.0996⇤ -0.224⇤⇤⇤ -0.162⇤

(0.0368) (0.0402) (0.0485) (0.0668) (0.0650)

Panel N 15105 12024 15105 15105 12024
Baseline mean 0.482 0.486 0.482 0.482 0.486
R2 0.0942 0.134 0.0937 0.102 0.133

Panel B: Effects on Downzoning Between Periods
Percentile of �CCBlack

c( j)t 0.0580⇤ 0.0517 0.0176 -0.0466 -0.0327
(0.0246) (0.0279) (0.0333) (0.0442) (0.0437)

Panel N 14192 11476 14192 14192 11476
Baseline mean 0.333 0.337 0.333 0.333 0.337
R2 0.00623 0.0182 0.00581 0.0113 0.0170

Census Region–Year FE X X X X X
Migration exposure shares X X X
Pre-period controls X X

Significance levels: ⇤ = 5%; ⇤⇤ = 1%; ⇤⇤⇤ = 0.1%.

Notes: This table presents regressions of central city Black composition change, as defined in Section 5.1, to
additional binary lot size outcomes defined in Section 3.1,

Reg jt = ��CCBlack
c( j),t +�t +X j,pre� + " j,c( j)t ,

using both OLS specifications and instrumenting for Black composition change with shift-share Black migration
instruments. The notes for Table 5 contain further details on the regression specifications.
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Table E.2: Migration’s Additional Effects on Bunching Mass Restrictiveness

OLS IV
(1) (2) (1) (2) (3)

Panel A: Effects on Bunching Share Restrictiveness
Percentile of �CCBlack

c( j)t 8.518⇤⇤⇤ 7.964⇤⇤⇤ 10.26⇤⇤⇤ 9.277⇤⇤⇤ 9.378⇤⇤⇤

(1.242) (1.218) (1.737) (2.025) (2.020)

Panel N 12902 10594 12902 12902 10594
Baseline mean 14.56 14.91 14.56 14.56 14.91
R2 0.102 0.138 0.101 0.112 0.138

Census Region–Year FE X X X X X
Migration exposure shares X X X
Pre-period controls X X

Significance levels: ⇤ = 5%; ⇤⇤ = 1%; ⇤⇤⇤ = 0.1%.

Notes: This table presents regressions of central city Black composition change, as defined in Section 5.1, to
additional continuous measures of lot size restrictiveness defined in Section 3.2,

Reg jt = ��CCBlack
c( j),t +�t +X j,pre� + " j,c( j)t ,

using both OLS specifications and instrumenting for Black composition change with shift-share Black migration
instruments. The notes for Table 5 contain further details on the regression specifications.
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Table E.3: Causal Effects of Demographic Changes On Lot Size Adoption

� Black � South. White � Foreigner
Reduce. IV Reduce. IV OLS

Percentile of �CC Dem
c( j)t 0.195⇤⇤⇤ 0.280⇤⇤⇤ -0.0619 -0.0715 -0.178⇤⇤⇤

(0.0343) (0.0513) (0.0326) (0.0657) (0.0387)

Panel N 12083 12024 12083 9772 12083
Baseline mean 0.698 0.647 0.421 0.364 0.397
R2 0.140 0.130 0.0893 0.0991 0.105

Census Region–Year FE X X X X X
Central city pop. exposure X X X X X
Pre-period controls X X X X X

Significance levels: ⇤ = 5%; ⇤⇤ = 1%; ⇤⇤⇤ = 0.1%.

Notes: This table presents regressions of central city composition change on lot size adoption, a binary variable
defined in Section 3.1, across measures of composition change for multiple demographic groups,

Excess jt = ��CC Dem
c( j),t +�t +X j,pre� + " j,c( j)t .

The notes for Table 6 contain further details on the regression specifications.
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Table E.4: Results in Table 5, With Early Postwar Weights

OLS IV
(1) (2) (1) (2) (3)

Panel A: Effects on Lot Size Regulation Adoption
Percentile of �CCBlack

c( j)t 0.162⇤⇤⇤ 0.0426 0.231⇤⇤⇤ 0.202⇤⇤ 0.266⇤⇤

(0.0276) (0.0324) (0.0523) (0.0754) (0.0865)

Panel N 15105 11425 14093 14093 11425
Baseline mean 0.770 0.782 0.770 0.770 0.782
R2 0.0841 0.135 0.0780 0.108 0.112

Panel B: Effects on Excess Mass Restrictiveness
Percentile of �CCBlack

c( j)t 8.008⇤⇤⇤ 5.274⇤⇤⇤ 9.547⇤⇤⇤ 10.20⇤⇤⇤ 10.65⇤⇤⇤

(0.986) (1.109) (1.672) (2.598) (2.874)

Panel N 12902 10577 12879 12879 10577
Baseline mean 6.102 6.347 6.102 6.102 6.347
R2 0.0658 0.0999 0.0582 0.0701 0.0864

Census Region–Year FE X X X X X
Migration exposure shares X X X
Pre-period controls X X

Significance levels: ⇤ = 5%; ⇤⇤ = 1%; ⇤⇤⇤ = 0.1%.

Notes: This table presents regressions of exposure to central city Black migration on lot size outcomes, following
the specifications in Table 5:

Reg jt = ��CCBlack
c( j),t +�t +X j,pre� + " j,c( j)t ,

additionally reweighing the sample by surviving units in the jurisdiction built from 1930-1950, as a share of
properties from that period across the CBSA. The notes for Table 5 contain further details on the regression
specifications.
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Table E.5: Effects in Table 6, With Early Postwar Weights

� Black � South. White � Foreigner
Reduce. IV Reduce. IV OLS

Percentile of �CC Dem
c( j)t 5.087⇤⇤⇤ 10.65⇤⇤⇤ -0.795 -1.367 -2.330

(1.331) (2.874) (0.883) (3.644) (1.294)

Panel N 10615 10577 10615 8716 10615
Baseline mean 0.698 0.647 0.421 0.364 0.397
R2 0.0988 0.0864 0.0426 0.0205 0.0532

Census Region–Year FE X X X X X
Central city pop. exposure X X X X X
Pre-period controls X X X X X

Significance levels: ⇤ = 5%; ⇤⇤ = 1%; ⇤⇤⇤ = 0.1%.

Notes: This table presents regressions of central city composition change on lot size restrictiveness, a continuous
measure defined in Section 3.2, across measures of composition change for multiple demographic groups,

Excess jt = ��CC Dem
c( j),t +�t +X j,pre� + " j,c( j)t

additionally reweighing the sample by surviving units in the jurisdiction built from 1930-1950, as a share of prop-
erties from that period over a CBSA. The notes for Table 6 contain further details on the regression specifications.
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Table E.6: Effects in Table E.3, With Postwar Weights

� Black � South. White � Foreigner
Reduce. IV Reduce. IV OLS

Percentile of �CC Dem
c( j)t 0.124⇤⇤⇤ 0.266⇤⇤⇤ -0.0277 -0.0605 -0.100⇤⇤

(0.0386) (0.0865) (0.0277) (0.0431) (0.0362)

Panel N 11473 11425 11473 9292 11473
Baseline mean 0.698 0.647 0.421 0.364 0.397
R2 0.152 0.112 0.108 0.0694 0.113

Census Region–Year FE X X X X X
Central city pop. exposure X X X X X
Pre-period controls X X X X X

Significance levels: ⇤ = 5%; ⇤⇤ = 1%; ⇤⇤⇤ = 0.1%.

Notes: This table presents regressions of central city composition change on lot size adoption, a binary variable
defined in Section 3.1, across measures of composition change for multiple demographic groups,

Excess jt = ��CC Dem
c( j),t +�t +X j,pre� + " j,c( j)t

additionally reweighing the sample by surviving units in the jurisdiction built from 1930-1950, as a share of
properties from that period across the CBSA The notes for Table 6 contain further details on the regression spec-
ifications.
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Table E.7: Robustness of Migration’s Effects On Lot Size Adoption

(1) (2) (3) (4)

Pctile. �CCBlack
c( j)t (OLS) 0.152⇤⇤⇤ 0.157⇤⇤⇤ 0.153⇤⇤⇤

(0.0312) (0.0324) (0.0347)
�CCBlack

c( j)t (OLS) 0.0118⇤⇤⇤

(0.00237)

Panel N 12024 12024 11921 11884
R2 0.133 0.134 0.135 0.134

Pctile. �CCBlack
c( j)t (IV) 0.280⇤⇤⇤ 0.264⇤⇤⇤ 0.316⇤⇤⇤

(0.0513) (0.0469) (0.0600)
�CCBlack

c( j)t (IV) 0.0264⇤⇤

(0.00645)

Panel N 12024 12024 11921 11884
R2 0.130 0.131 0.130 0.127

Main specification controls X X X X
Southern white IV control X
Suburban growth control X
No pctile transformation X

Significance levels: ⇤ = 5%; ⇤⇤ = 1%; ⇤⇤⇤ = 0.1%.

Notes: This table presents alternate specifications showing results in Table 5 are robust where lot size adoption is
the outcome variable. I show three alternative regression specifications also in Table 7 in which main results re-
main statistically significant. I exclude misspecification models that do not apply to the binary adoption outcome.
The notes for Table 7 contain further details on the regression specifications.
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Table E.8: Other Anti-Discrimination Laws Do Not Explain Effects

Lot Size Adoption Excess Mass Restrictiveness
OLS IV OLS IV

Panel A: Total Anti-Discrimination Laws
Percentile of �CCBlack

c( j)t 0.120⇤⇤⇤ 0.203⇤⇤⇤ 0.329⇤⇤⇤ 7.647⇤⇤⇤ 3.926⇤⇤⇤ 6.782⇤⇤⇤

(0.0327) (0.0402) (0.0451) (0.955) (1.140) (1.241)
Percentile of �CCBlack

c( j)t 0.000 0.000 -0.002 -0.0382 0.074 -0.005
⇥Anti-Discrim Laws (0.00135) (0.00147) (0.00159) (0.0418) (0.0465) (0.0448)

Anti-Discrim Laws 0.001 0.001 0.002 0.0488 -0.0347 0.0223
(0.00117) (0.00115) (0.00131) (0.0324) (0.0367) (0.0357)

Panel N 11958 15030 11958 10537 12842 10537
Baseline mean 0.783 0.771 0.783 6.352 6.105 6.352
R2 0.127 0.0769 0.104 0.0988 0.0496 0.0788

Panel B: Total Fair Labor Laws
Percentile of �CCBlack

c( j)t 0.132⇤⇤⇤ 0.249⇤⇤⇤ 0.367⇤⇤⇤ 6.972⇤⇤⇤ 2.860⇤⇤ 6.170⇤⇤⇤

(0.0369) (0.0406) (0.0469) (0.980) (1.015) (1.181)
Percentile of �CCBlack

c( j)t -0.0103 -0.0345⇤⇤ -0.0359⇤ 0.407 1.440⇤⇤ 0.814
⇥# Labor Laws (0.0104) (0.0108) (0.0145) (0.367) (0.493) (0.537)

# Labor Laws 0.0219⇤⇤ 0.0303⇤⇤⇤ 0.0362⇤⇤⇤ -0.160 -0.792⇤⇤ -0.476
(0.00787) (0.00752) (0.00961) (0.236) (0.293) (0.322)

Panel N 11958 15030 11958 11963 10537 12842
10537
Baseline mean 0.783 0.771 0.783 0.783 6.352 6.105
6.352
R2 0.130 0.0791 0.107 0.108 0.0989 0.0545
0.0798

Census Region–Year FE X X X X X X
Central city pop. exposure X X X X X X
Pre-period controls X X X X

Significance levels: ⇤ = 5%; ⇤⇤ = 1%; ⇤⇤⇤ = 0.1%.

Notes: This table presents heterogeneous effects by 1950 anti-discrimination legislation across non-Southern
states. I estimate interacted effects in the regression model:

Reg jt = ��CCBlack
c( j),t +↵

ADE ADE States( j) + �ADE�CCBlack
c( j),t ⇥ ADE States( j)

+�t +X j,pre� + " j,c( j)t ,

on the lot size adoption and restrictiveness effects in Table 5. I use two measures of 1950 legislation: the number
of fair labor laws recorded by Murray (1950) and the total number of anti-discrimination laws in the same book,
as recorded by Cook et al. (2022). The notes for Table 8 contain further details on the regression specifications.
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Table E.9: Effects in Table 8, With Postwar Weights

Lot Size Adoption Excess Mass Restrictiveness
OLS IV OLS IV

Percentile of �CCBlack
c( j)t 0.00984 0.180⇤ 0.243⇤⇤ 3.696⇤⇤ 3.699 4.739

(0.0402) (0.0707) (0.0779) (1.304) (2.516) (2.708)
Percentile of �CCBlack

c( j)t 0.093 0.0939 0.0834 4.596⇤ 9.622⇤⇤ 10.04⇤⇤

⇥1[ADE state] (0.0612) (0.097) (0.107) (1.818) (3.364) (3.364)

1[ADE state] -0.0801 -0.0569 -0.0793 -2.208 -4.616⇤ -4.906⇤⇤

(0.0542) (0.0652) (0.0687) (1.244) (1.745) (1.854)

Panel N 11365 14030 11365 10520 12819 10520
Baseline mean 0.783 0.771 0.783 6.352 6.105 6.352
R2 0.134 0.0783 0.0856 0.0972 0.0508 0.0601

Census Region–Year FE X X X X X X
Central city pop. exposure X X X X X X
Pre-period controls X X X X

Significance levels: ⇤ = 5%; ⇤⇤ = 1%; ⇤⇤⇤ = 0.1%.

Notes: This table presents heterogeneous effects by 1950 state-level public education policies on the lot size
restrictiveness effects in Table 5. I define 16 states that were early adopters of an anti-discrimination law in
public education (“ADE state”), as recorded by Murray (1950). I then estimate the interacted the regression
model:

Reg jt = ��CCBlack
c( j),t +↵

ADE ADE States( j) + �ADE�CCBlack
c( j),t ⇥ ADE States( j)

+�t +X j,pre� + " j,c( j)t .

additionally reweighing the sample by surviving units in the jurisdiction built from 1930-1950, as a share of
properties from that period across the CBSA. The notes for Table 8 contain further details on the regression
specifications.
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Table E.10: Table 8 Effects Not Driven by Particular States

(1) (2) (3) (4)
Percentile of �CCBlack

c( j)t (OLS) 5.782⇤⇤⇤ 5.886⇤⇤⇤ 5.694⇤⇤⇤ 5.368⇤⇤⇤

(1.059) (1.067) (1.042) (1.081)
Percentile of �CCBlack

c( j)t 3.541⇤ 3.246⇤ 2.954⇤ 3.108
⇥1[ADE state] (OLS) (1.581) (1.648) (1.254) (1.711)

1[ADE state] (OLS) -2.208⇤ -1.988 -1.928⇤ -2.100⇤

(1.024) (1.067) (0.831) (1.067)

Panel N 10537 9827 8822 9634
R2 0.0988 0.0958 0.0980 0.0972

Percentile of �CCBlack
c( j)t (IV) 4.177⇤ 4.178⇤ 3.500⇤ 4.736⇤⇤

(1.629) (1.633) (1.622) (1.625)
Percentile of �CCBlack

c( j)t 6.172⇤⇤ 5.725⇤ 6.134⇤⇤ 6.008⇤

⇥1[ADE state] (IV) (2.239) (2.262) (2.099) (2.350)

1[ADE state] (IV) -4.196⇤⇤ -3.928⇤ -4.302⇤⇤ -4.221⇤⇤

(1.575) (1.600) (1.499) (1.609)

Panel N 10537 9827 8822 9634
R2 0.0787 0.0752 0.0739 0.0767
Controls X X X X
No MA, NJ X
No NY X
No adoptions in 1920-1940 X

Significance levels: ⇤ = 5%; ⇤⇤ = 1%; ⇤⇤⇤ = 0.1%.

Notes: This table presents heterogeneous effects by 1950 state-level public education policies in Table 8, subject
to other sample specifications as described in Section 7.3. As in Table 7, I present OLS and IV estimates for each
sample specification. The notes for Table 8 contain further details on the regression specifications.
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F Appendix Exhibits

Figure F.1: Distribution of Properties Around Estimated Bunching Bins

Notes: This figure plots the number of properties whose lot sizes are around the bunching bins detected in Section
2, and which Corelogic tracks as built after the estimated year of adoption. The sample includes properties built
from 1925 to the present, covering 7153 distinct zoning jurisdictions. Histogram bandwidths are defined over
the constant partition of lot ranges listed in Appendix Section B.
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Figure F.2: Lot Size Adoption Linked With Black Composition Change

Notes: This figure plots reduced form, nonparametric relationships between the shift-share instrument described
in Section 5.3 and a dummy indicating if the jurisdiction adopted lot size controls around the decade’s second half.
The source data is a panel of non-central city jurisdictions in CBSAs outside of 14 Southern states. The instrument
is first transformed from levels to percentiles of each decade’s distribution, as in Derenoncourt (2022), then
residualized on share exposure variables as described in Section 5.3 and additional controls. Control variables
include the CBSA central city’s manufacturing share, and analysis sample cities’ 1940 black share, homeownership
rates and distance to CBD, interacted by period. Reported standard errors are clustered at the CBSA-decade level.
Sources: Calculations from NHGIS Tables (Manson et al. (2021)), Ruggles et al. (2022), CCDB, IPUMS 1940 full
count Census (Ruggles et al. (2021)), Boustan (2016), Derenoncourt (2022) and CoreLogic Tax Records.
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Figure F.3: Share of Extensive Margin Outcomes Explained by Black Composition Change

Notes: This figure presents an aggregation exercise, converting the regression coefficients estimated in Table 5
into how much the Second Great Migration explained lot size outcomes in non-Southern metropolitan areas. The
aggregation is a three-step procedure detailed in Section 6.2. Outcomes are binary outcomes on the extensive
margin of which lot size controls were adopted, as defined in Section 3.1. The specifications used include the
full set of controls explained in Table 5. 95% confidence intervals are bootstrapped using random weights on
CBSA-decade clusters, following the Bayesian bootstrap of Rubin (1981). For each outcome, I display the sample
sizes for the regression specifications and the housing construction-weighted averages for each outcome.

43



Figure F.4: Share of Restrictiveness Outcomes Explained by Black Composition Change

Notes: This figure presents an aggregation exercise, converting the regression coefficients estimated in Table 5
into how much the Second Great Migration explained lot size outcomes in non-Southern metropolitan areas. The
outcomes in this figure are continuous measures of lot size restrictiveness as defined in Section 3.2. The notes for
Figure F.3 contain further details on aggregated estimates.
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Figure F.5: Share of Extensive Margin Outcomes Explained by Black Composition Change, Early
Postwar Weights

Notes: This figure presents an aggregation exercise, converting the regression coefficients estimated in Table E.4
into how much the Second Great Migration explained lot size outcomes in non-Southern metropolitan areas.
Compared to Figure F.3, the regression coefficient changes because it is estimated from a regression using early
postwar housing construction weights. The notes for Figure F.3 contain further details on aggregated estimates.
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Figure F.6: Share of Restrictiveness Outcomes Explained by Black Composition Change, Post-
war Weights

Notes: This figure presents an aggregation exercise, converting the regression coefficients estimated in Table E.4
into how much the Second Great Migration explained lot size outcomes in non-Southern metropolitan areas.
Compared to Figure F.4, the regression coefficient changes because it is estimated from a regression using early
postwar housing construction weights. The notes for Figure F.3 contain further details on aggregated estimates.
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Figure F.7: States by 1950 Anti-Discrimination Legislation

Notes: This bivariate map plots two variables based on data in Murray (1950). Non-Southern states are catego-
rized based on whether they passed a law prohibiting discriminaton in public education by 1950 (pink vs. green),
and then on a continuous scale by the number of anti-discrimination laws as coded in Cook et al. (2022).
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Figure F.8: Lot Size Outcomes — Black Composition Change Across Legal Regimes

(a) Effects on Lot Size Adoption

(b) Effects on Excess Mass Restrictiveness

Notes: The two panels of this figure plot reduced-form, nonparametric relationships based on the interacted
regression specification discussed in Section 7.2. I separately estimate the effect of central city Black composition
change for states that adopted an anti-discrimination law in education (“ADE”) law by 1950 and states that did
not. The X-axis variable is the Black migration instrument defined in Section 5.3. The models for all regressions
include the full set of controls as specified in Table 8.
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